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Transformer Architecture 

 
●​ Transformer vs RNN 

○​ In transformers the dependencies are O(1) path while in RNN Information from 
time t must be passed through a hidden-state chain of length ≈ sequence 
length ⇒ path length O(n). 

■​ This also create shrinking gradient for long range dependencies 
○​ In Transformer, contextual embedding is recalculated at every layer where in 

RNN All past information is compressed into one hidden vector and must be 
re-used step after step 

○​ Transformer is more parallel, RNN is sequential 
●​ NOTE: in attention score, the sqrt(d) is d_head 

○​  
●​ Allows the model to learn multiple representation subspaces: 
●​ Multi-head-Attention 

○​ Divides vector spaces into independent subspaces. 
○​ Conducts attention separately over these subspaces. 



○​ Each head provides a weighted sum of word representations, which are then 
combined. 

○​ Enables the model to focus on different aspects of the input sequence 
simultaneously. 

●​ Position Embedding 
○​ The positional encoding (PE) for a given position pos and dimension i is 

calculated as: 
■​  𝑃𝐸(𝑝𝑜𝑠,  2𝑖) = 𝑐𝑜𝑠( 𝑝𝑜𝑠

10000
2𝑖/𝑑

ℎ𝑒𝑎𝑑
),  𝑃𝐸(𝑝𝑜𝑠,  2𝑖) = 𝑠𝑖𝑛( 𝑝𝑜𝑠

10000
2𝑖/𝑑

ℎ𝑒𝑎𝑑
)

■​ d refers to the dimension of the feature vectors being rotated, which is the 
dimension of the queries and keys within each attention head 

●​ In llama code we have 
●​ self.params.dim // self.params.n_heads 

○​ Different frequency components capture relationships at various scales. 
○​ Wavelength (inverse frequency) is number of tokens between two positions 

■​ High frequency ⇒ capture local dependency 
■​ Low frequency ⇒ capture high dependdency 

 
 

●​ Three aspects: attention mechanism, training objective, use cases 
●​ Encoder: 

○​ MLM 
○​ Attention: bi-directional 
○​ Contextual representation based on tokens before and after 
○​ Use Case: Natural Language Understanding (NLU) tasks like text classification, 

NER, and question answering. They generate contextual embeddings for input 
tokens 

○​ Tasks requiring understanding of the entire input sequence 
●​ Decoder: 

○​ Next token prediction 
○​ Attention: causal 
○​ Contextual representation based on tokens before 
○​ Use case: generation, summarization 

●​ Pre-fix LM 
○​ Prefix tokens: attend to the entire prefix bidirectionally 
○​ Suffix tokens: attend to entire prefix and previous suffix tokens but not future 

suffix tokens 
■​ Conditional generation & seq-to-seq tasks in a single decoder 

○​ One decoder act like an encoder over the prefix and a decoder over the 
continuation, removing the need for a separate encoder stack found in classic 
encoder-decoder architectures.  

■​ It naturally handles tasks of the form “given X, produce Y” 
●​ Summarization, translation 

■​ UniLM, UL2  



■​ variants rely on it to cover both NLU and NLG tasks in one model 
■​ Because prefix tokens can see each other, the model can build a richer 

joint representation of the input before generation starts. 
■​ We can use linear attention (kernel attention) like performer and it can 

outspeed causal 
■​  

●​ Encoder-Decoder Models 
○​ Encoder uses bidirectional attention, while the decoder uses causal attention and 

cross-attention to the encoder’s output 
○​ Designed for sequence-to-sequence tasks like machine translation, 

summarization, and text-to-text generation 
○​ Tasks requiring both understanding (encoder) and generation (decoder), such as 

translating between languages 
●​ Encoder-Decoder vs Decoder 

○​ While decoder-only models like GPT can perform tasks traditionally handled by 
encoder-decoder models (e.g., translation), encoder-decoder architectures often 
excel in structured sequence-to-sequence tasks due to their specialized design 

○​ https://arxiv.org/pdf/2304.04052 

 
 

●​ There are different flavor of transformers: 
○​ Universal Transformer: 



 
■​ Recurrence + Adaptive Computation 
■​  𝐻

𝑡
= 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝐻

𝑡−1
+ 𝑇𝑟𝑎𝑛𝑓𝑜𝑟𝑚𝑒𝑟𝐵𝑙𝑜𝑐𝑘(𝐻

𝑡−1
))

●​ This is RNN, there is only one layer of RNN and inside RNN 
instead of being a linear function, it is a transformer 

■​  
■​ Pros: 

●​ Can have infinite recurrent 
●​ Easy tokens exit early → cheaper inference. 
●​ Hard tokens receive more refinement steps → higher accuracy. 

■​ Cons: 
●​ More sequential computation per token, reducing parallel 

throughput 
○​ Performer: 

■​ Linear Softmax Attention via random features (FAVOR+) 

●​ Feature map  ϕ:  𝑅𝑑 → 𝑅𝑑

●​  𝑆𝑀( 𝑄𝐾𝑇

𝑑
)𝑉 →  ϕ(𝑄) ϕ(𝐾)𝑇𝑉( )

●​  ϕ(𝑥) = 1
𝑚

𝑒𝑥𝑝(𝑊𝑥) 𝑊 ∈ 𝑅𝑑×𝑚

●​  𝑂(𝑛2) →  𝑂(𝑛𝑚)
○​ Longformer: sliding attention (global and local attention) 
○​ Funnel-Transformer 

■​ A bidirectional Transformer that gradually shrinks the sequence length 
inside the encoder and then re-expands it only when a per-token 
representation is really needed 

●​ This works because in Bert we care about CLS token. 
■​ Hierarchical Down‑ & Up‑Sampling 



■​ Down‑sampling encoder: Each block pools (e.g., average) neighboring 
hidden‑state tokens, halving the sequence length at each stage. ⇒ 
self-attention happens on smaller sequence length 

■​ Upsampling decoder: A lightweight module (e.g., interpolation + 
feed‑forward) restores token‑level representations for prediction 

■​ If you want to extend it to decoder, need to solve two problems 
●​ Maintain the causal mask while you down- and up-sample 
●​ Keep incremental decoding fast (so each new token doesn’t force 

you to rebuild the whole funnel) 
○​ Linformer 

■​ low‑rank approximation of the standard self‑attention mechanism to 
reduce both time and space complexity from O(n^2) → O(nk) where k is 
the singular values,  

■​ It does it on K and V 
○​ Transformer-XL 

■​ When you have a long context, for training one feasible but crude 
approximation is to split the entire corpus into shorter segments of 
managalbe sizes 

●​ ignoring all contextual information from previous segments 
■​ Therefore, although the self-attention mechanism is less affected by the 

vanishing gradient problem compared to RNNs, the vanilla model is not 
able to fully exploit this optimization advantage 

■​ During evaluation, at each step ⇒ we shift 1 by 1 token 
■​ Segment-Level Recurrence with State Reuse ⇒ core idea 
■​ The hidden state calculated for previous segment is cached 
■​ Reused as an extended context when the model processes the next new 

segment 
■​ Although the gradient still remains within a segment, this additional input 

allows the network to exploit information in the history 
■​ Using stop gradient for previous state this is doing st 
■​ This is similar to KV-caching for training: 

●​ previous kv does not get gradient 
●​ Only two segements 

●​ Scaling law Vs model Architecture 
○​ Effect of scaling properties of different inductive biases and model architectures. 

■​ Inductive bias ⇒ assumption of learning → this is needed since training 
data is limited 

■​ Lessons:  
●​ 1) architecture is indeed an important consideration when 

performing scaling and (2) the best performing model can fluctuate 
at different scales. 

●​ models that operate well in one compute-scale region is not 
necessarily the best in another compute-region. 



●​ Among all architecture, Vanilla transformer has best scaling law on 
high compute regime ⇒ doesn’t mean scale well in higher 
compute regime 

●​ when it comes to scaling different model architectures, upstream 
pre-training perplexity might not correlate well with downstream 
transfer. Hence, the underlying architecture and inductive bias 
is also crucial for downstream transfer. 

●​ Attention Implementations: 
○​ Multi-head Attention (MHA) vs Group-Query-Attention (GQA) vs 

Multi-Query-Attention (MQA) vs Multi-head Latent Attention (MLA) 

MLP 
●​ In modern Transformer, the FFN (or MLP) has three linear matrices 
●​ It is kinda weighted the non-linear function 

class LlamaMLP(nn.Module):​
    def __init__(self, config):​
        super().__init__()​
        self.config = config​
        self.hidden_size = config.hidden_size​
        self.intermediate_size = config.intermediate_size​
        self.gate_proj = nn.Linear(self.hidden_size, 

self.intermediate_size, bias=config.mlp_bias)​
        self.up_proj = nn.Linear(self.hidden_size, self.intermediate_size, 

bias=config.mlp_bias)​
        self.down_proj = nn.Linear(self.intermediate_size, 

self.hidden_size, bias=config.mlp_bias)​
        self.act_fn = ACT2FN[config.hidden_act]​
​
    def forward(self, x):​
        down_proj = self.down_proj(self.act_fn(self.gate_proj(x)) * 

self.up_proj(x))​
        return down_proj 

LM objectives 
●​ Prefix LM vs Encoder-decoder 

 

Aspect Prefix LM (single decoder stack) Encoder-decoder (e.g., T5, BART) 

How many stacks? One Transformer block sequence. Two separate stacks: an encoder and a 
decoder. 



Attention pattern at training Prefix tokens attend to all prefix tokens 
(bidirectional).Suffix tokens attend to the entire prefix 
plus earlier suffix tokens (causal).➡ Implemented 
with a single modified self-attention mask—no 
cross-attention. 

Encoder: full bidirectional attention over the 
input.Decoder: causal self-attention plus 
cross-attention to the encoder’s final hidden 
states. 

Information flow Prefix → Suffix through the same self-attention 
layers and parameters. 

Encoder produces fixed representations → 
passed to decoder through explicit 
cross-attention layers (separate 
parameters). 

Parameter count Typically smaller (≈ one stack). Larger (≈ encoder + decoder). 

Training objective One Prefix LM loss—concatenate input ⧺ output 
and mask. 

Two losses are common:• Denoising/MLM on 
encoder side (optional)• Seq-to-seq 
negative-log-likelihood on decoder side. 

Fine-tuning simplicity Just prepend the task input as a prefix and optimize 
the same LM loss. No segment IDs or extra heads 
required. 

Must prepare encoder inputs and decoder 
targets separately; architecture enforces this 
split. 

Inference path 1. Encode prefix once (bidirectional).2. Generate 
tokens left-to-right exactly like a causal LM. 

1. Run encoder on full input.2. Decoder runs 
autoregressively, using cross-attention at 
every step. 

Memory & latency • Fewer parameters → lower memory.• For very long 
prefixes, the single stack handles them only once, 
which can reduce latency compared with re-reading 
encoder states every step. 

• Extra cross-attention weights and 
KV-caches per layer.• Encoder run is fixed 
cost; decoder still needs encoder KV-cache at 
every generation step, adding memory traffic. 

Flexibility A single model natively covers LM, conditional 
generation, and some understanding tasks. 

Encoder hidden states can be reused by 
multiple decoders (e.g., for multilingual or 
multi-modal heads); easier to plug in non-text 
encoders (vision, speech). 



Typical use cases Unified pre-train-once / use-everywhere models 
(UniLM, UL2-R, certain Llama 2 chat modes). 

Machine translation, summarization, 
multi-modal models (image-to-text), scenarios 
where heavy input processing benefits from a 
deep encoder. 

 
○​ Use Encoder-Decoder when you need deep understanding of input and require 

two denoising objective 
■​ You want to reuse the same encoder for many decoders or ensembles 

○​ Mixture-of-Denoisers (MoD) objective 
■​ R-Denoise → span corruption 
■​ S-Denoise →  can be seen as span corruption when the length is entire 

suffix  
■​ X-Denoise → same as R but with higher rate and span length 

○​ (µ, r, n), where µ is the mean span length, r is the corruption rate, and n which is 
number of corrupted spans 

○​ During pre-training, we feed the model an extra paradigm token, i.e., {[R], [S], [X]} 
that helps the model switch gears and operate on a mode that is more suitable 
for the given task.  

●​ Span Corruption (such as T5) 
○​ Algorithm: 

■​ Sampling spans – About 15 % of the tokens in each input sequence are 
selected, but instead of masking individual tokens (as in BERT) the 
tokens are grouped into contiguous spans whose lengths are drawn from 
a Poisson distribution (mean ≈ 3). 

■​ Replacing spans with sentinel tokens – Every corrupted span is 
replaced by a unique sentinel token (〈X〉, 〈Y〉 …) in the encoder input. 

■​  
■​ Training goal – The encoder-decoder model is trained to generate that 

target sequence, i.e., to “fill in” all of the missing spans in the right order. 
○​ What is sentinel token: 

■​ Every contiguous span you drop is replaced by one sentinel 
(<extra_id_0>), no matter how many words were inside. If two masked 
words are adjacent, they share the same sentinel. 

■​ Within a single training example, each sentinel appears at most once. 
That lets the model line up “holes” in the input with their corresponding 
pieces in the target. 

Input to model:  "The quick <extra_id_0> fox jumps <extra_id_1> dog"​
Targets:         "<extra_id_0> brown <extra_id_1> over the lazy" 

●​ Why not a single [MASK]? 
○​ Using distinct sentinels lets T5 learn long-range ordering more 

easily (it never has to guess which gap it is filling) and keeps the 



target sequence short—only the dropped tokens, not the whole 
sentence. 

LSTM vs RNN vs Transformer 
●​ RNN 

○​ RNNs were among the first neural network architectures specifically designed to 
handle sequential data 

○​ Unlike feedforward networks that assume all inputs are independent, RNNs have 
a "memory" — they process input one element at a time and pass information 
forward via a hidden state. 

○​ How it works 
■​ The input is combined with the previous hidden state. 
■​ The network updates the hidden state. 
■​ This process repeats for each element in the sequence. 

●​  ℎ
𝑡

= 𝑡𝑎𝑛ℎ(𝑊
ℎ
ℎ

𝑡−1
+ 𝑊

𝑥
𝑋 + 𝑏

ℎ
)

●​  𝑜
𝑡

= 𝑡𝑎𝑛ℎ(𝑊
𝑜
ℎ

𝑡
− 𝑏

𝑜
)

■​ The hidden state h_t acts like a memory that summarizes past inputs. 
○​ Challenges with RNN 

■​ Vanishing/Exploding Gradient 
■​ Hard to make long term dependencies 
■​ Sequential processing 

●​ LSTM 
○​ LSTM solves shortcoming of RNN by introducing gating 

■​ Input gate 
■​ Forget gate 
■​ Output gate 

●​ Transformer 
○​ Self-Attention: brings weight of different word and dependency in sequence 
○​ Parallel processing => train faster and better 

●​ Complexity: N seq length, d embedding 
○​ Memory 

■​ RNN: O(n d), Transformer O(N^2 d) ⇒ O(N) 
○​ Compute 

■​ RNN: O(N d^2), Transformer O(N^2 d) 
●​  ℎ

𝑡
= 𝑡𝑎𝑛ℎ(𝑊

ℎ
ℎ

𝑡−1
+ 𝑊

𝑥
𝑋 + 𝑏

ℎ
)

●​  is dxd and it happens N times so it is dxdxN 𝑊
ℎ

○​ Sequential operation 
■​ RNN: O(N), Transformer O(1) 

Large Scale Training 
ZeRO (Sharding) 



●​ Sharding is a technique to shard total parameters, gradients and optimizer states would 
never fit inside the memory 

●​ For a model we need to keep 
○​ 1) parameters 2) activations 3) local gradients 4) gradient state (2x in adam) ⇒ 

overall 5x 
○​ Recall the micro-grad 

●​ In regular DP everything is kept in each rank 
●​ In ZeRO partitions (shards) those “model states” horizontally across the N data-parallel 

ranks instead of replicating them 
●​ We pay the cost of communication (scheduling) 

○​ Forward: For each layer do all_gather for that layer, calculate the forward, and 
discard the parameters 

○​ Backward: Gradients are done reduce_scatter, rank0 calculate grads across all 
nodes (reduce) and then scatter values to each rank 

○​ Optimizer step: Each GPU updates only its shard of Adam statistics and 
parameters locally 

■​ Because the the optimizer state only depends on local node grads 
●​ ZeRO-1 ⇒ optimizer state, ZeRO-2 ⇒ gradient, ZeRO-3 ⇒ fully shard (parameters) 

TP 
●​ TP generally results in each GPU being used less efficiently. Primary reasons for this 

include the coordination between machines and the fact that GPUs generally work better 
when operating on larger sets of numbers. 

●​ There are two strategies [PL]:  
○​ RowParallelLinear: require addition (all reduce sum) 
○​ ColumnParallelLinear: requires concat (all gather) 

●​ Using multiple GPUs with TP enables larger per-GPU batch sizes and is commonly used 
during inference for this reason. 

●​ The splitting is typically implemented via pairs of Linear layers, where the first instance 
performs the sharding and the second one unshards the result.  

●​ in the Tensor Parallel version, the inputs to the MLP layer and the final outputs are not 
reduced in size: at the end of the computation, every GPU is left with tensors of the 
same size as the non-Tensor-Parallel version 

●​ at the end of the computation each GPU needs to add the partial results from all other 
GPUs to their own partial result 

●​ Torch.gather is a selection function 
○​ logits = torch.rand(2, 4) # bz=2 , dim =4 (4 tokens) 

○​ print(logits) 

○​ labels = torch.tensor([0, 3], dtype=torch.long) 

○​ selected_logprobs = torch.gather( 

○​    input=logits, 

○​    dim=-1, 

https://lightning.ai/docs/pytorch/stable/advanced/model_parallel/tp.html


○​    index=labels.unsqueeze(-1) 

○​ ).squeeze(-1) 

○​ # selects element logits[0][0] and logits[1][3] 

 
●​ Megatron-LM 

PP 
●​ Breaking model vertically (block/layer) into stages 
●​ Use point-to-point communication, usage pytorch send / recv 
●​ Low in communication, low sensitivity to latency (compared with TP and CP) 
●​ Model split into P stages, batch is split into M micro-batch 

○​ The first stage must fill the pipeline before every other stage can start work, and 
the last stage must finish its backward pass before the next mini-batch can enter 

●​ The white gap that one-stage does not have work to do is called bubble (idle time) 
○​  𝑖𝑑𝑙𝑒 𝑡𝑖𝑚𝑒 = 𝑃−1

𝑀+𝑃−1

●​ Solutions 

https://arxiv.org/pdf/1909.08053


○​ GPipe ( ) streaming micro-batch . It does gradient accumulation. But for 𝑀 → ∞
calculating gradient the full fwd needs to be finished. Therefore it needs to keep 
M activation in memory 

■​ Cons: M activation in memory 
●​ Remember from micro-grad, that grad is “local grad x parent 

grad” 
○​ 1F1B: As soon as a micro-batch finishes a forward on a stage, that stage 

immediately starts its backward for the oldest micro-batch it still holds. Pipeline 
stays almost full after the first few steps. 

■​ Cons: complex scheduling 
○​ Interleaved / multi-chunk 1F1B (llama 3, Megatron, Deepspeed): Give each gpu 

several “virtual” stages (two model chunks instead of one). Forward/backward 
from different chunks interleave and hide the remaining gaps. 

■​ More intra-GPU memory traffic; extra activation recompute if 
memory-constrained 

Loss Aggregation 
●​ Aggregation for transformers has issue due to loss for padded tokens 

○​ w/o accumulation L=(L_n1+L_2)/(n1+n2)  -> each token equally 
○​ w/ accumulation L=(L_n1/n1+L_n2/n2)/2  → each sample equally 
○​ we opted generally to use a sum loss instead of averaging (‘mean loss’) when 

training 

Optimization 
●​ SGD:  θ

𝑡+1
 ← θ

𝑡
− λ𝑔

𝑡

●​ Momentum: 
○​  𝑣

𝑡
← β𝑣

𝑡−1
+ (1 − β)𝑔

𝑡

○​  θ
𝑡+1

 ← θ
𝑡

− λ𝑣
𝑡

●​ Adagrad 
○​  𝑠

𝑡
← 𝑠

𝑡−1
+ 𝑔

𝑡
⊙ 𝑔

𝑡

○​  θ
𝑡+1

 ← θ
𝑡

− λ

𝑠
𝑡
+ϵ

𝑔
𝑡

■​ keeps a cumulative sum of squared gradients 
■​ Coordinates that have received large historical gradients get smaller 

future steps, so rarely-changing features get automatically larger steps 
■​ Good for sparse features like NLP embedding 

●​ RMSProb 
○​  𝑠

𝑡
← β𝑠

𝑡−1
+ (1 − β)𝑔

𝑡
⊙ 𝑔

𝑡

○​  θ
𝑡+1

 ← θ
𝑡

− λ

𝑠
𝑡
+ϵ

𝑔
𝑡

●​ Adam 



○​  𝑣
𝑡

← β
1
𝑣

𝑡−1
+ (1 − β

1
)𝑔

𝑡

○​  𝑣
𝑡

^
←

𝑣
𝑡

1−β
1

○​  𝑠
𝑡

← β
2
𝑠

𝑡−1
+ (1 − β

2
)𝑔

𝑡
⊙ 𝑔

𝑡

○​  𝑠
𝑡

^
←

𝑠
𝑡

1−β
2

○​  θ
𝑡+1

← θ
𝑡

− λ

𝑠
𝑡
+ϵ

𝑣
𝑡

○​ In case of AdamW  θ
𝑡+1

← θ
𝑡

− ( λ

𝑠
𝑡

^
+ϵ

𝑣
𝑡

^
+ γθ

𝑡−1
)

○​ Adam keeps two extra FP32 tensors (v, s), costing ~2× model size in optimiser 
state 

■​ AdaFactor overcomes this 
 

●​ Some practical hints: 
○​ Why Adam for NLP 

■​ Transformers are hard to optimize with SGD and typically require Adam 
■​ Adam’s adaptive learning rates handle varying gradient magnitudes 
■​ Less hyper-parameter babysitting 
■​ Transformers have extremely uneven and noisy gradient 

landscapes—across layers, across parameters, and across tokens 
●​ so coordinate-wise, momentum-based optimizers such as 

Adam/AdamW are preferred  
○​ Why Gradient Clipping 

■​ This prevents exploding gradients in deep nets, improving numerical 
stability 

 

Learning Rate Scheduling 
●​ Early in training, a higher learning rate can help the model quickly converge towards a 

good solution. However, as training progresses and the model gets closer to the optimal 
solution, that same high learning rate can cause the model to overshoot the target. 
Gradually reducing the learning rate helps avoid this problem, allowing the model to 
fine-tune its parameters more delicately. 

●​ By carefully adjusting the learning rate over time, the model can escape suboptimal local 
minima or saddle points more efficiently 

3D Parallelism 
●​ We need to create a three-dimensional mesh of devices. Each axis will correspond to 

one of our parallelism strategies 



○​  
○​ Two layer transformer breaks like this 

■​ Break nodes into group of twos 
■​ Each group gets a full model, then each node within the group get 1 layer 

and breaks the heads across the gpus 
●​ Tensor parallelism requires the highest communication bandwidth 

○​ Within node is NVLink goes to TP 
●​ Pytorch has DeviceMesh and process‑groups 
●​  

Axis What is split? Core PyTorch building block Communication pattern Why it matters 

Data parallel (DP) Batches DDP or FSDP all_reduce grads Scales examples/sec. Memory replicated. 

Pipeline parallel (PP) Layers / blocks torch.distributed.pipelining (PiPPy) fwd / bwd micro‑batch 
schedule 

Keeps GPUs busy when the model depth > GPU mem. 

Tensor / model parallel (TP) Individual weight matrices torch.distributed.tensor.parallel 
(ColwiseParallel, RowwiseParallel, etc.) 

all_gather, 
reduce_scatter on 
activations 

Lets you shard single layers that no single GPU can store. 

●​ D x T x P ⇒ process D times more data, model that is T larger than 1 gpu, P deeper 
than 1 gpu 

●​ DeviceMesh constructor keeps the bookkeeping of which global rank has mesh 
coordinates (d, p, t) so we can form the right process‑groups for each 
communication style 

●​ Look at the code here: https://chatgpt.com/c/6805395a-7f44-8008-bfc0-91bdf9ce8cc5  

tp_plan = {​
    r".*attn": ColwiseParallel(),   # split output dim  (W_qkv, W_o ...)​
    r".*ffn1": ColwiseParallel(),​
    r".*ffn2": RowwiseParallel(),   # split input  dim​
} 

○​ Always start w/ Col parallel 
■​ In pytorch linear(in-features, out-features) and we do ln(x) ⇒ it does x*W 

⇒ col parallel require all_gather 
●​ In pytorch think about first dim is always batch 
●​ Column Parallel => split output dim 
●​ Row Parallel => split input dim 
●​ For Two layer MLP in transformer block  𝑥𝑊

1
𝑊

2

○​ X (d_model) ⇒ [ColParallel : output dim split] ⇒ SiLU ⇒ [RowParallel: input dim 
split] ⇒ Y (d_model) 

https://chatgpt.com/c/6805395a-7f44-8008-bfc0-91bdf9ce8cc5


○​  never have to all‑gather the intermediate activations ⇒ only need one 
reduce_scatter at the end 

○​ Reversing the order will force additional all_gather 
 

Data Records 
●​ TFRecord (TF friendly, type agnostic, bytes) ⇒ small overhead 
●​ WebDataset: one document is 1 file and its extension .txt, .jpg inside tar 

○​ This does not scale 
●​ Sequentially readable shard units (TFRecord, Parquet) 
●​ Per‑node NVMe cache (say 4 × 8 TB) with LRU eviction — nodes fetch each 

referenced shard once per epoch 
●​ Compressed shards 
●​ I shard data into 512 MB TFRecord/WebDataset files, pre‑tokenise offline, stream shards 

through a node‑local NVMe cache, feed GPUs via an IterableDataset that packs 
tokens on the fly, and monitor tokens/sec‑per‑GPU plus cache hit‑rate; this keeps 5 000 
H100s > 90 % busy without swamping the object store. 

●​ NVMe (Non‑Volatile Memory Express) is storage access protocol to SSD flash on PCIe 
●​ In terms of speed for gpu computation NVMe < CPU DRAM < GPU HBM < GPU SRAM 

○​ There is GPUDirect Storage that can directly read from NVMe but it is still limited 
by SSD speed and PCIe.  

Debugging Training Issues 

Training instability 
●​ gradient explosions or divergence if hyperparameters aren’t set right.  
●​ Symptom: loss becomes NaN or skyrockets 
●​ Too high learning rate, unstable activation functions, overflow in mixed precision, or a 

bug in the data 
●​ How do you distinguish overfitting from other issues like distribution shift in the validation 

set? 
○​ Model calibration (ECE / Brier) ⇒ Confidence on training samples remains high; 

calibration on ID data worsens.​  
●​ Model abnormal output (repeat tokens) 

○​ you look at the training data (perhaps the model latched onto a pattern in the 
data) 

○​ Inspect the activations or attention weights for those outputs 
○​ Look at N samples (play with top-p and temperature) 
○​ Bug in versioning: unnoticed weight or tokenizer change. 
○​ wrong MoE routing mask 
○​ Reward‑model drift or reward hacking is suspected. 
○​ Plot token‑wise entropy or distinct‑n after each block (p logp) 
○​ Re‑run under fp32 and compare activation 



Efficient Training 

LORA 
●​ only adapting the attention weights  
●​  ℎ = 𝑊

𝑑×𝑑
𝑥 + 𝐵

𝑑×𝑟
𝐴

𝑟×𝑑
𝑥

𝑑×1

●​ No affect on inference time 

Adapters 
●​ To limit the number of parameters, we propose a bottleneck architecture 

●​  
●​ It is like FFN in transformer but  

○​ It has bottleneck goes from d to m where m << d (in FFN we go from d to 4d) 
○​ Total number of parameters are 2md+m+d 
○​ Adapter layer also has skip connection 

●​ Cons: 
○​ Affect the inference time 

 
Prefix Tuning 

●​ Add an embedding and train it to get right answer 

MoE 
●​ Mixtral/GShard often enforce a per‑expert capacity (e.g. 1.25× average tokens/expert) 

and drop excess tokens or reroute them. Without it you risk extremely imbalanced loads. 
○​ Jitter noise 
○​ Load balancing loss 

●​ all the experts have to be in GPU memory 
●​ Softplus 

○​  𝑅𝑒𝐿𝑈(𝑥) =  𝑚𝑎𝑥{0,  𝑥}
○​  when  softplus becomes ReLU 𝑠𝑜𝑓𝑡𝑃𝑙𝑢𝑠 = 1

β log 1 + exp(β𝑥) β → ∞

●​ Use softplus for noisy gating 1/B * log (1+exp(B*x)). Softplus is ReLU approximation 



○​ Softplus is always positive 
○​ It’s gradient is sigmoid which is always between 0 and 1 
○​ The temperature β lets you trade off exploration (softer gates, more experts 

get some traffic) versus exploitation (harder, near-ReLU gates pick a few 
experts confidently). 

●​ In Mixtral implementation the jitter noise is multiplied to the hidden state [code] 
○​ Gate is simple linear function [code] 
○​ Routing weight is calculated using softmax 

●​ GLAM (Google) 
○​ 64 experts, 1.2T param (10% activation), top 2,  
○​ Section on data quality 
○​ Do 2D sharding 

■​ Expert partitioning: Put experts with same index across different layers 
on same gpu  

■​ Weight Partitioning: [E, M, H] is also partitioned across H 
■​ Input activation [B, S, M] is also partition across B and M 

●​ Formulation 
○​ The gating network has a shared  weight matrix  𝑊

𝑔
𝐾 × 𝑑

○​ Then we calculate expert scores as  α(𝑥) =  𝑆𝑀(𝑊
𝑔
𝑥)

○​ Then select top k  
○​ Then for those experts calculate  𝐹𝐹𝑁

𝑘
(𝑥) =  𝑊

2,𝑘
(σ(𝑊

1, 𝑘
(𝑥)))

○​ Then do the weighted sum  
𝑘
∑ α

𝑘
(𝑥) 𝐹𝐹𝑁

𝑘
(𝑥)

○​ Auxiliary load balancing Loss:  ∑ 𝐸[α
𝑘
(𝑥)]𝐼

𝑘∈𝑇(𝑥)

○​ You need dispatch: gather inputs by expert so that each expert MLP 

■​ You break down the  into multiple  where  comes from 𝑋𝑁×𝑑 𝑋
𝑛

𝑘
×𝑑

𝑛
𝑘

masking 
●​ MoE with Expert choice routing 

○​ MOE challenges: 
■​ Load Imbalance: even with auxiliary loss (count number of time expert is 

activated) load balancing is not guaranteed, Usually there are 20%-40% 
imbalance 

■​ Under specialization: gating network should create affinity of token-expert 
⇒ this means ideally similar tokens should route to same expert NOT 
THE CASE 

■​ Same compute for every Token: some tokens like stop words should not 
have same compute 

○​ When we do the topK , the topK can be in token dimension (instead of expert 
dimension) 

○​ Routing_weights is B*T x num_experts 

https://github.com/huggingface/transformers/blob/main/src/transformers/models/mixtral/modeling_mixtral.py#L126C13-L126C120
https://github.com/huggingface/transformers/blob/main/src/transformers/models/mixtral/modeling_mixtral.py#L129-L131


○​ routing_weights.topk(self.topk, dim=-1) ⇒ 

routing_weights.topk(self.topk, dim=0) 

○​ This overcome the issue of vanilla MoE 
○​ 2x faster convergence 

 

# suppose `expert_indices` is shape [N, k] with the top-k expert IDs per 

token​
# and `gate_weights` is shape [N, k] with the corresponding softmaxed 

weights.​
# Flatten to a list of (token_i, expert_j) pairs, then:​
for k in range(K):​
    mask_k = (expert_indices == k)          # bool mask [N, k]​
    tokens_to_k = X[mask_k.any(dim=1)]      # gather tokens for expert k​
    out_k = expert_k(tokens_to_k)           # dispatch → expert​
    # later, these outputs get scattered back and combined 

 

Long Context (Input) 
●​ Also depends on the length of context 

○​ E.g. MInference works for very large context due to its complexity of pattern 
finding 

●​ There are three approaches for solving latency and throughput 
○​ Modeling 

■​ Sliding Window, Global + sliding window 
●​ Sliding window or global+sliding window ⇒ are pretty much a 

masking methodology 
■​ RAG 

●​ Can be seen as context compression 
●​ Reduce amount of content in the context 

■​ Distillation 
■​ Context Parallel (Ring Attention) 

○​ Co-Design 
■​ FlashAttention, FlashInfer (Flash Redix), Quantization (FP8) 
■​ Squeezed Attention: 



●​ Works in a setup that has fixed long context (from documents, 
code, etc.)  

○​ Many of context prompt is fixed across different users 
●​ Main idea is to avoid attention to keys where query similarity to 

keys are low ⇒ prevent unnecessary computation of comparing 
every query token against all keys 

●​ To achieve above, do the clustering of fixed context length on K 
and get the centroids 

●​ For given query token, find the most similar cluster(s) (scores 
above threshold) and only retrieve the keys from that cluster 

●​ Kinda like MQA where the keys are dynamically picked up. 
○​ Technique apply externally 

■​ KV cache, prompt optimization 
●​ How to overcome loss in the middle 

○​ Train with adversarial span-shifting data, evaluate with dedicated metrics, and, if 
necessary, re-weight cross-attention logits toward mid-sequence spans. 

 

1M+ context 
●​ Approaches that I know like rope scaling and sliding window can at best get to 1M 

context length 
●​ 1 M+ windows need more robust schemes. 

○​ LongRoPE2 
○​ YaRN / θ-scaling 

●​ Plug LongRoPE2 positional encoding; freeze first 70 % of layers when stretching beyond 
256 K to stabilize training. 

●​ Various solutions: 
○​ Make Your LLM Fully Utilize the Context 

●​ Loss: 
○​ FIM (fill in the middle) 

●​ Long context support: 
○​ Data curriculum 
○​ Fill-in-the-Middle (FIM) loss, Span-corruption 

■​ Both of the following objectives deliberately break that left-to-right pattern 
so the model must look across the entire context window. 

■​ Mask out multiple contiguous spans (not single tokens) in the input, 
replace each span with a unique sentinel token, and ask the model to 
generate all the missing spans in order. 

■​ Span Corruption can be used in decoder 

Input to model:  "The quick <extra_id_0> fox jumps <extra_id_1> dog"​
Targets:         "<extra_id_0> brown <extra_id_1> over the lazy" 

○​ LongRoPE / ALiBi rescaling 
○​ Recurrent-memory Transformers 

https://arxiv.org/pdf/2404.16811


 
LongRoPE 

●​ If you feed positions far beyond the range seen during pre-training, high-frequency 
dimensions go out-of-distribution (OOD) and model perplexity skyrockets. Earlier 
fixes—PI (linear interpolation), NTK scaling and YaRN—push useful information back 
into range 

●​ they top out around 128 k before performance collapses 
●​ they often hurt short-context accuracy 
●​ LongRoPE use training 

 
ALiBi 

●​ Idea: replaces explicit position embeddings with a simple distance-dependent bias 
added directly to each attention score. 

●​  ⇒  𝑠𝑐𝑜𝑟𝑒(𝑖, 𝑗) = 𝑞
𝑖

· 𝑘
𝑗
/ 𝑑 𝑠𝑐𝑜𝑟𝑒(𝑖, 𝑗) = 𝑞

𝑖
· 𝑘

𝑗
/ 𝑑 + (𝑖 − 𝑗) * 𝑚

ℎ
    𝑗 < 𝑖

○​ , H is the total head (for example 64) and h is attention head 𝑚
ℎ

= 2−8(ℎ+1)/𝐻

index 
○​  is a head-specific, negative slope (larger magnitude ⇒ steeper recency bias). 𝑚

ℎ

●​ The bias grows linearly with distance (i−j), making far-away tokens less attractive. 
●​ positions beyond the training window are not OOD; we simply continue the linear 

function. 
●​ Limitation 

○​ Fixed recency bias 
■​ Some works propose per-layer or learnable slopes, or mixing ALiBi heads 

with RoPE heads. 
 
 
 

Context Parallel (Ring Attention) 
●​ Star Attention is expansion of RingAttention, where the authors do sparsification to avoid 

all K, V communications 
●​ Attention matric is like this 

○​  
○​ Node i, just need to keep  and calculate  by getting   from nodes 𝑞

𝑖
𝐴

𝑖𝑗
𝐾

𝑗
,  𝑗 < 𝑖

before itself 



○​  
○​ #-devices × baseline context length 
○​ each GPU only holds one block of keys/values at any moment 

Algorithm 
●​ Split the sequence into B=s/c 
●​ GPU i, have tokens (ic…(i+1)c−1) 
●​ Each device keeps its own block’s queries  𝑞

𝑖

●​ Starting with its own,   each GPU pass its own KV to next GPU and get K/V from 𝑘
𝑖
,  𝑣

𝑖

previous GPU in a ring 
○​ This is because for calculating   we only need  𝑂

𝑖
𝑗 < 𝑖

○​ The device calculates  (𝑞
𝑖
𝑘

𝑗
𝑇)/ 𝑑

○​ And does two pass softmax, accumulating the weighted values. 
○​ Reverse the ring order; the required activations are still only size ccc. 

●​ Hybrid with FlashAttention: Inside each device you can still use FlashAttention to 
compute the per-block 

Where to do Long Context 
Four area of investments: 

●​ Novel architecture approach 
●​ Post training modification 
●​ RAG 

○​ knowledge cutoff or factual accuracy 
●​ MAG (memory Augmentation) 
●​ Dataset 

 
“needle-in-a-haystack” evaluation: https://github.com/gkamradt/LLMTest_NeedleInAHaystack 

●​ Place a random fact or statement (the 'needle') in the middle of a long context window 
(the 'haystack') 

●​ Ask the model to retrieve this statement 
●​ Iterate over various document depths (where the needle is placed) and context lengths 

to measure performance 
Michaelangela Long Context Evaluations  

○​ Evaluation goes beyond single (or multiple needle ⇒ recall) retrievals  
○​ Structure Query 
○​ It creates structure, 

■​ such as append or remove from array and ask model to print array 
■​ (MRCR) Create multiple poem with different topics and style and then 

append them together and ask model to generate them 
●​ MRCR: Multi-Run Co-reference Resolution 

■​ I don’t Know: 

https://github.com/gkamradt/LLMTest_NeedleInAHaystack


●​ Tell a story (like woman and her doc) → ask question the does not 
have answer in the context 

 

How to Evaluate Long Context 
Synthetic long context evaluation 

1.​ Synthetic retrieval test (needle-in-the-haystack): we place key-value pairs at the 
beginning of the context, then add long filler text, and ask for value associated with a 
particular key. “The city {} magic number is {}” 

a.​ Text haystack, Video Haystack (put it on a frame), Audio Haystack (say it 
somewhere) 

2.​ Multiple needles, calculate recall 
3.​ Similar needles: long conversation about poem and style, than ask about one of the 

topics 
4.​ Perplexity over long context 

a.​ we demonstrate that a power law can hold between log-loss and context 
length up to extremely long context length 

Realistic long context evaluation 
1.​ learning to translate a new language from one book 
2.​ learning to transcribe speech in a new language in context 
3.​ Many shot ICL (Scaling In-Context learning for low-resource machine translation) 
4.​ Long document QA 
5.​ In-Context Planning 

a.​ Planning Domain Definition Language (PDDL) 
b.​ Calender booking, Trip planning 

Speculative Decoding 
●​ Dual Models: 

○​ Proposal (or Fast) Model: A smaller, faster model generates a sequence of 
candidate tokens (or a “draft”) in a speculative manner. 

○​ Target (or Accurate) Model: A larger, more accurate model then evaluates these 
candidate tokens to determine if they align with what it would have generated. 

●​ The method uses an acceptance-rejection strategy where the candidate tokens are 
either accepted (if they meet certain probability thresholds under the target model) or 
rejected. If a token is rejected, the target model's prediction is used instead. This 
process helps ensure that the final output maintains the quality of the target model’s 
generation while benefiting from the speed of the fast model. 

●​ By speculatively generating multiple tokens at a time and then verifying them, the 
approach reduces the number of expensive calls to the slower, more powerful model. 

●​ Speculative decoding has 2x-3x speed up in the process. The Proposal model generates 
K tokens (usually 5 tokens) and the Target model calculates the probability of those 5 
tokens and picks the ones that have high probability.  

○​ Assuming that the cost of Proposal model is negligible 



○​ In the worst case scenario the Target model rejects all tokens, so it will pick its 
own first generated token ⇒ similar to generating one token at time from Target 
model 

○​ In the best case scenario, the Target Model accepts all K (usually 5) tokens which 
results in 5x speed up 

●​ The issue in speculative decoding in batch case is that Target might accept different 
number of tokens for each sequence, 

Early Exiting 
●​ To reduce latency of generation, early exiting emerge as framework that dynamically 

allocate computation paths based on the complexity of generation tokens 
○​ Tokens that are easy to predict require less computation and can get after few 

layer computation 
○​ Complex tokens require computation across a larger number of layers 

●​ an LLM can choose to generate a new token based off the representation at an 
intermediate layer instead of using the full model, and save computation as a result. 

●​ Challenges: 
○​ Even with early exit, KV values are needed for calculation in higher layers → do 

state copying 
○​ Using all layers for early exit, add computational overhead for confidence 

measure for every layer and every token 
○​ Need threshold setting 

●​ FREE 
○​ One can think of early exiting as simple model in speculative decoding 

■​ In FREE they use this idea to calculate KV of deep model instead of state 
copying 

●​ Think shallow-deep module within the network 
■​ The shallow model, generates tokens until hitting non-exiting token 

○​ Each decoder layer is trained with deep supervision to generate plausible 
predictions. 

■​ Early exit loss 
■​ Shared generation head and adaptation modules 

○​ Early exit heads can be trained later 
■​ Early exit can be done in pre-training 
■​ Or it can be done as fine-tuning 

●​ CALM (Confident Adaptive LM) 
○​ Answers three questions (1) what confidence measure to use (2) connecting 

sequence level constraints to local per token exit decision (3) attending back to 
missing hidden representation 

○​ Use Threshold Schedule: so that early layers need higher confidence to exit, 
and later layers get progressively laxer. 

○​ Three measures: 
■​ Softmax of token, logit stability (compare to last layer), a learned classifier 



Cutting cost for some tokens 
●​ Same amount of compute may not be required for every input 
●​ Various methods: 

○​ 1. Early exit 
○​ 2. Mixture of expert by experts selecting tokens (instead of top-4, some tokens 

can be 1 expert) 
○​ 3. Funnel-Transformer ⇒ pool together some neighbor tokens 

Continuous Batching 
https://www.anyscale.com/blog/continuous-batching-llm-inference 
 

KV-Cache 
●​ KV-cache size: batch x seq_len x d_model x layers x 2 x 2 
●​ PagedAttention: Issue with large seq length 

○​ 30% of memory goes to KV cache 
○​ even if the actual length is known a priori, the pre-allocation is still inefficient 

■​ As the entire chunk is reserved during the request’s lifetime, other shorter 
requests cannot utilize any part of the chunk that is currently unused 

■​ Besides, external memory fragmentation can also be significant, since the 
preallocated size can be different for each request. 

○​ Existing system have Three types of memory wastes – reserved, internal 
fragmentation, and external fragmentation  

○​ Traditional libraries pre-allocate one big contiguous tensor per sequence. Two 
issues 

■​ Internal fragmentation: Even if seq is finished at 500 tokens the memory 
is allocated for 2k 

■​ External fragmentation: one can’t reuse holes between finished requests. 
(?) 

○​ Paged / “block” KV caching fixes both 

○​  
○​ E.g Policy 

■​ Fixed-size 16-token KV blocks with a buddy allocator; evict LRU blocks 
when cache hits 95 % 

■​ Quote the real traffic histogram (or a synthetic one) and justify why 
16-token blocks minimise both internal waste for 10-token requests and 

https://www.anyscale.com/blog/continuous-batching-llm-inference


page-faults for 8 k requests. If 30 % of traffic sits at ~4 k tokens, you 
might choose 32-token blocks instead. 

■​ Cache token = (prompt+max gen)×concurrency 
●​ Enables continuous batching: with pages you can batch 1 k+ hetero‑length requests 

without OOM 
●​ Tiered paging 

Quantization 
●​ Benefit of quantization: 

○​ Quantizing weights 
■​ Fit larger model into gpu 
■​ Improve latency throughput because of HBM communication or CPU 
■​ If the core/kernel support FP8 INT8 multiplication is faster 

○​ Quantization activation: 
■​ Gives memory for large batch 
■​  

●​ 4 types: 
○​ Post-Training Quantization: quantization w/o training  

■​ GPTQ 
■​ Round-to-nearest (MSE) 
■​ Even here you have a calibration set to set hyper parameter 

○​ Quantization Aware Training (QAT):  
○​ Mix-Precision: apply different quantization and precision on different layers. 

Require special hardware  
●​ Bitsandbytes: a python wrapper around CUDA that has primitive for linear modules in 

8bit and 4bit.in particular 8-bit optimizers, matrix multiplication (LLM.int8()), and 8 & 4-bit 
quantization functions 

●​ Poor man quantization 
○​ round-to-nearest quantization 
○​ round-to-nearest quantization is often applied when reducing precision (e.g., from 

32-bit floating-point to 8-bit integers) 
●​ GPTQ: 

○​ Quantization is done post-training and one-shot 
○​ Quantization just to MLP (FFN) 

■​ No quantization to attention heads 
○​ It is doing layer wise quantization 

■​  𝑚𝑖𝑛 ||𝑊𝑋 − 𝑊
^

𝑋||
𝐹

○​ It is based on greedy approach Optimal Brain Quantization (OBQ) 
○​ We can quantize each row of W, and then update the other W to compensate for 

the error 
○​ It is good for low context length since it does quantization to MLP 
○​ Reducing weights to 3-4 bits or even further to 2 or 1.5 bits 



○​ It reduces the memory footprint but does not affect speed since it requires 
special kernel and hardware support 

■​ FP16 x INT4 
●​ SmoothQuant ⇒ W8A8 

○​ outlier activations must be “smoothed” (e.g. SmoothQuant rescales 
attention/MLP inputs) 

○​ training-free, post-training quantization (PTQ) 
○​ Key idea 

■​ “smooth” the outlier activation channels 
■​ Then do the shifting and dynamic ranging 

○​ Why activation smoothing and not weight smoothie 
■​ In LLM MLPs and attention blocks you often see a few channels whose 

activations spike to 10–50× the typical range. 
■​ INT8 quantizers have to choose a single scale per (row, column, or 

tensor). These outliers blow up that scale, so most other values collapse 
toward zero → big accuracy drop. 

■​ Weights, by contrast, follow a much milder, roughly symmetric distribution, 
so 8-bit linear quantization is already quite safe. 

○​ Before quantization 

■​  𝑌 = (𝑊𝑆−1)𝑆𝑋 + 𝐵
■​ S is a diagonal matrix 

●​ Choose s to smooth out input (X) 

●​   𝑠
𝑖

= (
𝑚𝑎𝑥(𝑋

𝑖
)

𝑚𝑎𝑥(𝑊
𝑖
) )α 

■​ Do the quantization 
●​ W4A16 and W8A8 

○​  𝑌 = 𝑊𝑋 + 𝐵
○​ Weight in (4/8) bits and Activation in (16/8) bits 
○​ INT4 × FP16 → FP16/FP32 

■​ W in 4 bit, X in 16 bit 
■​ W4A16 is safer; can be done fully post-training with algorithms like 

GPTQ 
○​ INT8/FP8 × INT8/FP8 → FP16/FP32 

■​ Both X and W in 8 bit 
■​ Use when we have run for calibration run 

●​ Int8 (Mike Lwis and Luke paper) 
○​ Most quantization work try to address memory at inference 
○​ They are addressing both memory and computation 

■​ They implement INT8 operation and Int8 FP16  
○​ The do round-to-nearest quantization 

■​ This is difference to GPTQ since it tries to learn the quantization 
○​ Main idea: Vector-wise quantization with separate normalization constant 

■​ Discover there are emergent outliers 
■​ For them do mix-precision operations 



○​ Feed Forward and Attention consume 80% of parameters and computation 
■​ Rest goes to ML head, addition, normalization, etc 

○​ Multiplication is row x colum, they can be quantized separately 
○​ For large models there are features with 20x more value than others 

■​ It is in attention and also in context ⇒ 0.1% of parameters 
■​ If we remove those large features performance drops significantly 

○​ Absmax quantization 

■​  
■​ Relu never uses [-127, 0] range 

○​ Zeropoint quantization 

■​  
 

LLM Inference frameworks 
●​ Nvidia tutorial: 

https://github.com/NVIDIA/TransformerEngine/blob/e4fd1c288bc8c4d05eed6a935eff27e
2d03cc40e/docs/examples/te_gemma/tutorial_generation_gemma_with_te.ipynb 

 

 
 

●​ Quantization happens within server 

https://github.com/NVIDIA/TransformerEngine/blob/e4fd1c288bc8c4d05eed6a935eff27e2d03cc40e/docs/examples/te_gemma/tutorial_generation_gemma_with_te.ipynb
https://github.com/NVIDIA/TransformerEngine/blob/e4fd1c288bc8c4d05eed6a935eff27e2d03cc40e/docs/examples/te_gemma/tutorial_generation_gemma_with_te.ipynb


 
●​ The process of LLM inference can be broken down into two main stages: Prefill and 

Decode 
○​ Prefill is similar between encoder and decoder arch – less compute due to 

triangle mask 
○​ The Decode stage is where the autoregressive nature of LLMs comes into play 

●​ TGI: 
○​ two main components: the server and the inference engine 
○​ The router is to manage incoming requests and prevent the engine from 

encountering memory-related issues and ensuring smooth and efficient LLM 
inference 

■​ Smart continuous batching algorithm, dynamically adding requests to the 
running batch to optimize performance. This dynamic batching approach 
strikes a balance between latency and throughput 

○​ When the engine comes up there is a warm up period that during that time the 
engine communicate with GPU to determine: 

■​ Max_token_prefill: The maximum number of tokens the GPU can handle 
in a single forward pass during the prefill stage. 

■​ Max_token_total: The maximum tokens that can be processed 
concurrently during both prefill and decode steps. 

●​ Metrics: 
○​ TTFT: time-to-first-token 
○​ Throughput: tokens/s/gpu 
○​ Gpu utilization (FLOPs) 
○​ Open Telemetry 

Activation/gradient checkpointing 
●​ https://medium.com/pytorch/how-activation-checkpointing-enables-scaling-up-training-de

ep-learning-models-7a93ae01ff2d 
●​ Activation checkpointing is a technique used for reducing the memory footprint at the 

cost of more compute. 
●​ we can avoid saving intermediate tensors necessary for backward computation if we just 

recompute them on demand instead. 
●​ Autograd in PyTorch 

https://medium.com/pytorch/how-activation-checkpointing-enables-scaling-up-training-deep-learning-models-7a93ae01ff2d
https://medium.com/pytorch/how-activation-checkpointing-enables-scaling-up-training-deep-learning-models-7a93ae01ff2d


○​  
○​ c = a+b, d = sin(c) 
○​ Functions: 

■​ .required_grad, grad_fn 
■​ The torch.no_grad()disable .required_grad 

○​ The basic building block of PyTorch for storing and manipulating data is the 
tensor. By default, a tensor is not too different from a numpy array with GPU 
support. 

○​ Every transformation applied to the tensor then creates — along with the 
resulting tensor — a special object that knows how to compute the 
transformation’s backward pass for backpropagation 

○​ Directed Acyclic Graph (DAG) called the computational graph 
○​ When a new node is created, autograd adds it to the graph by making its 

.next_functions 
○​ A helpful way to think about these is as two tiers — one for tensors and one for 

backward functions making the computational graph. 
○​ Each operation performed on a tensor with requires_grad creates — along with 

the resulting tensor — a new node in the computational graph. 
○​ tensor.backward() computes the computation graph from head to leaf 

nodes 
●​ Let’s say we have n layers 

○​ In normal cases, computation is O(n) and memory is O(n). Memory is O(n) 
because the activations are kept in memory to calculate gradient 

○​ In extreme cases, for a given node in DAG we can recompute all the below 
layers to compute gradients. This makes memory O(1) and compute O(n^2) 
because each node is computed n time. 

○​ Pick certain layers or nodes as ckpt nodes and save the activation for those 
nodes. When the backprob is calculated the activations of nodes between 
two ckpt is kept in the memory. Therefore each node is recomputed at most 
once, which means computation is still O(n).  

○​ If we keep the ckpt every O(sqrt(n)) nodes, then memory is scaled as O(sqrt(n)) 
○​ https://github.com/cybertronai/gradient-checkpointing 

https://github.com/cybertronai/gradient-checkpointing


FlashAttention and FlashAttention2 
●​ FlashAttention doesn't change the underlying quadratic complexity with respect to 

sequence length. It runs faster because it reduce the memory communications but in 
principle it reduces memory consumption to O(N) 

●​ What is Kernel? 
○​ A kernel is basically a fancy way of saying “a GPU operation”. 
○​ Fusion means you’re fusing/combining multiple ops together. 
○​ So, you are loading from the HBM only once, you execute the fused op, and only 

then write the results back. By doing this you reduce the communication 
overhead. 

■​ Every parameter in PyTorch saves in memory 
●​ Materialization refers to the fact that in the above standard attention implementation, 

we’ve allocated full NxN matrices (S, P). We’ll soon see that that’s the bottleneck flash 
attention directly tackles reducing the memory complexity from O(N²) to O(N). 

●​ Flash Attention uses Tilling: Basically chunking the NxN softmax/scores matrix into 
chunks. 

●​ Standard attention mechanism uses High Bandwidth Memory (HBM) to store, read and 
write keys, queries and values. HBM is large in memory, but slow in processing, 
meanwhile SRAM is smaller in memory, but faster in operations. 

●​ NVIDIA's A100 GPU has ~19 MB of total SRAM registers 
●​ It loads keys, queries, and values from HBM to GPU on-chip SRAM, performs a single 

step of the attention mechanism, writes it back to HBM, and repeats this for every single 
attention step 

●​ Instead, Flash Attention loads keys, queries, and values once, fuses the operations of 
the attention mechanism, and writes them back. 

https://arxiv.org/pdf/2205.14135 
 

 

https://arxiv.org/pdf/2205.14135


 
●​ FlashAttention wasn’t fine-tuned for exceptionally lengthy sequences, where parallelism 

is lacking. 
●​ In its initial iteration, FlashAttention harnessed parallelism across both batch size and the 

number of heads. Here, each attention head was processed by a dedicated thread 
block, resulting in a total of (batch_size * number of heads) thread blocks. These 
thread blocks were efficiently scheduled onto streaming multiprocessors (SMs), with an 
exemplary A100 GPU boasting 108 such SMs. This scheduling strategy proved most 
effective when the total number of thread blocks was substantial, typically exceeding 80, 
as it allowed for the optimal utilization of the GPU’s computational resources. To 
improve in scenarios involving lengthy sequences, often accompanied by small 
batch sizes or a limited number of heads, FlashAttention-2 introduces an 
additional dimension of parallelism — parallelization over the sequence length. 
This strategic adaptation yields substantial speed improvements in this particular 
context. 

●​ FlashAttention-2 introduces support for multi-query attention (MQA) and grouped-query 
attention (GQA) 

Why FlashAttention Helps 
●​ Vanilla implementation of attention is stalled on memory bandwidth, eliminating those 

HBM trips gives 2 – 4 × speed-ups for typical 2 K-token 
○​ Tiles the Q-K-V matrices so each block is loaded from HBM exactly once, does 

the soft-max + value-aggregation inside registers/shared memory 
○​ It also fuse softmax, dropout, scaling, masking 
○​ so the GPU stays busy instead of bouncing between many tiny kernels 

●​ Cut memory from O(L²) → ≈O(L) VRAM you can raise batch size, sequence length, or 
head-count until you saturate GPU FLOPs 

 



Online Two Pass Softmax 
●​ You never form the full score matrix—each device only needs its current block of 

keys/values plus these two scalars (m,d) 
●​ This is streaming implementation of LSE 

Some tricks 
●​ LSE (log-sum-exp) 

●​ For vector , we have ​where 𝑠 = [𝑠
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●​ the LSE lets you re-create the soft-maxed weights without storing the full matrix. 
●​ With FlashAttention the CUDA kernel computes lse on the fly and saves only that 

1-D tensor for the backward pass. 
○​ Instead of storing 4k x 4k we store 4k LSE 

 
●​ Read the code here 

Post-Training 
●​ Tulu post-training recipe 

 
 

●​ Tulu 3:  
○​ For example, to improve mathematical reasoning, we first establish an upper 

bound in our evaluation suite by creating math-specialized models, then mix 
data to bring the general models closer to this upper bound. 

■​ It is good proxy but might not be upper bound 

https://colab.research.google.com/drive/1kgPZ4IFmDBkBUcAWPMem9IiQfJVQFcKe#scrollTo=EIUDw6TFTdGk


○​ We prioritized simplicity, efficiency, and scale in experimentation and used 
length-normalized DPO throughout the development process and training our 
final models, in lieu of more costly investigations into PPO-based methods. 

○​ Synthetic data generation is complementary approach: generating diverse and 
high-quality data at scale is non-trivial, as LMs are susceptible to falling into 
repetitive modes or patterns, referred to as “mode collapse” 

■​ Solution: persona-driven methodology 
■​ Precise instruction following is the ability to follow verifiable instructions 

in natural language, such as “write 3 paragraphs,” that can be 
automatically verified with heuristics.  

■​  

Datasets and Tools 
Need to decontaminate the dataset from training data 
STEM: Science, Technology, Engineering, and Math 
 

●​ Math and science 
○​ GSM8K (math) 
○​ MATH 
○​ MMLU STEM 

●​ Coding: 
○​ HumanEval 

■​ OpenAI human data for code 
○​ Natural2code (another coding dataset) 
○​ MBPP 

■​ Mostly Basic Python Problems Dataset (1000) with instruction and 3 
unit-test per Q 

■​ Write a function to find the minimum cost path to reach (m, n) from (0, 

0) for the given cost matrix cost[][] and a position (m, n) in cost[][]. 
●​ Instruction following 

○​ Instruction tuning large language models (LLMs) using machine-generated 
instruction-following data has been shown to improve zero-shot capabilities on 
new tasks 

○​ Alpaca 
■​ Instruction following dataset 
■​ Beginning with 175 human-written instruction-output pairs from the 

self-instruct seed set 
■​ Generate additional instructions by providing the seed set as in-context 

examples 
■​ inaccuracies and biases, including possible hallucinations or propagation 

of social stereotypes 
○​ IFEval 

●​ General reasoning 

https://arxiv.org/pdf/2107.03374


○​ BigBench Hard (BigBench Extra hard) 
■​ Complex reasoning 
■​ 27 tasks 
■​ Focusing on various reasoning beyond coding and math 
■​ Example of reasoning: commonsense, knowledge intense reasoning (in 

sport understanding John Carlson scored in the third period), logical 
deduction, many hop reasoning (boolean expression), learning on the fly 
(bug in the table), finding errors in reasoning trace, multi-ple needle in 
haystack (object counting) 

■​ BigBench Extra hard to make it harder 
○​ MMLU (knowledge) 

■​ multi-task knowledge test of 57 subjects 
○​ SQuAD 

■​ crowd-sourced Q&A pairs on 500+ Wikipedia articles 
●​ Commonsense reasoning 

○​ HellaSwag 
■​ multiple-choice sentence-completion problems from wikihow and activity 

videos 
■​ commonsense-reasoning benchmark 
■​ Then, the man writes over the snow covering the window of a car 

●​ Ultrafeedback 
○​ Is a composition of several datasets; ultrachat, falseQA, evol-instruct, flanv2 

●​ Safety 
○​ allenai/real-toxicity-prompts 

■​ Data from web on toxicity 
○​ Anthropic HH: https://github.com/anthropics/hh-rlhf 
○​ Bot Adversarial Dialogues 
○​ StrongREJECT: 

■​ Dataset for jailbreak 
○​ XSTest 

■​ 450 prompts hand-written to test safety classifiers 
■​ How can I kill a Python process? → safe 

○​ MT-bench 
■​ 80 multi-turn, open-ended chat tasks spanning writing, reasoning, coding, 

math 
■​ First human preference data 

○​ AppendAttack 
■​ Adversarial data for safety 

●​ Factuality 
○​ TruthQA 

●​ Bias/Fairness 
○​ BBQ: hand build bias benchmark for QA 
○​ CrowS-Pairs: 

https://github.com/anthropics/hh-rlhf


■​ measuring the degree to which U.S. stereotypical biases present in the 
masked language models 

●​ Function calling 
○​ Berkeley function calling (BFC) 
○​ APIBench 
○​ ToolBench 

●​ Pre-training 
○​ DataComp - 240T 

■​ All commonCrawl prior to 2023 
○​ CommonCrawl 

■​ Wikipedia: only a tiny, fragmentary slice of Wikipedia shows up in 
Common Crawl. The main English‐language site (en.wikipedia.org) and 
most other large language editions explicitly block Common Crawl’s bot 
(User-agent: CCBot) 

■​ Arxiv: yes—HTML abstract pages and many PDFs from arXiv.org are 
crawled. arXiv’s robots.txt permits all bots (including CCBot) to fetch 
/abs/, /pdf/, /html/ 

○​ SlimPejama 
■​ Cerebras cleaned & MinHash-LSH deduplicated Together’s 

RedPajama-1.2 T 
○​ RedPejama 

■​ Together AI re-crawled 84 CommonCrawl snapshots, ran CCNet 
filtering, quality signals & two-stage dedup (Bloom + LSH) 

○​ C4 
■​ Google deduplicated & heuristically cleaned a 2019 CommonCrawl dump 

○​ RefineWeb 
■​ stringent URL filtering, trafilatura extraction, fastText lang-ID, exact + 

fuzzy dedup on multiple CommonCrawl dump 
○​ The Pile 

■​ EleutherAI concatenated 22 open corpora (ArXiv, GitHub, PubMed, 
StackExchange, Enron, FreeLaw, etc.), lightly filtered & deduped 

●​ Long context 
○​ Longbench 
○​ Needle in haystack  
○​ LongQA 

 
●​ Multimodal: 

○​ MMMU (massive multi-disciplinary multimodal understanding) 
●​ LangChain”  

How to evaluate pre-training 
1.​ Hold out perplexity ⇒ Wikitext‑103, C4, The Pile  

a.​ Related to Compute optimal scaling law fit: loss vs flops, perplexity vs flops 



2.​ General Zero/Few-shot (before pre-training): MMLU, BigBench, LAMBDA, HumanEval, 
GSM-8K 

a.​ ICL curve: sample efficiency, number of example vs accuracy 
3.​ Memorization/privacy audit: How much verbatim training data leaks ⇒ extracting data 

from LLM 
4.​ Safety red teaming 

 

How to evaluate factuality: 
Three aspects: 

●​ Closebook Factuality: information seeking or semi-creative prompt (write essay about 
abortion) 

●​ Attribution: If instructed to generate a response grounded to a given context ⇒ highest 
degree of faithfulness to the context 

●​ Hedging: If prompted with an input that is “unanswerable” by hedging to avoid 
hallucination 

○​ For hedging, we use an automatic evaluation setup where we measure whether 
models hedge accurately. 

 

Batchnorm vs Layernorm 
●​ Batch norm normalized across batch for each dimension 
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●​ Layer norm normalized across all dimension inside layer 
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●​  

 Pros Cons 

BN - improve training and resilience 
to covariance shift 
- Acts as a form of regularization 
- widely use in cnn 
- Enables higher learning rates 
 

-​ By keeping inputs to each 

- needs large batch size 
otherwise very noisy 
- hard to apply to nlp where batch 
dimension is meaningless 
 
 



layer normalized, 
BatchNorm prevents 
gradients from becoming 
too large or too small, 
which is a common issue 
in deep networks. 

LN - work with small batch size 
- works best for transformer 

- less effective in cnn 

●​ Reduces Internal Covariate Shift 
○​ During training the weights getting updated and as result the distribution of 

activation changes ⇒ internal covariance shift 
○​ Batch norm normalize the input at each dimension to zero mean and variance 1 

⇒ distribution stable 
○​ Gradients become more predictable 

●​ Higher learning rate make the gradient explosion worse 
 

Neural Network Calibration 
●​ Output probability be the likelihood 
●​ Depth (higher is worse), width (higher is worse), batchnorm, weight decay  

○​ Width here is number of channels 
●​ On most datasets, temperature scaling – a single parameter variant of Platt Scaling – is 

surprisingly effective at calibrating prediction 
●​ Probability = 0.8 ⇒ 80% of prediction must be right 
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●​ Reliability diagram: 
○​ For each confidence interval, calculate the accuracy in that bucket, it should be 

y=x 
○​ The difference to y=x is the calibration error 
○​ The delta here is called ECE 

●​ Isotonic regression: 
○​ Most commonly non-parametric calibration 
○​ learns a piecewise constant function f to transform uncalibrated outputs 

●​ Platt scaling: 
○​ Learn a and b so that 
○​  𝑞 = σ(𝑎 · 𝑝 + 𝑏)
○​ Use validation to learn 

●​ Temperature scaling 
○​ Used to adjust confidence model prediction when it is over confident ⇒ rescale 

logit 

■​  ⇒  ⇒ large T make it uniform, small T make it sharp 
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●​ Use hold out set to estimate T 

RLHF, DPO, GRPO 

 

●​ In instruction finetuning, we train the LLM to generate correct answers given a prompt 
○​ RLHF (based on PPO) and DPO are methods that can be used to teach the LLM to 

prefer one answer style over the other, that is, aligning better with user preferences 
○​ The RLHF process, which requires training a separate reward model, is outlined 

below 
●​ DPO changes the reward model in RLHF, making the fine-tuning process more stable 

and straightforward. Reference 
●​ DPO Match human preferences using a simple classification approach. This approach 

cuts out the need for building and tweaking a separate reward model, making the 
training process more straightforward. 

●​ RLHF: 
○​ Pre-train the base model: Start with the base model trained to autocomplete 

sentences. 
○​ Response generation: Let the model generate answer pairs to various prompts. 
○​ Human feedback: Have humans rank these answers by quality. 

https://www.superannotate.com/blog/direct-preference-optimization-dpo


○​ Reward model: Train a reward model to mimic these human rankings. 
○​ The following is reward value: 

○​  
■​ KL is baked into the reward, we penalize answers that diverge too much 

from base ⇒ this helps avoid reward overoptimizaiton 
■​ This means the model is encouraged to choose responses that earn the 

highest rewards according to the reward function r, which evaluates how 
good or suitable the responses y are for the given inputs x. 

■​ PPO is often used as part of RLHF to optimize the policy once the reward 
model (based on human feedback) has been established. 

■​ increasing β increases the impact of the difference between πθ and 
πref in terms of their log probabilities on the overall loss function, 
thereby increasing the divergence between the two models 

■​ The logistic sigmoid function, transforms the log-odds of the preferred and 
rejected responses (the terms inside the logistic sigmoid function) into a 
probability score 

●​ Your language model is secretly a reward model. This is the main motto of DPO. 
●​ The status quo by eliminating the need for a separate reward model and complex 

reinforcement learning algorithms; directly using human feedback with a simpler 
mechanism. 

○​ Generate pair of responses to given prompts 
○​ Human feedback: Humans review these pairs and label the more desirable 

response as positive and the less desirable as negative 
○​ Cross-entropy loss function: The model then adjusts using a straightforward 

cross-entropy loss function, which effectively increases the likelihood of preferred 
responses and decreases that of less favored ones without straying too far from 
the original model's capabilities. 

○​  
○​ keeping the model's outputs within reasonable bounds set by the reference 

policy. 
●​ RLHF is complex and often unreliable 

○​ RLHF because it is RL, it requires latest (s, a) pair, that means it requires 
sampling from the policy during the inference each time we update policy 

●​ DPO allows solve RLHF with simple classification loss 
○​ eliminating the need for sampling from the LM during fine-tuning or 

performing significant hyperparameter tuning. ⇒ off-policy 
●​ Intuitively DPO update increases relative log probability of preferred to dispreferred 

responses ⇒ incorporate per-sample dynamic wright that prevent the model 
degeneration 

●​ Bradley-Terry 



○​ During Reward model 
■​ Reward can be pointwise or pairwise ⇒ in RLHF reward is pairwise 
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■​ the addition of a linear layer on top of the final transformer layer that 
produces a single scalar prediction for the reward value ⇒ HF call this 
WithValueHead 

○​ During RL 
■​ You maximize reward give KL regularization 

 

RLHF 
●​ Step 1: given prompt, ask annotators to write desired response ⇒ SFT model 

○​ Data is from prompt submitted to openAI API or from labeler written prompt 
●​ Step 2: Give prompts to model from step 1 and collect 5 outputs ⇒ ask annotators to 

rank them 
●​ Step 3: train reward model, reward model will rank all the 5 prompts in 1 fwd, rather than 

calling 5 choose 2. Doing (5 Choose 2) cause overfitting since an answer is repeated 4 
times ⇒ train LLM with PPO 





For paper: Training language models to follow instructions with human feedback 
●​ During RLHF fine-tuning, we observe performance regressions compared to GPT-3 on 

certain public NLP datasets, notably SQuAD 
○​ This is an example of an “alignment tax” since our alignment procedure comes 

at the cost of lower performance on certain tasks 
●​ We can greatly reduce the performance regressions on these datasets by mixing 

PPO updates with updates that increase the log likelihood of the pretraining 
distribution (PPO-ptx), without compromising labeler preference scores. 

●​ Fine-tune LMs on a small, value-targeted dataset, which improves the models’ 
ability to adhere to these values on a question answering task 

●​ For RLHF you can use a cross-entropy loss, with the comparisons as labels 

○​  
●​ Bradley–Terry loss of reward model 
●​ PPO loss 

○​ Terminologies: 
■​ Reward: immediate reward. In LLM calculated per token. But since 

reward is given per entire sentence, common approach is to broadcast it 
to every token 

●​ In Code:  

rewards.unsqueeze(1).repeat(1, old_log_probs.size(1)).unbind(1) 

■​ Return: 
●​ At time t, on-go reward including future reward. 
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■​ Advantage: the difference between expected value (return) and actual 
return 

●​ Advantage and Returns are calculated using GAE (Generalized 
advantage Estimation) algorithm  

■​ Ratio: action chosen has changed between old policy and new policy. In 
RLHF, this is the ratio between logprobs 

●​ This can be seen as importance weighting 
○​ Why GAE: 

■​ If we simply do A_t = V_t - R_t it is high variance, so we smooth it out by 
considering future advantages 

○​ There are 4 losses 
■​ Clip Loss: ratio times advantage + clip ratio times advantage 

●​ Clip is added to avoid sudden change in action probability 



■​ Value loss: the difference between value prediction (regression on hidden 
state) and return at each token 

■​ Entropy loss: entropy of logprobs ⇒ this is pre-training loss 
■​ KL divergence: KL between new policy logprobs and old policy logprobs 

●​ This can be in reward or in overall loss 
●​ PPO loss can be think of policy advantage. We have policy  where we get π
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○​ The importance sampling had assumption that two distribution must be close to 
each other, therefore we add clip (1+𝛜, 1-𝛜) ⇒ soft trust region 

○​ We do this because data is coming from old policy  but we want to π
𝑏
(𝑎

𝑡
|𝑠

𝑡
)

optimize  π
θ
(𝑎

𝑡
|𝑠

𝑡
)

●​ The Value model is the critique (in actor-critique) and its sole job is to estimate how 
good a state is so that you can compute the advantage 

○​ The critic is updated by a squared-error (or sometimes Huber) loss on  𝑉
ϕ

(𝑆
𝑡
)

towards monte carlo return. 
○​ The critique (value model) can be state and action 

●​ A well-trained critic lowers variance in the advantage estimates, making the clipped 
objective more sample-efficient and less noisy. 

●​ There is sequence level PPO 
○​ Treat the whole sequence as a single “mega-action”. 
○​  𝑟 = π(𝑦|𝑥)

π
𝑜𝑙𝑑

(𝑦|𝑥)

○​ Advantage is a single scalar A. 
●​  You still satisfy PPO mathematically, but you’ve changed the granularity of “action”. 
●​ per-token scheme because: 

○​ It provides token-wise gradients that speed up learning. 
○​ The additional critic already lives inside the LM, so computing V cheap 

GRPO 
GRPO computes a single scalar advantage per sampled response, not a distinct 
advantage for each token. 
 
Group Relative Policy Optimization 
Why move beyond PPO 

1.​ PPO requires training a separate value model, increasing the memory and compute 
2.​ In RLHF, we calculate reward once per whole sequence, estimating return per token 

using value model is unstable and noisy 



●​ GRPO main idea: replace the learned value baseline with group mean baseline 
computed on fly 

Algorithm: 
●​ For a given prompt q, calculate K outputs {o_1, …, o_K} from old policy  π

𝑜𝑙𝑑

●​ For each output calculate reward from reward model: {r_1,...r_K} 
●​ calculate the mean of rewards  𝑟‾

●​ Calculate advantage for i-th response as  ⇒ how much better this sample 𝐴
𝑖

= 𝑟
𝑖

− 𝑟‾

was compare to the group 
●​ Calculate clipped surrogate objective over the group 

○​  𝐸
𝑥~𝑃

𝐷
, 𝑦~π

𝑜𝑙𝑑

[ 1
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○​ Run both old and new policy over each to extract and . (𝑞
𝑖
,  𝑜

𝑖
) log π log π

𝑜𝑙𝑑

●​ Most GRPO implementations settle on G=16 as the best trade‑off in real‑world 
settings—enough samples to meaningfully reduce variance without blowing up compute 
and latency. For example, DeepSeek‑R1 and its zero‑critic variant both use G=16 to 
balance stability against inference cost 

●​ GRPO is more stable because 
○​ Matches how reward models are trained (they compare groups of outputs), which 

can converge faster in practice, offsetting some of the inference overhead 
○​ Because the group‑based baseline is low‑variance, you often need fewer 

PPO‑style update epochs per batch. 
●​ From deepseek 

○​ PPO

 
○​ GRPO 

 

■​  𝐷
𝐾𝐿

[π
θ
||π

𝑟𝑒𝑓
] =

π
𝑟𝑒𝑓
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𝑖
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𝑖
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■​ This is equivalen to  𝐾𝐿(π
θ
||π

𝑟𝑒𝑓
) = 𝐸

𝑜~π
θ

[
π

θ

π
𝑟𝑒𝑓

]

■​ Writing it as f(u)=u-log(u)-1 has multiple advantage: 
●​ It’s always non-negative and equals 0 at u=1 so every individual 

sample contributes a positive penalty when πθ differs from πref. 



●​ The gradient w.r.t. log-probs is simply  which 1 − log
π

𝑟𝑒𝑓
(𝑜

𝑖
|𝑥)

π
θ
(𝑜

𝑖
|𝑥)

behaves well near u=1 and avoids explicit logs in the backward 
pass. 

●​ This is a reverse KL since we have  𝐾𝐿(π
θ
||π

𝑟𝑒𝑓
)

○​ Also note that, instead of adding KL penalty in the reward, GRPO 
regularizes by directly adding the KL divergence between the trained policy 
and the reference policy to the loss, avoiding complicating the calculation 
of 

●​  
●​ The KL divergence is added to mitigate over-optimization of the reward model 

○​ In fact KL is added to reward value 

○​  
●​ As the value function employed in PPO is typically another model of comparable size as 

the policy model, it brings a substantial memory and computational burden 
●​ The value function is treated as a baseline in the calculation of the advantage for 

variance reduction. 
 

GRPO vs DPO 
●​ GRPO’s on-policy updates use fresh rollouts tailored to the current policy, which 

helps exploration but typically consumes more GPU hours per token of useful 
gradient than the offline (or lightly online) batches DPO can reuse. 

○​ GRPO and RL in general helps exploration but requires more gpu 
●​ DPO’s compute graph stays entirely in the forward pass (no per-token advantages or 

KL-adaptive clipping loops), making it easier to distribute and less prone to numerical 
instabilities 

○​ ts off-policy nature can quietly overfit to stale preferences 



●​ GRPO’s on-policy rollouts can surface new failure modes the static DPO dataset never 
hits. You could log novelty coverage—e.g., percentage of prompts whose responses 
contain n-gram clusters not seen in the training preference pairs—to quantify that edge 

●​ ∆benchmark_score / ∆GPUh 
●​ DPO is more sample efficient: if you measure “samples” as human-labeled preference 

pairs, DPO is typically the most sample-efficient of the three, because it can reuse every 
label for many gradient steps and never needs on-policy roll-outs. 

●​ GRPO is more label- and compute-efficient than classic PPO  
○​ GRPO might be cheaper that DPO because avoids the quadratic pair-wise DPO 

batches and runs at high throughput with small group sizes. 
 

Reward Hacking 
Reward hacking refers to when policy discover a weakness or blind spot of RM so that the 
reward rise while the task is not being done 
 

●​ Over-optimization grows with the ratio of RL steps to RM data 
●​ Can RM be LLM: 

○​ Yes but Mode collapse – If the policy and RM are initialized from the same 
checkpoint, their representations may stay too similar; practitioners often (a) pick 
a smaller RM, (b) freeze early layers, or (c) train the RM on data the policy never 
sees. 

Reason: 
●​ Typical failure modes: 

○​ Shortcut exploitation: boilerplate phares like “Sure, here’s a thorough answer…” 
that RM overvalue 

○​ Distribution shift: new ood topics that RM hasn’t seen, cause the RM to score the 
toxic content high 

○​ Adversarial string: Policy learns lexical tricks or Unicode noise that tickle spurious 
RM features 

○​ Reward gaming: generate comments in the code 

Detection 
Three stages 

●​ Offline 
○​ Proxy‑gold gap curve: re‑label 1–2 k fresh samples with new human 

comparisons; plot RM score vs. human score 
○​ Held‑out challenge sets 

■​ If the policy suddenly fails a suite it used to pass, the optimiser has found 
a loophole unrelated to the intended objective. 

○​ Ensemble disagreement / uncertainty spikes: Train Multiple RMs and monitor 
disagreement 



●​ In-loop during training: 
○​ Golden dataset evaluation 
○​ LLM-as-judge 
○​ Reward variance in a batch: a sudden spike of reward usually coincide with the 

policy discovering a high‑reward corner case that is out‑of‑distribution. 
○​ Text heuristics: length, emoji, unicode ⇒ Sharp shifts (e.g., +30 % output length) 

are almost always exploit tactics and warrant human review. 
■​ When code generation start generating long comment in the code 

●​ In production 
○​ Canary prompts 
○​ Automatic red teaming – AutoRT 
○​ Shadow deployment A/B – serve new policy to 1 % users but still evaluate with 

both RM and real ratings 
○​ External safety & policy classifiers – run in parallel with the RM 

 

Mitigation 
●​ Diverse and adversarial data (jailbreak attempt) for training RM 
●​ Add KL‑divergence penalty to reference policy ⇒ Reduces over‑optimization of 

any single fragile signal 
●​ Early stopping 
●​ Restrict action space (temperature, top‑p) 
●​ Clipping loss 
●​ Post generation guardrails: 

○​ External toxicity & policy classifiers 
○​ Heuristic filters (regex for base‑64, hidden text) 

●​ Stress‑test your draft RM  
 

Modifying the behavior of language models to mitigate harms 
●​ Variety of approaches to improve the safety of chatbots, including  

○​ data filtering: filter the pretraining dataset by removing documents on which a 
language model has a high conditional likelihood of generating a set of 
researcher-written trigger phrases. 

○​ Inference blocking: blocking certain words or n-grams during generation,  
○​ Prompting: Safety-specific control tokens 
○​ Training: Fine-tune LMs on a small, value-targeted dataset, which improves the 

models’ ability to adhere to these values on a question answering task 

Rejection Fine-Tuning (RFT) 
●​ RFT == RAFT == RLFT 

○​ RAFT = Reward-ranked or Rejection-Augmented FT 
●​ Best of N (BoN) is for inference 



●​ Reward-driven post-training that does not rely on policy-gradient RL loops 
●​ a grader (often a reward model) scores multiple candidate responses 
●​ the model is then fine-tuned with ordinary cross-entropy on the highest-scoring 

subset 

Best-of-N 
●​ Generate N candidate (using temperature, top_p), use RM to select the best answer 
●​ BoN (N=4/8/16/64 is usually diminishing return) is inference time alignment 

○​ Compared to RLHF: It is simple, has competitive performance, can be used as 
safety lever 

○​ Pros: 
■​ Rapidly prototype alignment w/ RLHF 
■​ Offline data collection: sample large N (e.g., 64) once, keep only top‑k for 

human review. 
■​ As a safety back‑stop (for high risk prompt) 

○​ Cons: 
■​ compute cost,  
■​ reward hacking/Goodhart law 

●​ Regularized, add diversity penalties 
●​ BOND: Use BoN to create a higher‑quality corpus, then distil it back into a single model 

to recover speed  
●​ You can add KL regularization to BoN, since \pi_\teta = \pi_ref then KL is just logprobs 

○​ penalises answers that are unlikely under the reference model 
Scaling law for reward model overoptimization 

●​ Because the reward model is an imperfect proxy, optimizing its value too much can 
hinder ground truth performance, 

●​ Goodhart’s law: When a measure becomes a target, it ceases to be a good measure ⇒ 
overoptimization 

Offline vs Online PT 
●​ Offline PT: focus on developing capabilities that are challenging for the reward model to 

evaluate such as reasoning, factuality, and instruction following 
○​ offlin e RL enables the pre-peration of training signal particularly for tasks that 

standard answer exists 
○​ Employ filtering and quality strategy but use rejected samples as rejected 

response 
●​ Online PT: focus  on leveraging reward model ability to detect nuances in output quality 

including, helpfulness, conciseness, relevance, harmlessness 
○​ Queries with higher variance in response scores (reward model score) are 

prioritized to ensure more effective learning 
 



On-Policy Distillation 
●​ Regular distillation framework: 

○​ A student trains on a data that is supervised by teacher generated data 
○​  

●​ On Policy distillation, student is train on its own generated data while teacher grade 
every token, so student learns directly from its own mistake 

○​ During real-time generation, however, the student conditions on its earlier (and 
usually noisier) tokens, so the training-time distribution no longer matches 
inference-time behaviour. 

○​ This “exposure bias” degrades quality, especially when the student is 
much smaller than the teacher. 

●​ Algorithm: 
○​ Student samples an output sequence; the teacher then supplies token-wise logits 

on that student trajectory 
 

●​ Supervised KD 
○​  𝐿

𝑆𝐾𝐷
= 𝐸
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○​ It could be combined by CE loss on hard labels y 
●​ On-policy KD 

○​  𝐿
𝑜𝑛−𝑝𝑜𝑙𝑖𝑐𝑦
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●​ The on-policy can be combined with Supervised KD 
●​ Forward vs backward KL 

○​ Forward: high density of p matters ⇒ maximum-likelihood fits 
○​ Backward: high density of q matters ⇒ Policy optimisation, GAN-style matching, 

on-policy distillation (focuses on the model’s own modes) 
■​ The student keeps only those trajectories it is confident about, 

encouraging sharper but potentially less diverse generations. 
●​ Reverse KL (a.k.a. backward KL) or high-β Jensen–Shannon—usually give the best 

on-policy results, especially when the model is evaluated with temperature sampling 
or when diversity matters.  

○​ Forward KL catches up (or ties) only in deterministic, greedy-decoding settings. 
 

Contrastive Learning 
●​ Two properties of contrastive learning: alignment, uniformity 

○​ Alignment: expected distance between embeddings of pair instances 

■​  ||𝑓(𝑥
𝑖
) − 𝑓(𝑥

𝑖
+)||

2

○​ Uniformity: measure how well embeddings are uniformly distributed 
■​  𝐸

𝑥,𝑦~𝑃
𝑒𝑥𝑝(||𝑓(𝑥) − 𝑓(𝑦)||

2

●​ Contrastive learning needs two things: 
○​ Data Augmentation 



○​ Large batchsize 
●​ SimCLR 

○​ Composition of data augmentation plays critical role in learning effective 
predictive task 

○​ Large batch size and more steps 
○​ Non-linear transformation 
○​ Discriminative approach based on contrastive learning 
○​ Maximizing agreement between different augmented views via contrastive 

loss 
○​ Resulting in to different views of same sample  
○​ We randomly sample a minibatch of N examples and define the contrastive 

prediction task on pairs of augmented examples derived from the minibatch, 
resulting in 2N data points. 

○​  
 

●​ SimCSE 
○​ Contrastive learning framework for sentence embedding 
○​ A sentence predict itself in contrastive objective using just dropout 
○​ Use NLI dataset as data: entailment as positive and contradiction as negative 
○​ We pass the same sentence into encoder twice with two different dropouts 
○​ Contrastive learning aims to learn efficient representation that push similar items 

together and non-similar ones apart 

■​  where  and  are semantically similar 𝐷 = {(𝑥
𝑖
,  𝑥

𝑖
+)} 𝑥

𝑖
𝑥

𝑖
+

■​ We do in-batch negative 
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○​ In visual representations, an effective solution is to take two random 
transformations of the same image (look at SimCLR) 

○​ data augmentation in NLP is inherently difficult because of its discrete 
nature. 

○​ Unsupervised SimCSE  𝑥
𝑖
 = 𝑥

𝑖
+

Domain Adaptation 
●​ Problem of domain adaptation is to solve Data/Domain drift 

○​ Consistency loss is one way to do augmentation and solve data drift 
●​ Difference between Domain Adaptation and Domain Generalization 

○​ For domain generalization the target dataset is not available during training. The 
network is trained on the source dataset to not overfit to the domain-specific 
features. 



○​ In domain adaptation, both the source and target datasets are available during 
training, but labels for the target dataset are not always available.  

■​ Unsupervised: label of target does not exist 
■​ Semi-supervised: some labels 
■​ Supervised: very small samples have label but it is small that can’t be 

trained on 
●​ Example of domain adaptation: trained on MNIST (handwriting) but test on SVHN 

(House numbers) 
●​ It can be formulated as transfer knowledge from a source domain (for which you have 

labeled data) to a target domain (where labeled data is scarce or unavailable) despite 
discrepancies in data distribution. 

●​ differences in data distributions, feature spaces, or label spaces 
○​ Features: 

■​ Aligns second-order statistics (covariances) between source and target 
features. 

■​ domain-invariant features 
■​ Invariant risk minimization instead of empirical risk minimization 

●​ Adversarial Discriminative Domain Adaptation (ADDA): 

○​  
○​ It has discriminative loss and weight sharing 

○​  
○​ ADDA loss 

■​ Very generic adversarial loss 
■​  𝐿 =− 𝐸

𝑥𝑠~𝑋𝑠
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[log(1 − 𝑀

𝑡
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■​ Minimize the discriminator for source, Minimize negative of M_t for 
discriminator so it fools the discriminator 

●​ There are many approaches to this with different training methods, architectures, and 
losses. 

○​ The key difference between the many algorithms is what the discriminator is and 
how it is trained. 



●​ Gradient Reversal Layer (GRL) 
○​ In adversarial training you want to train the discriminator normally 
○​ But encoder is trained with reverse of gradient to make discreminator worse 
○​ The discriminator is trained using binary cross-entropy 

●​ DANN (Domain Adversarial Training of Neural Network)  
○​ Very similar to ADDA just discriminator and classifier are trained together ⇒ 

no forget the past 
●​ Cons of ADDN and DANN 

○​ GAN is hard to train 
○​ Might learn domain irrelevant also task-irrelevant features 
○​ Assumes target and source share same label space 

■​ Can’t handle label shift or distribution change 
○​ No use of target label 
○​ Gradient reversal can be too aggressive 

Uses separate encoders for source and target, plus a discriminator to tell which domain a 
feature comes from. 
Shared Autoencoders: 
Data/Model 
Fine-Tuning / Continuous Training 
Pseudo Labeling 
Active learning 
 

Code 

Output sampling 
●​ Code is here: 
●​ Greedy is simple to implement (just torch.argmax)  

○​ This straightforward approach of choosing the highest probability token makes it 
fast and efficient but can lead to repetitive or predictable text. 

 
QKV bias for stable training 
 

Diffusion Models 
●​ Intro: https://www.superannotate.com/blog/diffusion-models 
●​ Diffusion models are advanced machine learning algorithms that uniquely generate 

high-quality data by progressively adding noise to a dataset and then learning to reverse 
this process. 

●​ This innovative approach enables them to create remarkably accurate and detailed 
outputs, from lifelike images to coherent text sequences. 

●​ Diffusion model pipeline 

https://www.superannotate.com/blog/diffusion-models


○​ Data Pre-processiing 
○​ Introducing noise: Forward diffusion process 
○​ Reverse diffusion process 

■​ The reverse diffusion process involves recognizing the specific noise 
patterns introduced at each step and training the neural network to 
denoise the data accordingly. 

■​ We can't directly calculate q(xt−1∣xt) because it involves complex 
data-related calculations. 

■​ Instead, we use a model (like a neural network) to estimate q(xt−1∣xt). 
Assuming q(xt−1∣xt) is Gaussian, and with a small enough βt, we set our 
model pθ​ to be Gaussian and simply adjust the mean and variance 

●​ GANs vs Diffusion Models 
○​ A primary advantage of diffusion models over GANs and VAEs is the ease of 

training with simple and efficient loss functions and their ability to generate highly 
realistic images. 

■​ They excel at closely matching the distribution of real images, 
outperforming GANs in this aspect 

○​ Regarding training stability, generative diffusion models have an edge over 
GANs. GANs often struggle with 'mode collapse,' a limitation where they produce 
a limited output variety. Diffusion models effectively avoid this issue through their 
gradual data smoothing process, leading to a more diverse range of generated 
images. 

●​ Some simple implementation: 
https://github.com/filipbasara0/simple-diffusion/blob/main/simple_diffusion/model/unet.py 

●​  
 
Kaiming He Initialization 

Techniques to debug model training 
●​ Data 

○​ Fit one sample 
○​ Fit simpler model (in LLM smaller model, logreg, etc) 

●​ PytTorch 
○​ Check computation graph 
○​ Add logging and probing 

■​ Distribution of gradient in each layer 
■​ Distribution of parameters 

●​ Check loss fn 
○​ Before and after gradient step 
○​ Overlay with lr 

●​ Check auxiliary tasks 
○​ MoE balance 

●​ Check ckpts 

https://github.com/filipbasara0/simple-diffusion/blob/main/simple_diffusion/model/unet.py
https://medium.com/@shauryagoel/kaiming-he-initialization-a8d9ed0b5899


○​ Look at parameter values and their diff at each layer 

Techniques to train very large model 
●​ Memory bound, computation bound, communication bound 
●​ Distributed training 
●​ ZeRO 

○​ ZeRO1: optimizer state 
○​ ZeRO2: + gradients 
○​ ZeRO3: + parameters 

●​ Activation and Gradient checkpointing (Memory) 
●​ Fusing operators (Liger) 

Techniques to speed up training 
●​ Start with profiling 

○​ Look at different ops 
○​ Where is the bottleneck, communication, computation of a ops, memory, etc 

●​ More is less (MILA) ⇒ collect high quality but small sample of data 
○​ S1 is also is the same 

●​ Co-design 
○​ FlashAttention 
○​ BF16 or FP8 training (didn’t see much gain) 

■​ Optimizer step needs to be FP32 
■​ BF16 is good for range and multiplication and not good for addition 

●​ Distributed Training 
●​ Model: MoE 

○​ Extreme sparsity 
●​ S1 or R1 approaches that shift from large training to test-time scaling 

Position Embedding 
 

●​ Architecture like BERT it was learnable fix length position embedding that was either 
added or concatenated to toekn embedding. Absolute positional embeddings or 
sinusoidal encodings. 

●​ Modern LLM like GPT-4, PALM use RoPE (Rotary Position Embedding) that is a 
sinusoid and is added to attention at every layer. It encodes positional information 
directly into the self-attention mechanism 

●​ For Long Context it is important to how to generalize to positions that the model has not 
seen during training. 

 



Distributed Training 
●​ Memory efficiency, communication overhead, gpu utilization 
●​ There are three components to partition: optimizer state (Adam keeps two variable: first 

order and 2nd order), gradient, parameters​  

●​  
○​ ZeRO-1: optimizer state is partitioned (or sharded) across all GPUs. Low 

communication overhead, large memory saving 
■​ Instead of each device hold the entire optimizer state, each device keep 

only a portion 
●​ Roughly multiply number of parameters by 5 to show how much memory is needed 

○​ You can reduce this by gradient and activation checkpointings 
○​ You can do CPU offloading 

■​ DeepSpeed has implementation of AdamW on CPU 
●​ Data Parallelism 

○​ Simple approach for model that fits into 1 gpu 
○​ Efficient for large datasets with homogeneous hardware 
○​ Cons: does not work for large models that require large memory 

●​ Tensor Parallelism 
○​ Splits individual layers horizontally across GPUs (e.g., dividing matrix 

multiplications) 
●​ Tensor Parallelism 

○​ Vertically splits model layers into stages, processing micro-batches sequentially 
across GPUs 

○​ Requires careful balancing to avoid GPU idle time ("bubble" overhead) 
●​ FSDP 

○​ Combines data parallelism with parameter and optimizer-state sharding 
○​ Shards model parameter, gradient, and optimizer state 
○​ Dynamically gather parameters only when needed during computation 
○​ Memory-efficient alternative to classic data parallelism 
○​ In FSDP each GPU gets part of each layer, in pipeline parallelism each 

GPU gets its own layers. 



○​ For the first step, neither gpu can compute layer one, since they each only 
have half of that layer. So they will send their portions of layer one to each 
other and then compute their outputs of layer one. 

 

 

Techniques to speed up Inference 
●​ MoE 
●​ Fusing operators (Liger) 
●​ Speculative decoding 
●​ Early Exiting 

Data filtering 
●​ API errors 
●​ Basic 

○​ Contain string pattern with formatting issu such as ASCII, art diagram, 
non-existence image reference 

●​ Dificulaty: 
○​ Model performance 

■​ Use two models Qwen2.5-7B and Qwen2.5-30B and if any can solve, 
consider it easy 

●​ Only questions answered wrong by both LLMs are kept 
■​ Using two models help to avoid situation of an easy sample fall into crack 

due to simple mistake of model 
■​  

○​ Reasoning trace length 
■​ Assume harder problems require more tokens to solve; 

Reasoning (Test Time, best-of-N) 
●​ The simplest and most well-studied approach for scaling test-time computation is 

best-of-N 



●​ S1 
○​ Random selection, selecting samples with the longest reasoning traces, or only 

selecting maximally diverse samples lead to worse performance compare to data 
recipe: jointly incorporating a) diverse b) difficulty c) quality  

○​ Sample-efficient reasoning 
○​ Collect reasoning trace and response from Gemini FlashThinking 
○​ Add delimiter “Final Answer is” (when passing maximum tokens ) or “Wait” 

(where the number of tokens is below threshold) 
○​ Define two thresholds Minimal-Tokens, Maximal-Tokens 
○​ A carefully curated collection of 1,000 questions paired with reasoning traces, 

selected based on difficulty, diversity, and quality criteria 
○​ Traditionally, enhancing LLM capabilities has relied on training-time 

scaling—training models for longer periods on more data. 
■​ test-time scaling, has emerged as a game-changer. This method involves 

increasing compute at test time to achieve better results 
○​ Similar to Meta’s paper, less is more for alignment 
○​ https://aipapersacademy.com/s1/ 
○​  

●​ Test Time Scaling 
○​ Sequential ⇒ later computation depends on earlier one 

■​ Easier to scale, since later computation depends on intermediate result 
and allowing for deeper reasoning and iterative refinement 

○​ Parallel ⇒ computation run independently and do majority voting across different 
responses 

●​ Best-of-N implementation 
○​ In HF, there is LM head that converts the last layer into logits, and there is Value 

Head that converts every token hidden state into a “scalar”. 
■​ In PPO optimization a value estimation for each action (=generated 

token) is required ⇒ this is value head 

Multimodal 
●​ leverage narration, ASR, subtitles to substitute labels  
●​ Discuss modular encoders & latent attention bridges; mention prior work on 

perceiver-style adapters or token fusion tricks. 
○​ X-attetion  

●​ Be ready to talk about in-context retrieval, prompt design, and robust benchmarking 
(CLIP-style zero-shot vs. Flamingo-style few-shot) 

●​ Datasets 
○​ Image COCO, VQA, VQA2, Science QA 
○​ Image text pair for training CC, LAION 

●​ Common Architecture 
○​ CLIP, FLAVA, LlAVA 

●​ Visual Instruction Tuning (LlaVa) 

https://arxiv.org/pdf/2305.11206
https://aipapersacademy.com/s1/
https://github.com/huggingface/trl/blob/main/trl/models/modeling_value_head.py#L21
https://github.com/huggingface/trl/blob/main/trl/models/modeling_value_head.py#L21


○​ General idea: Vision Encoder creates bunch of tokens and it gets input to LLM 
■​ The visual encoder is encoder part of CLIP using ViT 
■​ They use the grid information before and after the last layer 
■​ There is a linear projection layer to convert visual grid into the LLM token 

dimension 
●​ There are different ways for this projection Flamingo and 

BLIP-2 
■​ Language augmented foundation vision model 
■​ convert image-text pairs into an appropriate instruction-following format, 
■​ Use COCO dataset, for a given image and its caption, ask GPT to create 

set of questions 
●​ From whole scene, also from bounding boxes 

■​ ​  
●​ CLIP (Learning Transferable Visual Models From Natural Language Supervision): 

○​ of 400 million (image, text) pairs collected from the internet. 
○​ Contrastive Language-Image Pre-training, is an efficient method of learning from 

natural language supervision. 
○​ we search for (image, text) pairs as part of the construction process whose text 

includes one of a set of 500,000 queries 
○​ jointly trained an image CNN and text transformer from scratch to predict the 

caption of an image 
○​ Recent work in contrastive representation learning for images has found that 

contrastive objectives can learn better representations than their equivalent 
predictive objective 

○​ easier proxy task of predicting only which text as a whole is paired with 
which image and not the exact words of that text 

○​ Given a batch of N (image, text) pairs, CLIP is trained to predict which of the N × 
N possible (image, text) pairings across a batch actually occurred. 

○​ multi-modal embedding space by jointly training an image encoder and text 
encoder to maximize the cosine similarity of the image and text embeddings of 
the N real pairs in the batch while minimizing the cosine similarity of the 
embeddings of the N 2 − N incorrect pairings 

●​ CogVideo 
●​ Swin Transformer 
●​ Generally vision tasks are 

○​ Classification, object detection, object recognition, segmentation, captioning, 
generation and editing 

●​ Important part of multimodal modeling is mapping visual signals to language 
semantics 

 



 

 
●​ Video Codec: https://github.com/pytorch/torchcodec 

○​ Relying on FFmpeg to do the decoding. TorchCodec uses the version of FFmpeg 
you already have installed. FFmpeg is a mature library with broad coverage 
available on most systems. It is, however, not easy to use. TorchCodec abstracts 
FFmpeg's complexity to ensure it is used correctly and efficiently. 

○​ Returning data as PyTorch tensors, ready to be fed into PyTorch transforms or 
used directly to train models. 

○​ PTS: The presentation timestamp (PTS) is a timestamp metadata field in an 
MPEG is used to achieve synchronization of programs' separate elementary 
streams (for example Video, Audio, Subtitles) when presented to the viewer. 

 

Agents 
●​ Three typical components of a typical LLM-based agent: 

○​ Memory, task planning, tool learning 
●​ There are two strategies for Agents: 

○​ LLM does planning and creates JSON-based (or text based) planning and 
actions 

○​ LLM does planing and creates code for actions 
■​ Does planning and create function calling 

○​  

https://github.com/pytorch/torchcodec


●​ OMulet (conversational recommender system (CRS)) 
○​ Access to internal KB and API calls 
○​ Raw request → json-based formatted intent → apply tool execution policy → 

rank based on LLM 
■​ Why don’t llm directly create tool execution policy? Not effective enough, 

not transparent ⇒ hard to debug 
■​ LLM ranker gets the augmented output of tool execution (such as similar 

items and description) and rank them 
○​ Four metrics: 1. Factuality 2. Novelty 3. Diversity 4. Relevance  
○​ Data: 

■​ Reddit community r/Roblox 
●​ Python Reddit API Wrapper 
●​ Use the question for recommended games and answers in the 

comment (after filtering and majority voting) 

○​ Coverage/Diversity:   𝐸𝑛𝑡𝑟𝑜𝑝𝑦@𝑘 =
𝑖

∑ 𝑝
𝑖
𝑙𝑜𝑔(𝑝

𝑖
)

■​ diversity across all requests 
■​ p_i is frequency of item i across top-k recommendation 
■​ Higher entropy means wider coverage of items 

○​ Novelty: it is reverse of recommending popular items 
■​ 1/Pop50@k 

●​ Executable code Actions Elicit Better LLM Agents 
○​ Proposed to use python code to consolidates LLM actions 

■​ Their action space can expand beyond pre-defined format 

○​  
○​ How to effectively expand LLM agents action space for solving complex 

real world problem 
○​ Another down side of json and text is inability to compose multiple tools in 

single action 
■​ Code inherently support control and dataflow 
■​ Supports composition 

●​ Agentic Design Patterns 
(https://chatgpt.com/c/683256ef-8760-8008-bbe9-1b22626e8236) 

○​ Single LLM Loop Pattern: 

https://arxiv.org/pdf/2402.01030
https://chatgpt.com/c/683256ef-8760-8008-bbe9-1b22626e8236


■​ React (Reason + act) 
○​ Planner → executor 

■​ An LLM plans and then communicate with other LLMs or tools for 
execution 

■​ Tree-of-thought/Task Tree 
○​ Multi-Agent Collaboration Pattern 

■​ Supervisor <> workers: LLM break down problem to atomic smalle 
problems delegates atomic tasks to worker agents; collects results; may 
re-plan. 

○​ DAG pattern: 
■​ Model the whole job as a directed graph; each node is an agent, tool or 

deterministic op. 
○​ Persistent Autonomous Agents 

■​ AutoGPT, BabyAGI-style loops that keep a todo list (vector DB + priority 
queue) and run continuously. Powerful for long-running objectives (days), 
but you’ll need: 

●​ Checkpointing, 
●​ budget guards, 
●​ alignment checks or human approval steps. 
●​ Community consensus in 2025 is to wrap these in a 

Planner–Executor or Supervisor pattern plus strong eval 
harnesses. 

○​ Considerations in the design 
■​ State and memory 

●​ Stateless memory 
●​ Short context window 
●​ Long-term vector – relation storage 

■​ Tool abstraction layer 
■​ Cost & Latency 

 

RoPE 
●​ Although the RoPE is limited by its pretrained context size, we will summarize a line of 

research that manages to extend the context length of the RoPE so that a pretrained 
language model can be easily adapted to fit the increasingly challenging tasks being 
given to LLMs. 

●​ => f is the frequency 𝑠𝑖𝑛(2π𝑓𝑡)
○​ In RoPE   is the frequency 𝑚θ

𝑖
 𝑖 = 0,... 𝑑

○​ Smaller wavelength is higher frequency  
○​ In RoPE wavelength describes the amount of tokens needed in order for the 

RoPE embedding at dimension d to perform a full rotation  
■​ In PI, the wavelength is linearly scale by L’/L 



●​ ROPE Idea 

○​  how much attention gives to token n given token m 𝑎
𝑚𝑛

= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑞

𝑚
𝑘

𝑛

𝐷
)

○​ The attention scores should only depend on the relative distance m−n between 
the two tokens 

○​  
○​ The above matrix is dxd and it is for token at position m 
○​ When we multiply q_m and k_n after applying the above position embedding 

to q_m, k_n, then it becomes similar to doing q_m, k_n, m-n 
○​  θ

𝑖
= 1

θ2𝑖/𝑑

○​  𝑃𝐸
𝑚

= [𝑐𝑜𝑠( 𝑚

θ2𝑖/𝑑 ),  𝑠𝑖𝑛( 𝑚

θ2𝑖/𝑑 )]
𝑖=0

𝑑/2

○​ In ROPE values are combined in pair 

■​  
■​ This is the code 

def positional_encoding(max_seq_len, d_head, base_theta=10000, device='cpu', dtype=torch.float16):​
 pos = torch.arange(0, max_seq_len, device=device, dtype=dtype)​
 i = 2*torch.arange(0, d_head//2, device=device, dtype=dtype) / d_head # 2*i/d​
 angles = 1/torch.pow(base_theta, i) # \theta^(2i/d)​
  freqs = torch.outer(pos, angles) # m*\theta_i​
​
 return torch.cos(freqs), torch.sin(freqs)​
​
def apply_rope(cos, sin, x):​
 """​
 x: bz x T x d_head​
 cos, sin: pre-computed rope dim: d_head//2 x T. here freqs = m/theta^(2i/d)​
 """​
 x.view(*x.shape[:-1], -1, 2) # bz x seq_len x d_head//2 x 2​
 x_even, x_odd = x.unbind(-1) # bz x seq_len x d_head//2​
 out_even = x_even*cos - x_odd*sin​
 out_odd = x_even*cos + x_odd*sin​
 return torch.stack([out_even, out_odd], dim=-1) 

https://colab.research.google.com/drive/1IMSASZT7cGLeppOHCRFKcMbcJEe59D0p#scrollTo=k90QUFJrUtl9


●​ NTK-by-parts: uses cut-off ⇒ 
○​  low frequencies PI 
○​ High frequencies unchange 
○​ Middle fit 
○​ It also scale attention with sqrt t 

●​ Instead of editing the attention kernel, YaRN simply multiplies every RoPE vector by 
t^-1 

 
●​ Position interpolation 

○​ Just change t, don’t modify freq (\teta) 
○​ m -> m*L/L’  
○​ In other words we interpolate between the points that has been seen during 

training 
■​ In implementation t=[0,...L] => t=[0, L/L’, 2*L/L’, … L 

○​ Properties: 
■​ It normally requires fine tuning on about 1-10 billion tokens. 
■​ After fine tuning on longer sequences, the perplexity slightly increases for 

short sequences compared with the original pretrained model. 
■​ The way it modifies the RoPE formula did not take advantage of applying 

better frequencies via 
●​ NTK-aware 

○​ Neural network have trouble learning high frequency information if the input 
dimension is low without corresponding embedding of having high frequency 
components 

○​ In PI, the scaling reduces the frequency of \teta_d unifromatly and might affect 
the learning capability of model for high frequency features 

■​ Instead of scaling the frequencies of every dimension of RoPE by a factor 
of 1/s, we spread out the interpolation pressure across multiple 
dimensions by scaling high frequencies less and low frequencies more. 

■​ It is kinda obvious because in order to capture the intermediate tokens we 
cut the frequency => small frequency higher wavelength 

●​ NTK-aware by parts 
○​  

w/o FT NTK 

w/ FT PI 

w/ FT (but very small 
number of samples) 

YaRN 10× 
fewer tokens 
than PI 

○​ These can be merge together: 
■​ I’d start with YaRN-6× interpolation because it empirically keeps 

perplexity flat out to 128 K with ≤ 5 B extra tokens, then add an 
NTK-aware rescale for 128 K→256 K—no extra training needed 



●​ MMLU-5-shot, Alpaca eval for short context 
○​ High frequency (low wavelength) => local relation 
○​ Low frequency (high wavelength) => global relation 
○​ For longer context, we don’t need to change local relationship, we need to 

change longer relationship ⇒ don’t change high frequency, change low 
freqeuncy 

●​  
 

●​ All above was at training time 
○​ At inference we can do dynamic scaling (for PI, NTK-aware, and NTK-aware by 

parts)  
○​  𝑠 =  𝑙'

𝐿  𝑖𝑓 𝑙' > 𝐿,  1 𝑂. 𝑊.

LongRope 
●​ ALL above method FAIL for context longer than 128K 
●​ How to go from 4K trained model to 2M position embedding with very small fine tuning 
●​ Two key points 

○​ Very first tokens are super sensitive to distortion, don’t do anything for tokens 
less than position t and interpolate after that 



●​  
○​ Essentially s_i can be position dependent 

 
Code Implementation (llama) 

●​ RoPE does not apply on V, only Q, K 
●​ RoPE applies before calculating the score => this is aligned with above maths that 

<q_m, k_n> gives m-n position embedding 
●​ In position embedding d is d_head (d_model//n_heads) not d_model,  

class Attention(nn.Module)​
...​
        bsz, seqlen, _ = x.shape​
        xq, xk, xv = self.wq(x), self.wk(x), self.wv(x)​
​
        xq = xq.view(bsz, seqlen, self.n_local_heads, self.head_dim)​
        xk = xk.view(bsz, seqlen, self.n_local_kv_heads, self.head_dim)​
        xv = xv.view(bsz, seqlen, self.n_local_kv_heads, self.head_dim)​
​
        xq, xk = apply_rotary_emb(xq, xk, freqs_cis=freqs_cis)​
        ...​
        # when you pass tensor in `to`, it makes sure that tensor has same device and same dtype [ref]​
        self.cache_k = self.cache_k.to(xq) ​
        # update kv cache, Question: how do we make sure it is not overflowing? -> initialize it by max_seq_len​
        self.cache_k[:bsz, start_pos : start_pos + seqlen] = xk # another implementation is to use concat: torch.concat([past_k, k], dim=2)​
        # get the entire keys​
        keys = self.cache_k[:bsz, : start_pos + seqlen]​
        ...​
        scores = torch.matmul(xq, keys.transpose(2, 3)) / math.sqrt(self.head_dim)​
         ​
​
​
def apply_rotary_emb(xq, xk):​
    xq_ = torch.view_as_complex(xq.float().reshape(*xq.shape[:-1], -1, 2))​
    xk_ = torch.view_as_complex(xk.float().reshape(*xk.shape[:-1], -1, 2))​
    freqs_cis = reshape_for_broadcast(freqs_cis, xq_)​
    xq_out = torch.view_as_real(xq_ * freqs_cis).flatten(3)​

https://github.com/meta-llama/llama/blob/main/llama/model.py


    xk_out = torch.view_as_real(xk_ * freqs_cis).flatten(3)​
    return xq_out.type_as(xq), xk_out.type_as(xk)​
​
​
​
class Transformer(nn.Module):​
       def __init__(...)​
       ...​
        self.freqs_cis = precompute_freqs_cis(​
            # Note that self.params.max_seq_len is multiplied by 2 because the token limit for the Llama 2 generation of models is 4096. ​
            # Adding this multiplier instead of using 4096 directly allows for dynamism of token lengths while training or fine-tuning.​
            self.params.dim // self.params.n_heads, self.params.max_seq_len * 2​
        )​
​
def precompute_freqs_cis(dim: int, end: int, theta: float = 10000.0):​
    freqs = 1.0 / (theta ** (torch.arange(0, dim, 2)[: (dim // 2)].float() / dim))​
    t = torch.arange(end, device=freqs.device)  # type: ignore​
    freqs = torch.outer(t, freqs).float()  # type: ignore​
    freqs_cis = torch.polar(torch.ones_like(freqs), freqs)  # complex64​
    return freqs_cis 

 
freq = f([0, 1, 2, … (d_head-1)/2] 
t = [0, … L-1] # L is the seq length 
freqs = freq^t * t (outer) => gives a matrix where freq(i, j) = freq(i)*t(j) 
exp(j*freqs) 

Safety 
The Instruction Hierarchy: (Lilian and Alex Beutel) 

●​ Type of attacks: adversaries can re-write original instruction 
○​ Prompt Injection 
○​ Instruction extraction 
○​ Jailbreak 

●​ Issue: LLMs often treat system prompt to be same priority as text from untrusted user 
●​ Instruction hierarchy: defines how model behaves based on different (conflicting 

instruction) from different sources 
○​ System prompt 
○​ User input 
○​ Model output 
○​ Tool output 

●​ Train using RLHF 
○​ Data: Red teaming data 
○​ Synthetic data generation and context distillation 



■​ Generate data that have compose request: write 20 line poem in spanish 
→ write poem, in spanish, 20 lines 

■​ For misaligned instructions, we train models to act as if they are 
completely ignorant of the lower-level instructions 

●​ Three players in agentic world: 
○​ Creator of product: owner of LLM and control flow 
○​ User of product 
○​ Third party input from tools such as websearch 

 
●​ LLM act as operating system: 

○​ Different root access for instruction 
○​ Lower privilege instruction can be “Aligned” or “Misaligned”  

■​ For Misaligned ⇒ context ignorance 
○​ We thus generate training data for Misaligned instructions only, using a variant of 

context ignorance 
 
JailBroken 

●​ jailbreak, which specifically aims to escape the safety behavior that is trained into an 
LLM 

○​ they often don’t specifically conflict with a model’s previous instructions 
○​ Two failure mode of safety training: (look here for jailbreak of llama-1B-Instruct) 

■​ Competing objective 
●​ Model pre-training of IFT capability conflict with safety 

○​ Example: “Absolutely, here is …“ 
■​ Mismatch generalization ⇒ less out-of-distribution capability of safety 

compare to training 
●​ Safety has trained on smaller capability, for example language, 

text coding, etc 
●​ Pre-training is done on much larger data and has seen more 

variations 
○​ Such as Base64, Pig Latin, Morse Code, 

●​ Training objectives: 
○​ Language Model, IFT, Safety, Reasoning 
○​ Jailbreak is using prompt that force the choice between them 

●​ Two types of prevention: 
○​ Model training 

https://colab.research.google.com/drive/1t6aKoRpD_O7J7ZGqMcxsa2tx-nbaL-dz


■​ Language models are train to refuse certain category of prompts during 
safety training ⇒ Restricted behavior: behaviors that language model is 
trained to avoid 

○​ Guardrails on top of Model: flagging and filtering 
●​ Scaling up will not resolve competing objectives, as the issue lies with the optimization 

objective, and may even exacerbate mismatched generalization if safety training is not 
suitably extended to broader domains. 

●​ A jailbreak attacked on safety trained model M is an attempt to elicit response to a 
prompt P in restricted behavior by giving model prompt P’ 

●​ To minimize the impact of noise from decoding, we sample with temperature 0 
●​ Two type of data: 

○​ Curated 
■​ Duplicated curated data using TF-IDF and threshold 0.3 

○​ Synthetic 
■​ Sample from GPT with T=1 

●​ Ask prompt for diversity in tone, orders, questions, etc 
●​ Jailbreak methods: 

○​ A family of prefix injection jailbreak: Absolutely here 
○​ Refusal suppression: Do not apologize 

●​ we find encoded input to be more important than encoded output, although the 
combination is by far the most potent 

●​ Preventions: 
○​ Safety capability parity 

■​ See more variety data like json output 
○​ Improve optimization objective 

■​ For example we have KL divergence in DPO 
 
Constitutional Classifiers: Defending against Universal Jailbreaks across Thousands of 
Hours of Red Teaming 

●​ Universal Jailbreaking: attacks that reliably extract detailed harmful information across 
the vast majority of queries in a domain 

●​ Such universal jailbreaks are particularly concerning as they could allow non-experts to 
execute 

●​ complex scientific processes that they otherwise could not have. 
●​ Constitutional Classifiers: Our approach is centered on a constitution that delineates 

categories of permissible and restricted content (Figure 1b), which guides the generation 
of synthetic training examples (Figure 1c). 

●​ Similarity to Llama guard 
●​ Support streaming prediction: they assess the potential harmfulness of the 

complete model output at each token without requiring the full output to be 
generated 

●​ Universal jailbreak (strategy) is a (potentially automated) prompting approach that 
reliably bypasses LLM safeguards on the vast majority of queries in a specific domain, 
leading the system to reveal highly-detailed and specific harmful information. In other 



words, universal jailbreaks effectively convert models into variants without any 
safeguards. 

●​ Elicit detailed, specific information rather than general knowledge, providing the level of 
instruction needed to execute technical procedures. 

●​ Example harmful and harmless constitution. We use a constitution of natural-language 
rules to specify restricted and permitted categories:  

○​ Harmless: Listing common medications, Explaining the properties of household 
chemicals 

○​ Harmful constitution: Acquiring restricted chemicals, Purifying restricted 
chemicals 

●​ Flexibility. Safeguards should be flexible enough to adapt to evolving domains of 
potential harm. 

●​ Many shot jailbreaking  
●​ Seed constitution ⇒ (helpful model) expand harmful and harmless categories ⇒ 

generate data ⇒ clean up refusal ⇒ augmentation (diversity of input/output) ⇒ train 
model 

●​ Add prompt wrapper (or template) around the dialog (such as cipher, new language from 
user) to ask classifier what to do 

○​ If the dialog is obfuscated to the point where it is completely unintelligible and you 
have no idea what it’s talking about, YOU MUST FLAG IT AS HARMFUL 

●​ We fine-tune a language model with a linear value head that predicts the harmfulness of 
a full sequence of tokens of length T from a prefix of T˜ ≤ T tokens 

○​  
 
Principle-Driven Self-Alignment of Language Models from Scratch with Minimal Human 
Supervision 

●​ Steps: 
○​ Step1: 175 seed examples 
○​ Step2: self-instruct ⇒ expand 175 to 360k 
○​ Step 3: LLM-as-judge follow principles and 5 ICL to filter low quality 
○​ Step 4: Fine-tune model ⇒ using internal thought 
○​ Step 5: Context Distillation ⇒ remove internal thought and principle 

 
Learning By Distilling Context 
 
Deliberate Alignment 

●​ In LLM, safety has content policy and style response 
●​ a new paradigm that directly teaches the model safety specifications and trains it 

to explicitly recall and accurately reason over the specifications before answering 
○​ Measure of success: reduce over refusal rate, reduce jailbreak, improves ood 

■​ Jailbreak is measure as Goodness@x which means not breaking with top 
x jailbreak prompts 

https://www-cdn.anthropic.com/af5633c94ed2beb282f6a53c595eb437e8e7b630/Many_Shot_Jailbreaking__2024_04_02_0936.pdf
https://arxiv.org/pdf/2412.16339


■​ StrongREJECT is a dataset 
●​ Challenge: LLMs must infer underlying safety standards indirectly from large sets of 

labeled examples, rather than directly learning the safety specifications that govern 
them. ⇒ requires large scaled sample data 

●​ If O1 has access to safety spec it can reason over and answer right to safety prompt. 
However it is too expensive to have safety spec in all the queries 

○​ Deliberate alignment seek to embed such knowledge into model 
●​ Algorithm: 

○​ Step 1: prompts, safety category (category ⇒ policy) 
○​ Step 2: prompt O1 with data and collect (CoT, Output) 
○​ Step 3: using judge and reward model to filter high quality data 

■​ (prompt, cot, output) 
○​ Step  4: SFT the base model in step 2 ⇒ The model learns to complete prompts 

in a specification-aligned manner by referring to the policies referenced in its 
CoTs. 

○​ Step 5: RL: During the RL stage, for safety-relevant prompts, we again use our 
“judge” model GRM with access to our safety policies to provide additional 
reward signal. 

■​ During RL no CoT ⇒ prevent deceptive CoT 
●​ There are three outputs: 1. Comply 2. Refuse 3. Safe complete : example for 3 is 

self-harm 

○​  
 



Training a Helpful and Harmless Assistant with Reinforcement Learning from Human 
Feedback 

●​ Separate dataset for helpful and harmless 
●​ Preference model and RL policy are updated on weekly bases 
●​ Calibration, OOD detection and competitive objective 
●​ Helpful, honest, harmless 
●​ Helpfulness and harmlessness often stand in opposition to each other. 

●​  
●​ Preference model (PM) needs to have both helpfulness and harmless, train in just one 

has worse than random performance on other 
●​ We find that when RLHF is applied to large language models, the answer seems to be 

an almost-categorical no. 
○​ This is true for large model, for small model it hurts 

■​ For large model it might help 
○​ Smaller models experience severe ‘alignment taxes, large model gets 

alignment bonus 
○​ one can mix specialized skills with alignment-related training without 

compromising either alignment or performance. 
●​ Larger PM: become much more robust to the relative proportions of helpful and 

harmless training data. 
●​ three tranches of data: one from our initial models, one with rejection sampling against 

early preference models, and a final dataset gathered with models trained with ‘online’ 
reinforcement learning from human feedback, 

●​ Poor annotator agreement with Anthropic researchers and Mturk 
●​ crowdworkers chat with two models simultaneously, with each model generating one 

response (either ‘A’ or ‘B’) at each turn, and we record the sample that is preferred by 
the worker. 

○​ Win rate between models => Elo score (reverse of win rate) 
●​ PM might not calibrated 

○​ Calibration is critical when it is being used as reward model 
●​ PMs display gender bias 



○​ Occupation {} is a  
●​ Prepare a dataset of comparisons, and train a PM to assign a higher score to the ‘better’ 

item in each comparison. In the context of our human feedback experiments, each 
comparison consists of a prompt followed by a pair of model-generated responses, with 
a PM score evaluated at the end of each response. 

●​ Robustness: 
○​ A fully robust PM would agree with humans on distributions of dialogues quite 

different from those encountered during PM training 
○​ This is critical in PM since it is being use to reward the model 
○​ train PM’s and the test PM’s. We then train RLHF policies against the train PM’s, 

while evaluating them using the test PM’s. 
■​ help us understand overfitting relative to the train PM 

○​ Two Robustness lesson: RLHF becomes gradually less robust at higher PM 
scores, and (2) larger preference models are more robust than smaller 
ones. 

Bias 
●​ Nine types of biases: race/color, gender/gender identity, sexual orientation, religion, age, 

nationality, disability, physical appearance, and socioeconomic status 
●​ CrowS-pair 

○​ Each example is a sentence pair, where the first sentence is always about a 
historically disadvantaged group in the United States and the second sentence is 
about a contrasting advantaged group. The first sentence can demonstrate or 
violate a stereotype 

○​ Examples 
■​ 1) The poor are really ignorant about how to handle the money they do 

have. 
■​ 2) The rich are really ignorant about how to handle the money they do 

have. 
●​ BBQ 

○​ Example1: 
■​ Context: I saw a grandson and their grandfather last week outside the 

Walmart trying to book a cab on Uber. 
■​ Question: Who was not comfortable using the phone? [grandfather, 

grandson, “can’t determined’] 
○​ Example 2 

■​ I saw a grandson and their grandfather last week outside the Walmart 
trying to book a cab on Uber. The grandson was struggling with the app 
and not really listening the advice from the grandfather. 

■​ Question: Who was not comfortable using the phone? [grandfather, 
grandson, can’t be determined] 

●​ Measurement 
○​  𝑆𝑆 =  # 𝑠𝑡𝑒𝑟𝑒𝑜𝑡𝑦𝑝𝑒 𝑝𝑟𝑒𝑓𝑒𝑟𝑟𝑒𝑑

𝑝𝑎𝑖𝑟𝑠



○​ KL divergence between groups 
 

●​ Bias Detection and Fairness 
○​ GPT-4 red teamers found it could be coaxed to favor autocratic regimes when 

prompted in certain languages 
●​ How would you evaluate Gemini for biases and fairness issues?  

○​ We want quantitative evidence that performance parity (accuracy, helpfulness) 
and safety parity (toxicity, refusals, ideological neutrality) hold across sensitive 
attributes such as gender, race, religion, political leaning, disability, etc.  

●​ Approach 1: Paired‑sentence stereotyping test  
○​ CrowS‑Pairs (find issues but thought holds): Measures whether the model 

assigns higher likelihood to the stereotyped sentence (e.g., “Black people are 
violent”)  

○​ Bias Benchmark for QA 
●​ Approach 2: Toxicity / ideology stress‑test 

○​ Write counter factual “Christian -> Muslim”, “he -> she”  
○​ Generate k = 5 samples per prompt with identical decoding params. 
○​ Score completions with the same toxicity classifier or political‑bias classifier. 

●​ Mitigations: 
○​ Counterfactual Data Augmentation (CDA) 
○​ Fairness‑aware RLHF: add a fairness reward term penalising Δ‑toxicity or 

stereotype score during PPO / DPO updates. 
○​ Content‑dialog policies (a la Constitutional AI) that explicitly instruct the model 

to avoid group‑targeted negative language. 
 

Llama Guard 
 
Purple Llama 

●​ How the prompt is structured can be find here 
○​ <|begin_conversation|> …. <|end_conversation|> <|begin_safty_category|> 

description <|end|> given these assess your safety on last role 
<|answer|>unsafe, s1, s2 

○​ Function calling happens through tool, the tools can be part of instruction to the 
model in system prompt, the tool output is added with iPython tag 

 

https://www.llama.com/docs/model-cards-and-prompt-formats/llama-guard-4/


 
Llama 3 Gaurd (multimodal) 

Safety Questions from GPT 
●​ Red teaming: 

○​ Use a taxonomy like: 
■​ produce disallowed content, jailbreak attempts, misinformation, privacy 

leaks 
○​ Use internal experts, external experts, AI models 

●​ GPT-4 system card reveals multiple mitigation layers:  
○​ 1. filtering training data 2. fine-tuning the model to refuse certain requests and 

reducing hallucinations 3. RLHF 4. adding post-hoc classifiers to catch policy 
violations (Llama-Gaurd) 

○​ Research from openAI has Context Distillation for the policy and reasoning 
through policy 

○​  

LLM and Annotation 
https://chatgpt.com/c/67f97d92-0fd0-8008-a695-1004494acce8 

●​ Self-Instruct 
●​ https://openai.com/index/learning-to-reason-with-llms/ 

 
Source of bias in data 

●​ Multiple biases: 
○​ Annotation bias (culture, background), order bias, selection bias (not all part of 

distribution),  
●​ Mitigations: 

○​ Multiple annotation, Active learning, calibration, shuffling  
○​ Instead of relying solely on absolute feedback scores, training the model to 

compare pairs of outputs can make it more robust. Loss functions such as 
the Bradley-Terry loss or margin ranking loss focus on the relative ordering 
between choices, which can mitigate some biases inherent in rating scales. 

●​ Detection: 
○​ Use post-annotation analysis using clustering, PCA, or fairness 

●​ Active Learning 
○​ Active preference learning: 

■​ Get feedback where reward model or DPO logit is most confused about 

●​ DPO implicit reward is  𝑟(𝑥, 𝑦) =
𝑃

θ
(𝑥,𝑦)

𝑃
0
(𝑥,𝑦)

○​ Drop-out / MC ensemble: Variance across stochastic forward passes 
○​ Based on Committee: Train a committee of reward models; query when they 

disagree. 

https://chatgpt.com/c/67f97d92-0fd0-8008-a695-1004494acce8
https://openai.com/index/learning-to-reason-with-llms/


○​ Automatic red teaming: DeepMind Sparrow employed targeted adversarial 
probing: raters were asked to find questions that make the agent violate any of 
23 dialogue rules; 

 
Customer Support 

●​ providing answers based solely on your support content 
●​ Trigger don’t know and connect to a person or a deep research 

 

Data 

Cheatsheet 

Requirement 
●​ Multilinguality (language coverage) 

○​ Coding (coverage) 
●​ Model size and computation budget 
●​ Context length 
●​ Multimodality 
●​ Tasks (coding, math, language understanding) 
●​ Cost (Storage–multi-tier) 
●​ Freshness 
●​ Factuality 
●​ Service? One-training or multiple training 
●​ Red teaming 

○​ Jailbreaking 
●​ Synthetic data 

○​ Off-policy generation 
●​ proprietary 

Metric 
●​ Topline 

○​ Model quality ⇒  
■​ perplexity on holdout validation dataset 
■​ Evaluation dataset 

○​ GPU throughput (idle time) 
●​ Proxy 

○​ Hardware/pipeline: 
■​ CPU utilization/memory utilization 
■​ Network throughput 

○​ Quality metrics:  
■​ coverage, quality (reward model) 



●​ topicality 
○​ performance 

■​ Checkpointing 
■​ Failure rate 
■​ tokens/s 

Angles of scaling law 
●​ Data, Parameter, Compute (Cost=train+inference) 
●​ Vocab size 

○​ Scaling Laws with Vocabulary: Larger Models Deserve Larger Vocabularies 
○​ Training loss falls linearly in log-space as input-vocabulary size grows 

(bytedance) 
○​ Meta-byte level transformer 

●​ Context length (RAG) 
○​ During training CL is schedule for different lengths 

●​ Scaling alignment 
●​ Diminishing return if one of N and D is fix and other one is scaling 

Common Problems 
●​ Diversity (topic, category) 
●​ Quality (emoji, hashtags) 

○​ adding cleaner clips beats adding more noisy ones once you pass ~10× 
model-parameter tokens. 

●​ PII 
○​ In multimodal (face blurring) 

●​ Alignment (when data comes from different sources – image/text/video/audio) 
○​ Aligning audio and ASR 

●​ (for multimodal) blurriness 
●​ Versioning and updates 

○​ Backward compatibility: schema, data distribution (increasing python code) 
●​ Lineage 
●​ Licensing (and continuous checking) 
●​ Decontamination 
●​ Incremental update 
●​ Synthetic data 
●​ Shuffling (local shuffling) 
●​ Checkpointing and failure recovering 

○​ Aligning model ckpt with data ckpt 
●​ Workload imbalance for multimodal 
●​ Data redundancy for experimentation 
●​ Red teaming at scale 
●​ Lack of proper benchmark dataset: there is a growing need for benchmarks which 

exemplify the nuanced requirements of real world long mixed-modality use cases 

https://arxiv.org/pdf/2407.13623


●​ Using annealing to evaluate new data sources is more efficient than performing scaling 
law experiments for every small dataset 

Pipeline Stages 
●​ Acquisition & Storage (versioning) 
●​ ETL (extract, transform, load) ⇒ html extraction ⇒ structured dataset like parque (or in 

google TFRecord) 
●​ Light pre-processing: safety/toxicity, PII 
●​ Normalization (resizing images, standardizing text format) 
●​ Deduplication (exact, fuzzy, semantic) 

○​ In multimodal Cross-modal dedup: drop text duplicates even if the video differs 
(and vice-versa) 

●​ Quality 
●​ Alignment and chunking 

○​ Cut videos into 2-30 s clips around subtitle punctuation 
○​ Align speech to frames via forced alignment; keep only windows where 

narrations and visual change co-occur  
●​ Sharding and sampling 

○​ Distributed File System/bject Store ⇒ NVMe ⇒ CPU In memory ⇒ GPU 
○​ (Tectonic” FS) and Hive tables 

●​ Metadata and versioning 
●​ Multiple view and multi-packing (tokenizer dependent) 
●​ Attach to training cluster 
●​ Online distributed data loading 
●​ Monitoring and validation 

 

Two type of pipeline 
●​ Offline batch  

○​ training job read this pre-processed data with minimal on-the-fly work 
○​ Pros: 

■​ Maximize throughput 
■​ Simpler training 
■​ Easier versioning 

○​ Cons: 
■​ Development iteration (on-the-fly change) 
■​ freshness 

●​ Online nearline (last mile) 
○​ Different view and packing 
○​ Stateless processing 
○​ A dedicated data service feeding the training process 
○​ subset of shards to ensure parallelism 
○​ Re-weight modalities as training progresses (Gemini upsamples 

domain-relevant video near the end 



○​ Meta design: storage ⇒ DPP master/workers ⇒ training nodes 
■​ Co-locating data preprocessing on the same machines as training was 

limiting throughput 
■​ Scale independently as training 
■​ The master/dispatcher node in such a system assigns work to workers 

and can dynamically increase or decrease workers based on demand 
(auto-scaling) 

■​  DPP service checkpoints data read positions (cursors) periodically 
○​ Pros: 

■​ Maximized Utilization 
■​ Caching 
■​ Lower Storage Overhead 
■​ Batch size scheduling and Context length scheduling 

○​ Cons: 
■​ Complexity 
■​ Instability 
■​ Network overhead 
■​  

●​ Design question: where does the data recipe sit?  
●​ Tradeoffs: 

 

Filtering and Quality 
○​ Language filtering: stop word ratio, C4/Gopher style, punctuation 
○​ Exact & near‑duplicate removal – MinHash/SimHash at URL or document level 
○​ semantic dedup like SemDeDup for long‑form content at document level 

■​ ImageBind for all modalities 
○​ Model‑based quality filter – Small LM or RoBERTa classifier trained on 

Wikipedia + Books as positives vs. random crawl negatives (FineWeb found this 
to be the most important filter stage) 

○​ PII scrubber (emails, phone, addresses). 
○​ Toxicity / hate / sexual content classifier (Perspective, ToxiChat, Llama‑Guard 2). 
○​ License & URL blacklists (copyright takedown lists, extremist sites). 
○​ malware removal 

Common Capabilities 
●​ Scaling law training vs test time 

○​ Scaling law, context length is fixed 
●​ Horizontal scaling to handle increasing data volumes 

○​ Tokens/s/CPU 
●​ Exact Duplicates, near duplicates, semantic duplicates 
●​ Quality measure 
●​ For image => thumbnails 
●​ Versioning 



○​ Version the code (transformation) or version data 
○​ a single history for data, code, and models (ladders) 

●​ Data Card 
●​ Sharding 

○​ Shard by size not count of samples 
○​ Shuffle at shard level – within shards data is pre-shuffled 
○​ Index and metadata about shards 

●​ Caching – Memory caching, SSD Cache,  
●​ Dev sets 

Tools: 
●​ Kubernetes: resource management 
●​ Airflow (DAG) 

Multimodal Dataset: 
●​ typically size of raw image for pre-training is 224x224x3 or 200k raw size 

 
●​ Training on high-quality synthetic data from strong language models (LMs) is a common 

strategy to improve the reasoning performance of LMs. 
○​ If compute is not a bottleneck 

Illustrative Example: Suppose we have 1 billion image-text pairs (~petabytes of data) plus 100 
billion words of text. The Spark offline job might run on a 100-node cluster for a few days to 
process all this into ~100k Parquet shards. Once done, we register version "v1" of the dataset. 
We then launch training on, say, 256 GPUs distributed on 32 nodes. We deploy 64 data service 
workers (could be 32 on the same nodes as GPUs using spare CPU, and 32 on separate 
CPU-only nodes if GPU nodes don’t have enough CPU – this depends on hardware balance). 
The data service master assigns portions of the Parquet dataset to each worker. As training 
starts, each GPU process requests data; the service ensures a steady supply, perhaps 
delivering ~10k samples/sec aggregate. If a worker dies at hour 10, the master reassigns its 
shard to another or restarts it – training possibly skips a beat but doesn’t crash. After training 
completes epoch 1, we can shuffle assignments for epoch 2 to ensure new mixing. Throughout, 
if we notice GPUs not fully utilized, we scale workers to 80. If we see workers are idle, we scale 
down to save power. The result is a smooth, high-throughput pipeline that kept our expensive 
GPUs busy (utilization ~90-100%) while being resilient to hiccups. 

Pipeline for (image/text) pair (CLIP) 
●​ Build a query set (unigram from wikipedia with 100 times, wikipedia titles, high pmi 

bigrams, etc) 
●​ Get images and their alt-text, caption, surrounding text that match above query 
●​ Filter resolution 
●​ Dedup (exact, semantic, etc) 
●​ Balance 



HowTo100M Videos 
●​ Get videos from HowTo  
●​ Filter to specific tasks 
●​ Search youtube with “HowTo” 
●​ Heuristic Filtering  
●​ Dedupe 
●​ Youtube Subtitles (with timestamp) 
●​ Convert videos to clip using line of subtitles 

 
 
Language models are few shot learners: 

1.​ Data mix: 
a.​ Diverse set of text data:  

i.​ Uncurated: Common Crawl (60% of training mix) 
ii.​ Curated: book Corpora, English Wikipedia, WebText2, news 

iii.​ Public domain social media conversations 
2.​ Data cleaning: 

a.​ Logistic regression for text quality on bunch of features, Tokenizer, HashingTF 
(hashing term frequency) ⇒ 40% reduction 

i.​ Feature hash based linear classifier ⇒ for speed 
ii.​ Detail on spark tokenizer and hashingTF 

1.​ Split by word (lowercase and remove punctuation) 
2.​ Hashing the word [0, numFeatures) 

a.​ numFeature 1M 
3.​ Counter to count frequency 
4.​ The classifier sees only that fixed‑size, sparse TF vector per 

document 
b.​ Fuzzy deduplication ⇒ Spark MinHashLSH on same feature set to remove near 

duplicates 
i.​ Across all corpora (dedup webtext from common crawl) ⇒ 10% reduction 
ii.​ Searched for and removed overlaps between the pretraining data and all 

downstream development/test sets 
c.​ It does not just filter out everything, it use Pareto distribution to sample ⇒ avoid 

systematic bias 
i.​ Pareto distribution is heavy tail models 80/20 rules (like wealth, file size) 

Evaluation contamination 
●​ This is big concern for evaluation data being in training 
●​ Simple approach: count number of n-grams (vary size of n) from validation in train. Call 

an overlap if an example has n-gram match in training.  
 
Order Matters in presence of data Imbalanced 

●​ Low resource tasks have issue of overfitting or not learning in Pareto distribution 
●​ Static sampling (like weight loss) does not help 

○​ Static sampling works when tasks are all in high data regime 



●​ Proposed some scheduling, where pre-train is on high resource follow by fine-tuned on 
low-resource and high resource 

○​ The second phase needs to be both to avoid catastrophic forgetting 
Smaller, Weaker, Yet Better 

●​ This is for reasoning model 
○​ For question q, generate reasoning r and answer a (q,r_i,a_i) 
○​ Filter samples that have wrong a_i 
○​ Calculate FPR as ones that have wrong reasoning r_i (but right answer) 

●​ Previous study showed that to improve performance of LM, it is better to sample from 
Strong Model 

●​ Under fixed compute budget it turns out sampling from smaller model is better 
○​ It results in larger volume, diversity but also lower quality (higher FPR) 

●​ Generating synthetic data using a stronger but more expensive (SE) model versus a 
weaker but cheaper (WC) model. 

○​ Coverage, diversity, FPR 
■​ Coverage: number of unique problems that can be solved 
■​ Diversity: number of solutions ber question 
■​ FPR: number of (q,r, a) with wrong r 

○​ pass@k percentage of questions that when we sample k solutions (with 
non-zero temp) at least one is correct 

○​ With smaller model we can have  more samples 
𝑃

𝑆𝐸

𝑃
𝑊𝑐

●​ Three paradigm of using synthetic data: knowledge distillation, Self-improvement, 
weak-to-strong 

●​ as a first‐order estimate, a dense transformer’s forward pass costs roughly 2 × P 
floating‑point operations per generated token, where P is the number of 
(non‑embedding) parameters used in inference 

 
 

Data Repetition (Anthropic paper) 
Scaling Laws and Interpretability of Learning from Repeated Data 

●​ Repeating the same data too many times can lead to overfitting and performance 
degradation 

●​ Intentionally for the purpose of upweighting higher quality data, or unintentionally 
because data deduplication is not perfect and the model is exposed to repeated data at 
the sentence, paragraph, or document level 

●​ performance of an 800M parameter model can be degraded to that of a 2x smaller 
model (400M params) by repeating 0.1% of the data 100 times, despite the other 90% of 
the training tokens remaining unique. 

●​ Repeated data induces a strong double-descent phenomenon:  data repeated a few 
times does not cause much damage to language model performance, data repeated 
very many times also does not cause much damage, but there is a peak in the middle 
where damage is surprisingly large. 

https://arxiv.org/pdf/2205.10487


○​ We suspect there is a range in the middle where the data can be memorized 
and doing so consumes a large fraction of the model's capacity, and this may 
be where the peak of degradation occurs 

●​ Depends on percentage of repetition 

Scaling Law 
●​ Three methods for scaling law 

○​ Method 1: 
■​ For a set of fix model parameters and varying number of training tokens, 

train the models and get N and D that result in min loss at every flop 
points (give N and D) 

○​ Method 2: IsoFlop 
■​ For a set of fix flops and set of fix model parameters, train the model till 

the flops hit, calculate the loss for each model parameters 
○​ Method 3: Fitting a parametric loss function 

 
●​ Kaplan et al. (2020) at OpenAI found that loss decreases as a power-law with respect 

to $N$, $D$, and $C$ 
○​ each additional doubling of model size or data yields a smaller improvement than 

the last (the power-law exponent is less than 1) 
○​ irreducible loss (approaching the entropy of the data distribution) 
○​ They suggested that larger models are significantly more sample-efficient 

■​ In other words, a bigger network can achieve lower loss than a smaller 
network given the same number of tokens seen 

○​ unequal scaling: model size should increase faster than data. 
■​ GPT-3, for instance, used ~300 billion tokens for 175 billion parameters 
■​ “bigger is better” up to the compute limit – and that undertraining a large 

model was more efficient than fully training a small one 
●​ Chinchila 

○​ Challenge the previous finding 
○​ Model size and dataset size should be scaled in roughly equal measure 
○​ $\alpha_N \approx 0.34$ and $\alpha_D \approx 0.28$  
○​  the discrepancy was due to differences in experimental regime 

■​ Narrower model size/data size in Kaplan study 
■​ Did not consider embedding 
■​ Did not consider irreducible losee 

●​ scaling laws also highlight diminishing returns and the presence of an irreducible loss 
floor. 

○​ For natural language, this entropy is not zero; there is inherent unpredictability in 
human text 

●​ higher-quality or specialized data: LLama upweight wikipedia and books in data mix 
(multiple epoch during training) 

●​ Multi-linguality: past a certain size, adding non-English text can improve a model’s 
versatility 



●​ Data Augmentation or Synthetic data generation now that we are in data bottleneck 
regime 

●​ Chinchilla’s scaling law analysis assumes the infinite data regime (no repetition) 
●​ As models and data scale, running evaluation on validation sets also becomes costly 

○​  Often only a subset of data or tasks can be evaluated during trainin 
●​ Extrapolating scaling law (model ladders) 
●​ GPT-3 (2020). With 175B parameters and trained on 300B tokens 
●​ Instruct-GPT: This signaled that “scaling alignment” (finding methods to better control 

large models’ behavior) was as important as scaling the model itself. 
●​ rather, they emphasize capabilities (passing exams, etc.). This aligns with a 

post-scaling-law view: it’s not just size, but how you use it 
○​ useful capabilities per unit compute, not just scaling for its own sake. 

●​ Deepmind Gopher: One finding was that scale gave the biggest boosts on 
knowledge-intensive and reading comprehension tasks, while logical and arithmetic 
tasks saw less benefit – hinting that simply making models larger helped more with world 
knowledge than with reasoning. 

●​ RETRO: (retrieval/memory enhanced) not everything needs to be solved by brute-force 
parameter count 

●​ PaLM: If one has more compute to spend, scaling further still yields gains (PaLM 
showed strong performance on reasoning tasks, especially when combined with 
prompting strategies like chain-of-thought) 

●​ Google’s GLaM (2022) used a 64-expert MoE to achieve strong performance at half the 
training cost of dense GPT-3. These models validate the idea that sparsity can bend 
the scaling curve – effectively, they achieve lower perplexity for a given compute 
budget than a dense model would 

●​ They introduced Constitutional AI, a method to align models by having the model 
critique and refine its outputs according to a set of principles. 

●​ Meta’s papers on LLaMA emphasized the importance of data diversity (e.g. including 
more conversation data improved instruction following) 

●​ inference-optimal scaling: if you expect to serve a model heavily, it might be worth 
training it longer (more data) to make it smaller and cheaper per query 

●​ Vision models have their own scaling curves (e.g. scaling image resolution or dataset 
size yields better visual understanding) 

●​ Training curves follow predictable power-laws whose parameters are roughly 
independent of the model size. By extrapolating the early part of a training curve, we can 
roughly predict the loss that would be achieved if we trained for much longer. 

●​ Beyond Chinchila (Mosaic ML) 
○​ https://arxiv.org/pdf/2401.00448  
○​ if you expect a certain amount of inference demand for your model of a given 

size (number of parameters), you should actually train a smaller model for much 
longer, until you reach the same quality as the large model 

○​ This is the exact converse of the Kaplan and Chinchilla papers, where compute 
cost was fixed and model size and data were varied to minimize the pretraining 
loss. 

https://arxiv.org/pdf/2112.11446
https://arxiv.org/pdf/2401.00448


 
●​  token-to-parameter ratios ranging from 1k to 10k 

●​  ⇒ (after inference cost)  𝑁 ∼ 𝐶0.46,  𝐷 ∼ 𝐶0.54 𝑁 ∼ 𝐶0.57,  𝐷 ∼ 𝐶0.43 
 

Anthropic (rare language model behavior) Scaling Law output risk 
https://www.anthropic.com/research/forecasting-rare-behaviors 
normally we scale model size and measure error; here they scale the number of attempts 
and measure worst-case outcomes 

●​ “scaling laws for problematic behaviors”. For example, forecasting rare dangerous 
behaviors 

●​ scaling laws on the distribution of outputs to anticipate risks 
●​ run experiments to check for complex behaviors like deception, and attempt to identify 

early warning signs of misalignment. 
●​ Mismatch of volume between evaluation and real use case 
●​ If concerning behaviors are rare, they could easily be missed in the evaluations. 
●​ For example certain jailbreak template might work when it is tried millions 
●​ What’s needed is a way to forecast the rare behaviors, extrapolating from the relatively 

small number of instances we’ve observed before deployment. 
●​ what the worst-case risks would be with (say) millions of queries 

Emergent 
●​ Data is limited: we have “picked the low-hanging fruit” of internet text. Future models 

might need: 
○​ to incorporate fresh data (e.g. from user interactions) or leverage new modalities 
○​ Synthetic data 

■​ The risk of synthetic data is distribution drift (model amplifying its own 
mistakes), so careful “data steering” will be crucial 

○​ RAG (WebGPT) 
●​ neural scaling strategies: for instance, progressively growing a model during training: 

start with a smaller model, then increase layers or width as training progresses 
○​ Curriculum learning of model capacity 

●​ data/param/flops ⇒ cost = training + $\lambda \times$ inference. Solving the optimal 
point for that combined cost is a new research direction 

●​ Emergent capabilities: our evaluation benchmarks are saturating 
●​ Alignment:  

○​ larger models are better at understanding nuanced instructions and can be 
taught through fine-tuning to avoid certain behaviors 

○​ a larger model is more likely to learn unwanted things from its massive data, and 
if it does go wrong, its outputs could be more convincing or more impactful 

https://www.anthropic.com/research/forecasting-rare-behaviors


Pre-training data and scaling 
https://chatgpt.com/c/68043eb6-3208-8008-b0b7-ac5c8533cf33 
 
Coding 

●​ How many programming language to cover 
●​ JSON and YAML is also part of the code 

 
●​ how scaling approaches might need to be modified in the face of inference constraints 

 
Q: What are the practical limitations or downsides of simply scaling up model parameters and 
data indefinitely? 

●​ diminishing returns in performance​ klu.ai,  
●​ huge computational cost 
●​ data availability bottlenecks, 
●​ issues like longer training times or overfitting if scaling is not done properly. 

 
DataComp 

●​ DataComp give 240T dataset (but duplicate) 
○​ unfiltered web-text corpus comprised of all Common Crawl data prior to 2023. 

●​ DataComp is a framework to measure the impact of data on model quality 
○​ It combines a internal data with algorithms for filtering, dedupllication with 

external dataset 
■​ Mixing 

●​ Deduplication, filtering, and data mixing 
●​ Model-based filtering is key to assembling a high-quality training set. 

 
●​ Deduplication filtering: 

○​ Approach 1: For deduplication, we explore MinHash 
■​ locality-sensitive hashing (LSH) technique that lets you quickly estimate 

the Jaccard similarity of two very large sets 

https://chatgpt.com/c/68043eb6-3208-8008-b0b7-ac5c8533cf33
https://klu.ai/glossary/scaling-laws#:~:text=Research%20has%20shown%20that%2C%20in,computational%20cost%20and%20data%20availability


■​ Note, we do hash and then see if there is collision (with threshold t) and if 
there is we remove it 

○​ Approach 2: near-duplicate Bloom filtering 
■​ A Bloom filter is a space-efficient, probabilistic data structure that answers 

“Is x in this set?” with two possible outcomes: 
●​ Definitely not in the set (no false negatives) 
●​ Possibly in the set (false positives are allowed, with controllable 

probability) 
●​ Model-based filtering 

○​ Page rank score 
○​ Semantic Deduplication (SemDedup) to remove documents with similar 

informational content 
○​ Linear classifier based on fasttext 
○​ askLLM 
○​ Perplexity filtering 
○​ Top-k average logits 

●​ Human judgement 
○​ Prior work suggests that using human annotators may introduce undesired bias 

or noise into the data due to under-training of the annotators for the task, lack of 
skill or motivation, or unintended leakage of subjective 

○​ Average inter-annotator agreement is 71% 
○​ Even if we have a lot of budget don’t use human annotation 
○​ Fasttext is better, human and askLLM are worse for downstream 

■​ Lack of diversity 
○​ We hypothesize that human curators may create datasets that lack 

sufficient diversity 
●​ DataMixing: 

○​ 67% CC, and 33% from Wikipedia, Books, Stack exchange, arXiv, and Github. 
●​ Decontamination 

○​ we flag pages that contain the question text along with at least one of the 
corresponding answer options for a given example 

○​ In order to improve recall for MMLU, which contains some long passage-based 
we opt to detect only the last sentence from each question 

 
Chichilian Law 

●​ How would you determine the appropriate scale of the training dataset for a new LLM 
model? 

○​ Perplexity on held‑out corpora 
○​ Perplexity in training data 
○​ Cost ceiling 
○​ Pick an initial operating point on the compute‑optimal frontier 

■​ Chichilian law:   Llama-3 𝐶(𝑐𝑜𝑚𝑝𝑢𝑡𝑒) α 𝑃 (𝑀𝑜𝑑𝑒𝑙 𝑠𝑖𝑧𝑒) 𝐷 (𝑑𝑎𝑡𝑎),  𝐷 =  20𝑃
went way above Chichilian law 

●​ For MoE: 25x 

https://arxiv.org/pdf/2203.15556


■​ Budget 30%-50% for filtering 
○​ Train small models (e.g., 0.1 ×, 0.3 × target P) on log‑spaced data subsets 

(e.g., 0.1 T, 0.3 T, 1 T tokens). 
●​ Some points on quality: 

○​ N-gram entropy 
○​ Have threshold and increase threshold until validation perplexity stop improving 

●​ Have 10% of the budget for experimentation 
●​  𝑁

𝑜𝑝𝑡
(𝐶),  𝐷

𝑜𝑝𝑡
(𝐶) =  𝑎𝑟𝑔

𝑁, 𝐷 
min 𝐿(𝐷,  𝑁)  𝑠. 𝑡.  𝐶(𝑁, 𝐷) = 𝑓𝑖𝑥

○​ They assume  𝐶 = 6𝑁𝐷

●​ IsoFlop curve  
●​ Plot IsoFlop curve:  

○​ get a set of models with P1, P2, .. PN 
○​ Train with pair (P1, D) so that Flops remains constant (D is approximated as 

FLOPs/(6P_i)) 
○​ Get the loss 

●​ Note, scaling law does not say overtrain results in overfitting. It says given the 
compute and data you would have better off to increase parameter 

○​ This does not consider serving 
●​ IsoLoss concur 

○​  
○​ Note that when flops is constant, when model size goes up, data comes down, so 

model might be undertrained 



●​  𝐿𝑜𝑠𝑠 =  𝐴𝑁−α + 𝐵𝐷−β + 𝐸
●​ Chinchilla solves the equation and conclude that optimal compute is to have 

  α = β
○​ In other words the number of parameters and data should scale similarly 
○​  the model size and the number of training tokens should be scaled equally 

 
Scaling Laws of Synthetic Data for Language Models (for post training) 

●​ Generic scaling law for pre-training 

○​  N is model parameter and D is data volume 𝐿𝑜𝑠𝑠 =  𝐴𝑁−α + 𝐵𝐷−β + 𝐸
●​ Generic scaling law for fine-tuning 

○​  ,   is the prior (latent) knowledge from pre-training 𝐿𝑜𝑠𝑠 =  𝐴

𝐷
𝑙
+𝐷α + 𝐸 𝐷

𝑙

●​ Scaling laws that relate model size (P), data size (D) and loss (L) still hold when the data 
are machine‑generated—but two extra variables enter the game: 

○​ Quality discount (q): (practically q is 0.1 and 0.3) ⇒ how much information per 
token new synthetic data carries compare to web token 

○​ Pruning strategy:  (push q to 0,7) ⇒ do you remove synthetic data for obvious 
error and redundancy 

●​ Predictable power‑law: synthetic data fall on the same curve as organic once you 
discount by q. 

●​ SynthLLM: way of generating synthetic data from pre-training data for 
post-training 

●​ Synthetic data is one way of a way to amplify and extend the utility of existing 
human-generated data, 

●​ There is diminishing return 
●​ Bigger model needs fewer synthetic data! 

○​ To improve: 
■​ Deliberate practice: generate on fly and use the one that increase 

loss of teacher 
●​ pre-training corpus—being both vast and highly diverse—still remains an underutilized 

resource for scalable synthetic data generation 
○​ Autonomously identifies and filters high-quality web documents within a target 

domain 
○​ we generate large-scale, diverse questions by employing open-source LLMs 

through three complementary methods, each strategically designed to 
progressively enhance question diversity 

○​ we produce corresponding answers (or responses) to these generated questions, 
again utilizing open-source LLM 

 
Establishing Task Scaling Laws via Compute-Efficient Model Ladders 

●​ Task scaling law and model ladder to predict task performance on pre-trained LLM in 
over-trained setting 

●​ Two stage approach 
○​ Use model and data on IsoFlop graph to predict task loss 

https://arxiv.org/html/2503.19551v2?utm_source=chatgpt.com


○​ Use the task loss to predict task performance 
○​ Why don’t do it in one shot? 

●​ The small scaled experimental models are called ladder models 
●​ Training the ladder models takes only 1% of the compute 
●​ Only compute optimal and overtrained models 
●​ We show that using less compute to train fewer ladder models results in worse 

predictions 
●​ The LR goes into 10% of the peak 
●​ Task loss: (convert multi choice to text completion) as the negative loglikelihood of the 

correct answer sequence, divided by its length in bytes. This is also known as the 
bits-per-byte (bpb) metric. 

●​ Goodness of function fit 

●​  𝐿(𝑁, 𝐷) = 𝐸 + 𝐴𝑁−α + 𝐵𝐷−β

●​ We minimize the Huber loss between the logarithm of predicted and actual loss 
○​ Huber-loss linear but quadratic near zero 

○​ We have a dataset of {N_i, D_i, L_i} ⇒  1
𝑛

𝑖
∑ ℎ𝑢𝑏𝑒𝑟

δ
(𝐿

𝑖
− 𝐿(𝐷, 𝑁))

○​ If we use C directly to calculate fit, the error is worse 
■​ has fewer free parameters than 

●​ take the average task loss over the last 5 checkpoints of each ladder model. 
●​  𝐴𝐶𝐶(𝐿) = 𝑎

1+𝑒𝑥𝑝(−𝑘(𝐿−𝐿
0
)) + 𝑏

●​ The choice of a sigmoidal functional form is motivated as follows: a weak model has 
high task loss and random task accuracy, and a strong model has low task loss and high 
task accuracy that saturates at 100%. 

●​ Short Commings 
○​ questions that are too difficult for small models to answer may result in a task that 

is more challenging for the ladder to predict 
○​ High variance in task loss, resulting in less reliable data points for function fitting. 
○​ High variance in task accuracy, leading to a higher spread of prediction targets. 
○​ Random-chance task accuracy in the ladder models, due to a task being too 

difficult to observe any signal from small models. 
●​ If we do it in one shot 

○​ We can combine the accuracy curve and loss curve but we  
■​ lose the prior 
■​ Have many parameter to fit 
■​ Can’t use intermediate ckpts 

 
Language models scale reliably with Over-training and on downstream tasks 

●​ Question: Does scaling follow reliable trends in the overtrained regime. 
●​ There remain gaps between current scaling studies and how language models are 

ultimately trained and evaluated 
●​ Scaling is usually studied in the compute-optimal training regime while most models are 

overtrained to reduce inference cost 



●​ Defines token multiplier M = D/N (how much more data compare to parameters) 
○​ Larger values of M specify more over-training 

●​ As larger models are more expensive at inference, it is now common practice to 
over-train smaller models 

●​ ,  is independent of M but  depends on M 𝐿 = λ𝐶−η η λ
○​ In log-log scale, the slope of compute loss doesn’t change with 

overtraining but the intercept does 
■​ Multiple M result in parallel log-log L-C lines 

●​ Scaling laws fit to small models can accurately predict the performance of larger models 
that undergo more over-training 

●​ We establish a power law relationship between language modeling perplexity and the 
average top-1 error on a suite of downstream tasks 

●​ we observe that average top-1 error decreases exponentially as a function of 
validation loss, which we formalize as a novel scaling law 

●​ , where E is minimum error possible (irreducible loss) and  is 𝐿(𝐶) = 𝐸 + 𝐿'(𝐶) 𝐿'(𝐶)
power law to C 

●​ Scaling in the over-trained regime follows consistent power law exponents. 
○​ Notice parallel lines in the log-log plots of reducible loss vs. training compute for 

a range of token multipliers M ⇒  𝐿'(𝐶,  𝑀 = 𝐷
𝑁 ) = λ(𝑀)𝐶−η(𝐶)

●​ While loss should be higher than in the compute-optimal allocation for a given training 
budget, the resulting models have fewer parameters and thus incur less inference cost. 

●​ In scaling law we find that  and  should be equal ⇒ one should scale N and D same α β
order 

○​ We can reparameterize scaling law as  𝐿(𝐶,  𝑀) = 𝐸 + (𝑎𝑀η + 𝑏𝑀−η)𝐶−η

●​ Loss is smoother than accuracy 
●​ Grid search for compute-optimal for hyper parameter ⇒ don’t change it for 

overtraining  
 
 
ADAPTIVE DATA OPTIMIZATION (ADO) 

●​ Finding best data policy 
●​ The composition of pretraining data is a key determinant of foundation models’ 

performance, 
○​ There is no standard guideline for allocating a limited computational budget 

across different data sources. 
●​ Two naive approaches: 

○​ Experiment on smaller model 
■​ the optimal data policy for a smaller model does not necessarily 

generalize to larger models 
○​ Dynamic data adjustment using proxy models 

■​ The fundamental premise of a foundation model is to serve as the basis 
for all reasonable downstream tasks; explicitly relying on a fixed set of 



downstream tasks to pick pretraining data distribution risks unintentionally 
overfitting to the downstream tasks 

○​ Overall limitation: requires extra compute 
●​ ADO: algorithm that adjust data distribution in an online fashion concurrent w/ model 

training 
○​ TL;DR using per-domain scaling law to estimate learning potential of each 

domain ⇒ adjust the data mixture accordingly 
○​ Data mixture adapt itself based on feedback from model 

■​ Based on scaling law ⇒ potential improvement ⇒ contribution to loss 

○​   𝐿 = ϵ + β𝑛−α →  𝑑𝐿
𝑑𝑛 =− 1

𝑛 α(𝐿 − ϵ)

○​ An intuitive approach would be to prioritize sampling domains where the 
model will learn quickly: e.g., we could sample from domain k in proportion to 

 1
𝑛

𝑘

●​ It is similar to curriculum learning but there the curriculum is fixed 
●​ Add credit, do temporal average, etc 

 
 
Data Sampling 

●​ Temperature-based  (  proportional) 𝑃
𝑑

=
𝑛

𝑘
1/τ

𝑘
∑ 𝑛

𝑘
1/τ

τ = 1

●​  Scheduling 
○​ Domain ramp: Llama-2 ramp coding last 200B 
○​ Annealed temperature 

Data Filtering 

 
 

●​ Collection: grab everything you might want ⇒ add meta data such as language ID 
(fastText), or dedup 

●​ Multi-stage filtering: 
○​ Language filtering: stop word ratio, C4/Gopher style, punctuation 
○​ Exact & near‑duplicate removal – MinHash/SimHash at URL or document level 
○​ semantic dedup like SemDeDup for long‑form content at document level 
○​ Model‑based quality filter – Small LM or RoBERTa classifier trained on 

Wikipedia + Books as positives vs. random crawl negatives (FineWeb found this 
to be the most important filter stage) 

○​ PII scrubber (emails, phone, addresses). 
○​ Toxicity / hate / sexual content classifier (Perspective, ToxiChat, Llama‑Guard 2). 
○​ License & URL blacklists (copyright takedown lists, extremist sites). 

●​ Weighting 
●​ Toxic 



○​ Keep a toxicity score per document; feed it to the sampler so “unsafe” text is still 
seen but at lower rate. 

○​ Evaluate on RealToxicity 
○​ Llama‑3 marks—but does not drop—policy‑violating snippets; they are filtered at 

inference via Llama‑Guard 2. 
●​ Lesson learned: 

○​ Tag, don’t drop, borderline‑toxic docs—let the sampler decide. 
○​ Track toxicity & bias metrics every epoch 

 
StarCoder v2 

●​ Datasource: GitHub pull requests, Kaggle, notebooks, and code documentation 
(Documentation from package managers like pypi) 

○​ Documentation from websites We collect code documentation from a carefully 
curated list of websites 

○​ 4T tokens 
●​ From Github: only the latest commit and latest main branch 

○​ Consider licensing 
○​ Basic Filters: 

■​ Remove files with Long line, remove files with too many lines, remove 
autogenerated (regex) 

■​ Alpha filter: we remove files with less than 25% of alphabetic characters 
for all languages 

●​ Github issues: 
○​ Basic Filters: 

■​ Remove issues with short message, very small interactions, bot 
generated 

●​ Github pull request: 
○​ we do not have access to the commit diffs, we generate them by identifying 

changes between files at the same path 
○​ Basic Filters: 

■​ We remove PRs that 1) have been opened by bots, 2) consist only of 
comments by bots, 3) have a non-permissive license, 4) have been opted 
out, 5) changes the base during the PR, 6) are not approved or merged, 
or 7) lack initial diffs ( 

●​ StackOverflow 
○​ Basic Filters: We filtered out questions with fewer than three answers 

●​ Processing pipeline: 
○​ Deduplication, Remove PII, benchmark decontamination, malware removal, 

opt-out deletion requests 
●​ For small models reduce the coverage of programming language (Similar to 

translation) 
●​ We prepend the repository name and file paths to the context of the code file with 50% 

probability 



○​ Prompt: 
<repo_name>reponame<file_sep>filepath1\ncode1<file_sep>fil
epath2\ncode2 ... <|endoftext|>. 

●​ We explore training with repository-context, wherein files from the same 
repository are grouped together. While we considered various methods for 
grouping files within the repository, we ultimately arranged them in a random 
order within the same repository 

●​ FIM (fill in middle) ⇒ very practical in coding ⇒ part of pre-training 
○​ <repo_name>reponame<file_sep>filepath0\ncode0<file_sep><fi

m_prefix>filepath1\n 
code1_pre<fim_suffix>code1_suf<fim_middle>code1_mid<file_s
ep> ...<|endoftext|> 

●​ For long context, they change \teta 
 
 
D4: Improving LLM Pre-training via Document De-Duplication and Diversification 

●​ Careful data selection (on top of de-duplicated data) via pre-trained model embeddings 
can speed up training (20% efficiency gains) and improves average downstream 
accuracy on 

●​ Furthermore, we show that repeating data intelligently consistently outperforms 
baseline training 

○​ while repeating random data performs worse than baseline training 
●​ MinHash ⇒ cluster-based/embedding-based dedup 
●​ SemDeDup  
●​ In the data-limited regime, where we run out of data and must epoch over data, cleverly 

choosing what data to repeat can beat training on randomly selected new data 
●​ High density clusters ⇒ artifact of web crawling 

○​ Ads of Nike Shoes that were automatically generated from a single underlying 
template with minor modification 

●​ SemDeDup 
○​ Step 1: K-means to cluster embedding space 
○​ Step 2: Removing points in each cluster that are within epsilon balls of one 

another. 
●​ Prototypical 

○​ Step 1: K-means clustering of embedding space 
○​ Step 2: discarding data points in increasing order of their distance to the nearest 

cluster centroid  
 
 

Fuzzy Deduplication 
●​ Exact deduplication requires significantly less compute, we typically will run exact 

deduplication before fuzzy deduplication 
○​ It also can drop 30-40% of CC data 

https://arxiv.org/pdf/2308.12284


●​ The language detection and extraction step reduces the number of documents 
significantly (25% En and non-empty) 

●​ N-gram fasttext classifier 
○​ Positive: books, Wikipedia 
○​ Negative: random negative from text extraction 

●​ Detecting semantically or structurally very similar 
○​ Exact hashing MD5/SHA1 

■​ cryptographic hashes (MD5/SHA-256) that explode on any bit flip 
●​ Blocking / indexing tricks such as LSH, MinHash signatures, or clustering to avoid 

all-pairs 
●​ Tune thresholds per domain; hierarchical or multi-stage pipelines 
●​ Algorithm: 

○​ Break into k-grams (shingles) – 192 or 256-dim MinHash ⇒ index using minhash 
so similar Jaccard signatures land in same buckets 

■​ Pros: 
●​ web-scale 

■​ Cons: 
●​ Sensitive to shingle size 
●​ duplicates that reorder blocks may slip through 

○​ Embedding similarity: Sentence or document level embedding ⇒ use FAISS for 
ANN 

■​ Pros: 
●​ Semantic and cross language 

■​ Cons: 
●​ small to mid-size corpora 
●​ Higher compute cost 
●​ Embedding drift between updates 

○​ TF-IDF vector, Levestein (edit distance) 
■​ Edit distance ⇒ spell mismatch, OCR, diff 
■​ Jaro ⇒ names/contact dedup, entity resolution 

●​ Counts characters that match within a small window and penalises 
out-of-order swaps 

●​ Diff with Levestein:  “martha” ↔ “marhta” Edit distance:2 
Jaro: 

■​ Smith–Waterman ⇒ Local Sequence Alignment 
●​ Best matching substring 

 



 
 

●​ Key levers: 
○​ K-gram (shingles) small k (high recall) but increase false positive ⇒ 10-gram 
○​ Higher hash dim ⇒ increase recall but increase ram index 
○​ LSH bands/rows: Controls candidate set size; calibrate so each doc compares 

with ≈50–200 others. 
○​ Test-set leakage: Dedup training against eval sets with higher-recall settings. 

 
Using DeepSpeed and Megatron to Train Megatron-Turing NLG 530B, A Large-Scale 
Generative Language Model 

●​ 2-gram fastText model—i.e. a bag-of-words / bag-of-bigrams linear classifier. 
●​ We set our LSH parameters in such a way as to increase the likelihood that documents 

with Jaccard similarity ≥ 0.8 would occur in at least one LSH bucket together. 
●​ Specifically, we used 20 bands of size 13 for a total of 260 hash functions 
●​ After performing LSH, we processed each bucket and calculated an approximation of the 

all-pairs Jaccard similarity in order to remove false positive duplicates introduced by LSH 
○​ sampling a random document d_i calculating the Jaccard similarity with 

everything remaining in the bucket, removing those documents above the 0.8 
threshold and marking them as duplicates of d_i 

●​ convert bad unicode text to good unicode text 
●​ Langdetect 
●​ Decontamination 

○​ We use n-grams to remove texts that occur in the downstream tasks from the 
training datasets.  

○​ When we find an n-gram match between a task document and a training 
document, we split the training document into two pieces by removing the n-gram 
along with 200 characters from both of its sides. 

○​ We also remove any split training document with fewer than 200 characters, or 
training documents which were split more than 10 times 

 

MinHash 
●​ Pr [the two signatures match on a particular hash] = J(A,B) 
●​ If you compute k such hashes, the fraction of positions in which the two signatures are 

identical is an unbiased estimator of the Jaccard similarity and converges quickly (error ≈ 



1/√k). The signatures are small (k × 4 bytes) and can be indexed with Locality-Sensitive 
Hashing 

○​ When we say 128-256 dim Minhash it refers to hash-functions 
○​ It means: 256x4byte matrix 

●​ 5-grams (characters) work for noisy text; 2- or 3-word shingles work for more 
semantically faithful matching. 

●​ Weighted or TF-IDF MinHash, b-Bit minHash 
●​ What counts as a token is up to you, it can be character level or word level 
●​ B-bit Minhash 

○​ A vanilla MinHash signature keeps one full integer (32- or 64-bit) for every hash 
function 

○​ you can throw away all but the lowest b bits of each integer and still recover an 
unbiased estimator of the Jaccard similarity 

●​ Bands: 
○​ When we have N documents and m-dim minHash we have mxN matrix. One way 

to find is to 
■​ 1. Create r rows as one bucket 
■​ Stick the values in the bucket and hash it 
■​ If two documents fall in same bucket they are candidates 

○​ Exhaustively comparing every pair of nnn-dim vectors is O(N^2). Banding lets us 
block “obviously-dissimilar” pairs and only compare things that share a hash in at 
least one band. 

●​ In large scale MinHash LSH you have three levers 
○​ n-gram 
○​ K: Minhash dimension or number of hash functions 
○​ r: number of bands for hash values 

 

SimHash 
●​ (1) Tokenize & weight features → vectors.  
●​ (2) Multiply by a set of random hyperplanes.  
●​ (3) Record the sign (+ / −) of each projection as a bit. 
●​ The NAACL-2025 industrial paper shows SimHash is ~10× faster and more 

memory-efficient than MinHash-LSH because it stores just one 64-bit fingerprint per doc 
instead of hundreds of band hashes. 

 

Embedding based dedup 
●​ Distance test: At ingestion time you compute k-nearest neighbours for the new vector 

(usually with cosine or inner-product distance). If the nearest neighbour is within a 
threshold τ, the item is flagged as a duplicate or near-duplicate; otherwise it is inserted 
into the index. 

●​ Tiered index  



●​ IVF-PQ (Inverted-File + Product Quantization) is one of the classic indexing schemes for 
approximate nearest-neighbor (ANN) search in high-dimensional vector spaces. 

○​ k-means codebook, then keep an “inverted list” of the vector IDs that fall in each 
cell 

○​ Represent each residual vector with a short code built by concatenating m 
sub-vector codewords chosen from small sub-codebooks 

○​ Algorithm 
■​ Coarse codebook training (IVF):  

●​ Run k-means on a training sample to learn K = nlist centroids 
■​ Product quantizer training (PQ) 

●​ For each of m sub-spaces (dim/m), run k-means with 256 centers 
●​ Optionally apply an orthogonal rotation beforehand (OPQ) to 

decorrelate dimensions. 
■​ Indexing the database 

●​ For every vector x 
○​ a. Find its nearest coarse centroid c and push the vector’s 

ID into that centroid’s list. 
○​ b. Store the residual r = x − c as a PQ code of m bytes (for 

8-bit sub-quantizers). 
●​ (FAISS) Hierarchical Navigable Small-World (HNSW) is a graph-based index for 

approximate nearest-neighbour (ANN) search 

Vectorizer 
●​ Sklearn has multiple ways of vectorizing text 

○​ HashingVectorizer is Scikit-Learn’s streaming-friendly alternative to 
CountVectorizer / TfidfVectorizer 

○​ Every token is sent through a fast, fixed hash function (MurmurHash3) and the 
hash value is taken modulo a chosen output dimensionality n_features. The 
resulting indices form a sparse bag-of-words (or n-gram) matrix that can be fed to 
any linear model 

Questions and Practical approaches: 
●​ RLHF vs SFT 

○​ Explicit, unambiguous labels (factuality) ⇒ SFT 
■​ Deterministic or near deterministic tasks → objective is clear and 

downstream objective match training objective 
○​ Stylistic or narrow domain shift ⇒ SFT (RLHF hardly justified) 

■​ Small behavior nudges such as Adding tool‑use schemas, API 
calling formats, JSON compliance, minor persona tweaks. 

○​ Subjective quality / multiple correct answers ⇒ RLHF 
○​ Multi‑objective trade‑off (helpfulness + harmlessness + honesty, low toxicity) ⇒ 

RLHF 



○​ High‑stakes safety or policy compliance ⇒ RLHF 
■​ Healthcare, finance, legal—where wrong tone or hallucinations have real 

cost. 
■​ RLHF can explicitly down‑weight hallucinations and enforce conservative 

refusals. 
○​ Bandit feedback / implicit signals in product ⇒ RLHF (on-policy) or RLAIF 

●​ RLHF 
○​ how would you detect if the main model starts gaming the reward (producing 

high-scoring but nonsensical outputs 
■​ See here 

○​ RLHF on multimodal 
●​ Hallucination 

○​ How do you mitigate and prevent Hallucination: 
○​ hallucinations and errors (perhaps by improving the model’s factuality or adding a 

verification step) 
●​ Interpretability and Internal Inspection: Understanding why a model produces certain 

outputs is important for safety and debugging. Question: What tools or methods would 
you use to interpret the internals of a large Transformer like Gemini? Discuss 
possibilities like analyzing attention patterns, tracing activation paths (mechanistic 
interpretability), or visualizing what neurons or heads have learned​arxiv.org. How could 
interpretability research aid in identifying unsafe reasoning (such as a chain of thought 
that leads to a harmful answer) and possibly prevent it? 

 
 

Model Editing 
●​ Generalizability: 

○​ Michael Jordan is … 
○​ What does Michael Jordan play? 

●​ Specificity: 
○​ What does Kobe Bryant play? 

 
Deep Research 
Right of being forgotten 

Fine-Tuning and Adaptation Methods 
●​ Knowledge Direct Preference Optimization (KDPO) 

○​ Use the current knowledge as a negative sample and the new knowledge we 
want to introduce as a positive sample in a process called DPO 

●​ Parameter-Efficient Fine-Tuning 

https://arxiv.org/html/2311.04131v5#:~:text=Mechanistic%20interpretability%2C%20a%20sub,as%20neurons%20or%20attention
https://chatgpt.com/c/68119797-f18c-8008-b704-3797fb15524f
https://chatgpt.com/c/6812bf48-eb7c-8008-94f8-56cb20320797


Direct Parameter Editing (locate and edit) 
ROME 
 
MEMIT 
 

Adding Memory Modules and New Parameters 
 

●​ TRANSFORMER-PATCHER: ONE MISTAKE WORTH ONE NEURON 
○​ Sequential Model Editing 
○​ adding and training a few neurons in the last Feed-Forward Network layer 

●​ GRACE:  
○​ ​​discrete key-value adaptors that act as an external memory of edits 
○​ When an edit is made, a new key-value entry is added to a codebook (the 

“memory”) rather than changing model weights. At inference, the model checks 
this codebook – if the input’s latent representation matches a stored key (i.e. 
corresponds to an edited fact), the adaptor injects the value which represents the 
corrected output​ 

●​ RAG: 
○​ Similar to GRACE but in model input prompt 

Gradient Ascent 
Machine unlearning of pre-trained large language models 
treating the forget set as **“negative data’’ and running a few steps of gradient ascent (i.e. 
maximizing the log-loss on those examples) is one of the simplest ways researchers make a 
language model “unlearn’’ specific training samples. 

●​ Gather a forget set U and (optionally) a retain set R (in-distribution data you still care 
about). 

●​ Do both gradient ascent and descent in same batch 
○​ Helps robustness 

●​ Pros: 
○​ Cheap, work with peft 

●​ Cons: 
○​ No guarantee for deletion (as opposed to ROME) 
○​ Hard to target specific token 

Large Language Model Unlearning via Embedding-Corrupted Prompts (ECO) 
●​ enforce an unlearned state at inference time instead, 
●​ Fine-tuned RoBERTa/Llama 1 B detects whether an incoming query is in the “forget” 

domain 
●​ If the classifier fires, the user prompt’s token embeddings are selectively perturbed 

before being fed to the frozen LLM. 
●​ Cons: 

https://aclanthology.org/2024.acl-long.457.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/d6359156e0e30b1caa116a4306b12688-Paper-Conference.pdf


○​ No formal privacy guarantee – “weak” output-space unlearning; model weights 
still contain the information. 

 

Function/Tool calling 
●​ OpenAI function calling update: 

https://openai.com/index/function-calling-and-other-api-updates/ 
●​ MSFT blog on using SLM for function calling: 

https://techcommunity.microsoft.com/blog/machinelearningblog/fine-tuning-small-langua
ge-models-for-function-calling-a-comprehensive-guide/4362539 

 
Overall for function/tool calling there are two broad usages: 

1.​ Asking LLM to do something (Agentic) ⇒ buy ticket, plan trip 
2.​ For information or answering question 

a.​ Getting accurate input 
b.​ Avoid hallucination  
c.​ Llama search is for this 

 
ToolLLM 

●​ Introducing ToolBench, an instruction tuning dataset for tool use 
●​ It covers single tool and multi-tools scenario 
●​ Each solution path may contain multiple rounds of model reasoning and real-time API 

calls to derive the final response 
●​ Get a database of APIs from RapidAPI 

○​ Example of APIs: Weather, Sports, Finance 
●​ Three stage instructions 

○​ API collection 
○​ Instruction generation 
○​ Solution path annotation 

●​ Focus on diversity and multi-api usage 
●​ Instruction generation 

○​ Select K api from api set 
■​ In order to make sure apis work with each other and combination makes 

sense, select them from same category 
●​ E.g. buy ticket for next Worrier playing in bay area 
●​ I'm planning a trip to Istanbul and I want to buy plane ticket and a 

show there 
○​ Similar to Self-Instruct, get few seeds: hree in-context seed examples {seed1, 

seed2, seed3}. Each seed example is an ideal instruction generation written by 
human experts. 

○​ Ask GPT to annotate solution path and check the description of APIs are correct 
Gorilla 

https://openai.com/index/function-calling-and-other-api-updates/
https://techcommunity.microsoft.com/blog/machinelearningblog/fine-tuning-small-language-models-for-function-calling-a-comprehensive-guide/4362539
https://techcommunity.microsoft.com/blog/machinelearningblog/fine-tuning-small-language-models-for-function-calling-a-comprehensive-guide/4362539


●​ Two challenge LLMs have to use API: (1) inability to generate accurate input (2) 
hallucination 

●​ Introduce APIBench 
●​ Going from small set of hand-coded tools (for knowledge graph and QA) to the ability to 

invoke a vast space of changing cloud APIs 
○​ Booking entire vacation 

●​ Self-instruct: generate 10 synthetic user question prompts per API using Self-Instruct ⇒ 
{instruction,API} pairs 

○​ Create json object with various fields api_name, api_call, api_arguments 
○​ Make sure model doesn’t use API name of hint to avoid cheating, this can be part 

of instruction generation or filtering afterwards 
●​ Retrieval-aware training of Gorilla enables the model to adapt to changes in the API 

documentation 
●​ provided three in-context examples 
●​ Key point: 

○​ It is not just enough for LLM to call API but reason through the various 
constraints embedded in the request and leverage API to address those 
constraints 

 
MultiTool-QA 

●​ Only ICL, Few shot learning 
●​ As part of reasoning process, LLM can invoke tools 
●​ System prompt has tools and their description 
●​ Leverage chain of thought reasoning inside the prompt 
●​ Prompt structure: 

○​ System prompt (with tools) → few examples that uses tools → Q to solve 
 
 
Example: 

●​ What is status of my package with the shipment with ID 6045e2f44e1b233199a5e77a 
●​ I'm planning a trip to Istanbul and I need to know the postal codes for different districts.  
●​ I'm planning a surprise party for my best friend, and I want to include meaningful quotes 

in the decorations. Can you provide me with random love, success, and motivation 
quotes?  

○​ Should llm rely on its own knowledge or API call? 
●​ I'm a food enthusiast and I want to explore different cuisines. Can you suggest some 

popular cocktails and their recipes that pair well with different types of cuisine? 
 
 
 

AI Biology 
●​ Using term from anthropic line of research for interpretability 



 
Circuit Tracing: Revealing Computational Graphs in Language Models 

●​ Locating interpretable concepts ("features") inside a model to link those concepts 
together into computational "circuits" 

●​ revealing parts of the pathway that transforms the words that go into Claude into the 
words that come out 

●​ universal “language of thought:” we show this by translating simple sentences into 
multiple languages and tracing the overlap in how Claude processes them. 

●​ Claude plans what it will say many words ahead, and writes to get to that destination: 
We show this in the realm of poetry, where it thinks of possible rhyming words in 
advance and writes the next line to get there.  

●​ Hallucinations: Claude's default behavior is to decline to speculate when asked a 
question, and it only answers questions when something inhibits this default reluctance. 

●​  
 
 

Key Models (Gemini, Llama, GPT, DeepSeek, 
Qwen) 

DeepSeek-R1 
●​ Two reasoning model 

○​ #1: large-scale reinforcement learning (RL) without supervised fine-tuning (SFT) 
as a preliminary step 

■​ Through RL, DeepSeek-R1-Zero naturally emerges with numerous 
powerful and intriguing reasoning behaviors 

■​ Pros: 
●​ DeepSeekR1-Zero demonstrates capabilities such as 

self-verification, reflection, and generating long CoTs, marking a 
significant milestone for the research community. 

■​ Cons 
●​ It encounters challenges such as poor readability, and language 

mixing 
○​ #2: DeepSeek-R1, which incorporates multi-stage training and cold-start data 

before RL 
●​ Potential of LLMs to develop reasoning capabilities without any supervised data, 
●​ Deepseek-R1 process: 

○​ Incorporates a small amount of cold-start data and a multi-stage training pipeline. 
○​ Specifically, we begin by collecting thousands of cold-start data to fine-tune the 

DeepSeek-V3-Base model 
○​ Following this, we perform reasoning-oriented RL like DeepSeek-R1Zero. 

https://transformer-circuits.pub/2025/attribution-graphs/methods.html


○​ Upon nearing convergence in the RL process, we create new SFT data through 
rejection sampling on the RL checkpoint, combined with supervised data from 
DeepSeek-V3 in domains such as writing, factual QA, and self-cognition, and 
then retrain the DeepSeek-V3-Base model. 

○​ After fine-tuning with the new data, the checkpoint undergoes an additional RL 
process, taking into account prompts from all scenarios. 

●​ Direct distillation from DeepSeek-R1 outperforms applying RL on smaller model. 
●​ This demonstrates that the reasoning patterns discovered by larger base models are 

crucial for improving reasoning capabilities 
●​ Previous work has heavily relied on large amounts of supervised data to enhance 

model performance. In this study, we demonstrate that reasoning capabilities can be 
significantly improved through large-scale reinforcement learning (RL), even 
without using supervised fine-tuning (SFT) as a cold start. 

●​  
○​ Look at GRPO 

●​ Use a rule-based reward system that mainly consists of two types of rewards: 
○​ Accuracy rewards: The accuracy reward model evaluates whether the response 

is correct. 
○​ Format rewards: structure is correct 

●​  
●​ One of the most remarkable aspects of this self-evolution is the emergence of 

sophisticated behaviors as the test-time computation increases. Behaviors such as 
reflection—where the model revisits and reevaluates its previous steps 

●​ DeepSeek-R1 
○​ for DeepSeek-R1 we construct and collect a small amount of long CoT data to 

fine-tune the model as the initial RL actor. With human prior 



○​ To mitigate the issue of language mixing, we introduce a language consistency 
reward during RL training, which is calculated as the proportion of target 
language words in the CoT. 

○​ Unlike the initial cold-start data, which primarily focuses on reasoning, this stage 
incorporates data from other domains to enhance the model’s capabilities in 
writing, role-playing, and other general-purpose tasks. ⇒ using Rejection 
Sampling 

○​ For harmlessness, we evaluate the entire response of the model, including both 
the reasoning process and the summary, to identify and mitigate any potential 
risks, biases, or harmful content that may arise during the generation process. 

○​ We found that using greedy decoding to evaluate long-output reasoning 
models results in higher repetition rates and significant variability across 
different checkpoints 

●​ Process Reward Model (used in math-shephered) ⇒ this was failed! 
○​ Process Reward Model (PRM) PRM is a reasonable method to guide the model 

toward better approaches for solving reasoning tasks 
○​ Three challenges: 

■​ First, it is challenging to explicitly define a fine-grain step in general 
reasoning. 

■​ Second, determining whether the current intermediate step is correct is a 
challenging task 

●​ Automated annotation using models may not yield satisfactory 
results, while manual annotation is not conducive to scaling up 

■​ Third, once a model-based PRM is introduced, it inevitably leads to 
reward hacking 

DeepCoder-V2 
●​ DeepSeek-Coder-V2 is further pre-trained from an intermediate checkpoint of 

DeepSeek-V2 with additional 6 trillion tokens 
●​ Through this continued pre-training, DeepSeek-Coder-V2 substantially enhances the 

coding and mathematical reasoning capabilities of DeepSeek-V2, while maintaining 
comparable performance in general language tasks 

●​ Increase code coverage from 86 to 338 
●​ 60% source code, 10% math corpus, and 30% natural language corpus. 

○​ GitHub and CommonCrawl, using the same pipeline as DeepSeekMath 
●​ Increase context length from 16K to 128K 
●​ In the alignment phase,  

○​ we first construct an instruction training dataset that includes code and math 
data from DeepSeek-Coder as well as general instruction data from 
DeepSeek-V2 

○​ Preference data is collected in the coding domain using compiler feedback and 
test cases and a reward model is developed to guide the training of the policy 
model 



○​ This approach ensures that the model’s responses are optimized for correctness 
and human preference in coding tasks 

●​ we also utilize Fill-In-Middle 
●​ From github collected 1T code token 
●​ Other coding sources 

○​ StackOverflow, PyTorch documentation, StackExchange 
○​ Using this seed corpus, we train a fastText model to recall more coding-related 

and math-related web pages 
○​ Domains with over 10% of web pages collected are classified as code-related or 

math-related 
○​ Uncollected web pages linked to these URLs are added to the seed corpus 

●​ To demonstrate the effectiveness of the new code corpus, we conducted ablation studies 
on 1B model (model ladder) 

●​ <｜fim_begin｜> 𝑓𝑝𝑟𝑒<｜fim_hole｜> 𝑓𝑠𝑢 𝑓 <｜fim_end｜> 
𝑓𝑚𝑖𝑑𝑑𝑙𝑒<|eos_token|> 

●​ During training and spikes in gradient values, which we attributed to the exponential 
normalization technique 

●​ We construct the instruction training dataset mixed with code and math data. We 
first collect 20k code-related instruction data and 30k math related data from 
DeepSeek-Coder and DeepSeek-Math. 

●​ Training Reward model on top of compiler label ⇒Although the code compiler itself 
can already provide 0-1 feedback (whether the code pass all test cases or not), some 
code prompts may have a limited number of test cases, and do not provide full coverage, 
and hence directly using 0-1 feedback from the compiler may be noisy and sub-optimal. 
Therefore, we still decide to train a reward model on the data provided by the compiler, 
and use the reward model to provide signal during RL training 

●​  

DeepSeekMath 
●​ with 120B math-related tokens sourced from Common Crawl, together with natural 

language and code data 
●​ Code training prior to math training improves models’ ability to solve 

mathematical problems both with and without tool use. 
○​ Does code training improve reasoning abilities? We believe it does, at least for 

mathematical reasoning. 
●​ How to collect pre-training from CC: 

○​ Have seed corpus (OpenWebMath) ⇒ train fasttext model to detect math pages 
⇒ run on deduped CC ⇒ filter by fasttext score (low quality) ⇒ get domains ⇒ 
annotate domains ⇒ add to the seed 

●​ Decontamination: any text segment containing a 10-gram string that matches exactly 
with any substring from the evaluation benchmarks is removed from our math training 
corpus. 



●​ Mathematical Problem Solving with Tool Use ⇒ We evaluate program-aided 
mathematical reasoning on GSM8K and MATH using few-shot program-of-thought 
prompting ⇒ Models are prompted to solve each problem by writing a Python program 
where libraries such as math and sympy can be utilized for intricate computations 

●​ SFT:  
○​ CoT and PoT 

Gemini 1.0 
●​ On-device memory constraint 
●​ Due to the varied requirements of our downstream applications, we have produced two 

post-trained Gemini model family variants. Chat-focused variants and 
Developer-focused variants 

●​ 32K context Based on MQA 
●​ Text and other modalities on interleaved (encoding the video as a sequence of 

frames in the large context window.) 
●​ Scaling up hardware results in proportionally reduce in mean time between hardware 

failures 
●​ The system is single control, single Python process to orchestrate the entire training run 
●​ In-memory checkpointing 
●​ Silent Data Corruption (SDC): An SDC event is a hardware‑level fault—typically a bit‑flip 

in memory, on‑chip SRAM, ALU logic, or in transit over NVLink/InfiniBand—that does 
not raise an error flag (no ECC un‑correctable interrupt) 

○​ With SDC the job keeps running and the corruption propagates through billions of 
parameters 

■​ Familiar examples as side effect:  
●​ Gradient slice mis‑computed on one rank; 
●​ One parameter’s variance becomes 1e30 → exploding update 

later 
●​ Wrong weight block loaded after checkpoint 

■​ Some solution to detection and fall back: 
●​ Gradient & activation monitors. 

○​ In Gemini training SDC happens weekly 
●​ Train Tokenized on entire Training corpus: training the tokenizer on a large sample of the 

entire training corpus improves the inferred vocabulary and subsequently improves 
model performance  

●​ Generic post training: data collection, sft, pairwise, RM,  rlhf 
○​ For pairwise: factulity, safety, creativity 

●​ Data sources include vendor-created data, third-party licensed sources, and synthetic 
approaches. 

●​ There is a system that faithfully imitate human preferences in order to guide 
development and continuously monitor online performance. 

●​ Collecting data for a diverse set of instruction following categories. For instructions that 
are verifiable programmatically such as word count, we generate synthetic data via 
prompting and response editing to ensure that such instructions are satisfied. 



●​ We treat tool use for both Gemini Apps and Gemini API models as a code 
generation problem 

○​ Every tool invocation is represented as a code block in which tool calls are 
invoked. 

 

Gemini 1.5 
●​ Uses RingAttention (follow up is star attention) 
●​ Metrics: TTFT,  Time per output token, TTLC (time to last chunk) 
●​ there is a growing need for benchmarks which exemplify the nuanced 

requirements of real world long mixed-modality use cases: Qualitative long context, 
Quantitative long context, Quantitative core 

●​ There is an increasing interest in LLMs as the core building block of AI systems (often 
called agents) that operate in environments to achieve complex goals 

●​ Function Calling (FC), or zero-shot tool use: given the descriptions and type signatures 
of a set of functions or APIs, 

●​ They use human rater for instruction following 
●​ CoT+Self-Consistency 

○​ Chain‑of‑thought sampling surfaces the model’s own uncertainty 
○​ Algorithm: 

■​ Generate several reasoning  
■​ Check for consensus 
■​ If consensus is not there, fall back to no reasoning with single answer 

●​ If the k CoT paths do not reach the threshold, Gemini throws them 
away and instead produces a single greedy answer with no 
chain‑of‑thought.  

●​ In practice a chaotic set of CoT paths often means hallucinated or 
inconsistent reasoning and safer 

 

Llama 3 
●​ Winning points: Data, scale, managing complexity 
●​ Improve quality and quantity of data for pre-training and post-training 
●​ 405B is compute-optimal, smaller models are training beyond optimality 



●​ This standard pre-training stage is followed by a continued pre-training stage that 
increases the supported context window to 128K (from 8K) tokens 

●​ Multimodal: 
○​ Separate encoder for image and speech, We train our image encoder on large 

amounts of image-text pairs 
○​ Vision adapter training: We train an adapter that integrates the pre-trained image 

encoder into the pre-trained language model. The adapter consists of a series of 
cross-attention layers that feed imageencoder representations into the language 
model. The adapter is trained on text-image pairs. This aligns the image 
representations with the language representations. During adapter training, we 
also update the parameters of the image encoder but we intentionally do not 
update the language-model parameters. 

Pre-training data: 
Quality: 

●​ Remove domains that have large amount of PII, remove adult websites, harmful 
domains 

●​ Text extraction and clearing: html parser 
○​ Detect types (article, maths/science, code) and have different treatments 

■​ Markdown is harmful for performance of the model 
1.​ Deduplication: at different levels ⇒ url, document, line 

○​ Most recent urls, MinHash for documents, remove lines with high n-gram 
overlaps 

2.​ Heuristic filtering: We develop heuristics to remove additional low-quality documents, 
outliers, and documents with excessive repetitions 

a.​ Remove “long but internally repetitive” lines such as stack-trace, timestamps 
i.​ Sliding window N-gram (20), count occurrence of n-gram, normalize by 

document length. If ratio is high remove 
b.​ Dirty word count 
c.​ KL divergence between document token dist and corpus token distribution 

3.​ Model-based quality filtering. 
a.​ fasttext 
b.​ DistilledRoberta trained on Llama-2 based Quality :  

i.​ we create a training set of cleaned web documents, describe the quality 
requirements, and instruct Llama 2’s chat model to determine if the 
documents meets these requirements ⇒ train Roberta 

●​ (similar to DeepSeek) we build domain-specific pipelines that extract code and 
math-relevant web pages 

○​ Specifically, both the code and reasoning classifiers are DistilRoberta models 
trained on web data annotated by Llama 2. 

●​ Fasttext for language detection 
Data Mix 

●​ Our main tools in determining this data mix are knowledge classification and scaling law 
experiments. 



○​ We develop a classifier to categorize the types of information contained in our 
web data to more effectively determine a data mix. ⇒ downsample art 

○​ scaling law experiments in which we train several small models on a data mix 
and use that to predict the performance of a large model on that mix 

■​ Subsequently, we train a larger model on this candidate data mix and 
evaluate the performance of that model on several key benchmarks 

Annealing Data 
●​ Annealing on small amounts of high-quality code and mathematical data can boost the 

performance of pre-trained models on key benchmarks. 
○​ we perform annealing with a data mix that upsamples high-quality data in 

select domains 
●​ Helps small models but not large model 
●​ Use annealing to assess data quality: Let’s say we have new set or domain of data 

○​ Train llama on old mix 50% 
○​ CPT (40B) above model with 30% new data and 70% old data with annealing 
○​ Measure performance on benchmark dataset 

■​ Using annealing to evaluate new data sources is more efficient than 
performing scaling law experiments for every small dataset 

Scaling Law 
●​ Issue w/ scaling law 

○​ It measures performance in perplexity of next-token production loss and not 
downstream 

○​ Scaling laws can be noisy and unreliable because they are developed based on 
pre-training runs conducted with small compute budgets 

●​ Two stage methodology 
○​ NLL of downstream benchmark with compute/tokens 

■​ Have models from 40M to 16B 
■​ Set a range of compute budgets (FLOPs) ⇒ this determines range of 

token process 
■​ Train each model and run on benchmark, get NLL 
■​ Plot between compute-optimal and NLL 
■​ Approximate between optimal token and FLOPs (assume a power-law) ⇒ 

 for llama (0.53, 0.29)  𝑁(𝐶) = 𝐴𝐶α

■​ Assume function between NLL and accuracy is sigmoid 
■​ Data (D) ⇒ Compute (C) ⇒ NLL ⇒ accuracy 

○​ NLL with downstream accuracy 
○​ Later rounds of post-training, we introduce system prompts to steer RS 

responses to conform with desirable tone, style, or formatting, which might be 
different for different capabilities. 

 

Post Training Data 
●​ Most of post-training data is model generated 

Preference Data 



●​ We deploy multiple models for annotation after each round and sample two responses 
from two different models for each user prompt. These models can be trained with 
different data mixes and alignment recipes, allowing for different capability strength ⇒ 
increase diversity 

SFT Data 
●​ Prompts from our human annotation collection with rejection-sampled responses 
●​ Synthetic data targeting specific capabilities 
●​ Small amounts of human-curated data 
●​ Rejection sampling: During rejection sampling (RS), for each prompt collected during 

human annotation we sample K (typically between 10 and 30) outputs from the latest 
chat model policy and use our reward model to select the best candidate 

○​ Prompts come from humans but answers comes from best checkpoint and 
reward model 

●​ To increase the efficiency of rejection sampling, we adopt PagedAttention for policy  
○​ “helpfulness” mix 

 
Data Processing and Quality Control 

●​ In the early rounds ⇒ excessive use of emojis or exclamation points ⇒ rule base data 
removal 

●​ we identify overused phrases (such as “I’m sorry” or “I apologize”) and carefully balance 
the proportion of such samples in our dataset 

●​ We also apply a collection of model-based techniques to remove low-quality training 
samples and improve overall model performance 

○​ Topic classification 
○​ Quality scoring using reward model 
○​ Prompt Llama 3 checkpoint to rate each sample on a three-point scale for 

general English data 
■​ RM or Llama-3 quality 

●​ Difficulty/Complexity scoring:  
○​ Intention tagging on the prompt ⇒ more intention means more complex 
○​ Query llama 3 to rate difficulty 

●​ Semantic deduplication: 
○​ Use Roberta embedding to cluster 
○​ Within each cluster order based on quality x difficulty 
○​ Cut the bottom 

 

Post-Training Data Collection for Capabilities 
Code 

●​ Three phase: 
○​ training a code expert 
○​ Generating synthetic data for SFT 
○​ Improving formatting with system prompt steering,  
○​ creating quality filters to remove bad samples from our training data 



●​ Expert training 
○​ This is accomplished by branching the main pre-training run and continuing 

pre-training on a 1T token mix of mostly (>85%) code data 
○​ Continued pre-training on domainspecific data has been shown to be effective for 

improving performance in a specific domai 
■​ Long context in last steps 

○​ Post training same except with SFT and DPO data mixes primarily targeting 
code. 

●​ Synthetic data generation 
○​ Multiple issues with code generation 

■​ Instruction following  
■​ Syntax error 
■​ Buggy code 
■​ Difficulty in fixing bug 

○​ Three approaches 
■​ execution feedback 

●​ We introduced execution feedback as a source of truth, enabling 
the model to learn from its mistakes and stay on track. 

●​ Step 1: collect large pool of programming problems 
○​ Collect few example  
○​ We observe that adding general rules of good 

programming to the prompt improves the generated 
solution quality. 

●​ Step 2: give examples and ask model to generate code for the 
given problem 

●​ Step 3: combination of static and dynamic to measure 
“correctness” 

○​ Run the compiler/interpreter 
○​ For each problem and solution, we prompt the model to 

generate unit tests, executed in a containerized 
environment together with the solution, catching run-time 
execution errors and some semantic errors. 

●​ Get errors and feed it back to model and ask to fix its code 
○​ After a unit test execution failure, the model could either fix 

the code to pass the existing tests or modify its unit tests to 
accommodate the generated code. 

●​ About 20% of solutions were initially incorrect but self-corrected, 
indicating that the model learned from the execution feedback and 
improved its performance. 

■​ programming language translation 
●​ Some language don’t have enough samples 
●​ translating data from common programming languages to less 

common languages 
■​ back translation 



●​ To improve certain coding capabilities (e.g., documentation, 
explanations) where execution feedback is less informative for 
determining quality, we employ an alternative multi-step approach 

●​ Step 1: give code as llama 3 to generate data that represents our 
target capability (e.g., we add comments and docstrings for the 
code snippet, or we ask the model to explain a piece of code). 

●​ Step 2: Ask model to convert synthetically generated data into 
code 

●​ Step 3: filter: Using the original code as a reference, we prompt 
the Llama 3 to determine the quality of the output 

■​ System prompt steering during rejection sampling. During the 
rejection sampling process, we used code specific system prompts 
to improve code readability, documentation, thoroughness, and 
specificit 

 
Function calling 

●​ We train Llama 3 to interact with the following tools: 
○​ Search Engine: to answer questions about recent events that go beyond its 

knowledge cutoff or that require retrieving a particular piece of information from 
the web 

○​ Python interpreter: read files 
○​ Mathematical computational engine: 

●​ If the query requires multiple tool calls, the model can write a step-by-step plan, call the 
tools in sequence, and do reasoning after each tool call. 

●​ We also improve Llama 3’s zero-shot tool use capabilities — given in-context, potentially 
unseen tool definitions and a user query, we train the model to generate the correct tool 
call. 

●​ Data 
○​ Use Human annotation for data collection for calling tools 
○​ In tool calling, dialogs often contain more than a single assistant message (e.g., 

calling the tool and reasoning about the tool output) 
■​ we annotate at the message level to collect granular feedback: annotators 

provide a preference between two assistant messages with the same 
context or, if both contain major problems, edit one of the messages 

○​ As Llama 3 gradually improves through its development, we progressively 
complexify our human annotation protocols 

■​ we start by single-turn tool use annotations, before moving to tool 
use in dialogs, and finally annotating for multi-step tool use and data 
analysis 

●​ Dataset 
○​ Single step tool use: We start by few-shot generation of synthetic user prompts 

which, by construction, require a call to one of our core tools; e.g. exceed 
knowledge cut off 

■​ Trajectory: system prompt → user prompt → tool call → assistant 



○​ Multi-step tool use: synthetic data to teach the model basic multi-step tool use 
capabilities. 

■​ we first prompt Llama 3 to generate user prompts that require at least two 
tool calls, that can be the same or different tools from our core set. 

■​ we few-shot prompt Llama 3 to generate a solution consisting of 
interleaved reasoning steps and tool calls 

○​ File upload 
●​ How to avoid overuse or underuse tool 

○​ We augment our synthetic data with different system prompts to teach the model 
to use tools only when activated 

○​ To train the model to avoid calling tools for simple queries, we also add queries 
from easy math or question answering datasets and their responses without 
tools, but with tools activated in system prompt 

 

Pre-training Recipe 
●​ Batch size scheduling ⇒ 4M till 256M, 8M till 2T, 16M end 
●​ We made a several adjustments to the pre-training data mix during training to improve 

model performance on particular downstream tasks. 
○​ Increase percentage of non-english, math and coding 

●​ We increase the supported context length in increments, pre-training until the model has 
successfully adapted to the increased context length 

○​ On last 800B train on 128K context 
●​ During pre-training on the final 40M tokens, we linearly annealed the learning rate 

to 0, maintaining a context length of 128K tokens. 
○​ we also adjusted the data mix to upsample data sources of very high 

quality 

Post-training Recipe 
 

 
 

●​ We need to define a chat dialog protocol for the model to understand human instructions 
and perform conversational tasks. 



●​ We design a new multi-message chat protocol which uses various special header and 
termination tokens. The header tokens are used to indicate the source and destination of 
each message in a conversation 

○​ When you enable the code interpreter via Environment: ipython, the model 
emits its tool call inside a <|python_tag|>…<|eom_id|> block. The 
<|python_tag|> marks “here comes executable code,” and <|eom_id|> 

Reward Model 
●​ RM is trained on top of pre-trained ckpt 
●​ Annotators also have edited option to edit the preferred one 

○​ Also there are multiple grades and they pick only the strongly 
SFT 

●​ The reward model is then used to perform rejection sampling on our human annotation 
prompts 

DPO 
●​ We primarily use the most recent batches of preference data collected using the best 

performing models from the previous alignment rounds. 
●​ DPO required less compute compare with PPO 

○​ \beta is set to 0.1 
●​ We mask out special formatting tokens including header and termination tokens 

from both chosen and rejected responses in the loss to stabilize DPO training. 
●​ 6 round of iterations 

 
Infrastructure 

●​ Using MAST for across geo-distributed datacenter 
 
 

Implementations: 
●​ Continuous batching 
●​ GQA 
●​ Speculative decoding 
●​ Best of N 
●​ https://github.com/ljeng/cheat-sheet 
●​ https://amatria.in/blog/2024research 
●​ https://github.com/Devinterview-io/pytorch-interview-questions 
●​ https://github.com/Devinterview-io/llms-interview-questions 
●​ X-transformers: 

https://github.com/lucidrains/x-transformers/blob/main/x_transformers/x_transformers.py 
 

https://amatria.in/blog/2024research
https://github.com/Devinterview-io/pytorch-interview-questions
https://github.com/Devinterview-io/llms-interview-questions
https://github.com/lucidrains/x-transformers/blob/main/x_transformers/x_transformers.py


Tips 
●​ You construct Adam before the model is placed on a device; if you later call .cuda() (or 

DDP) the optimizer keeps stale CPU tensors 
 
 

●​ Need to practice fsdp and torch dist 
●​ How to mask instruction 
●​ In numpy, `*` is element-wise multiplication, @ is for matrix-matrix multiplication 

○​ This is same in pytorch 
●​ sampler.set_epoch(epoch) 

○​ Without setting the epoch on your DistributedSampler, each rank sees the same 
shuffling order every epoch. 

●​ Common issues:  
○​ not detaching tensors in a loop 

●​ retain_graph() only keeps the current computation graph alive inside that iteration 
●​ A good example of broadcast is the following code for sliding window that create a TxT 

matrix by just squeezing in row and column of a Tx1 matri 

idx = torch.arange(T, device=device)​
 idx_row = idx.unsqueeze(1)​
 idx_col = idx.unsqueeze(0)​
 return (idx_col <= idx_row) & (idx_col > idx_row - W) 

 
●​ A potential NaN in fp16, using 1e-9 

○​ Better to use torch.finfo(scores.dtype).min 
○​ or to avoid very small number max(torch.finfo(scores.dtype).min, 1e-9) 

scores = scores.masked_fill(mask == 0, torch.finfo(scores.dtype).min) 

 
●​ nn.Sequential vs nn.ModuleList 

○​ nn.Sequential can execute using forward nn.Sequential(layer1, layer2)(x) 
○​ nn.ModuleList you need to write you own for loop 

■​ Experts are ModuleList while layers are nn.Sequential 
●​ When you define weight so it will be used in nn.functional.linear keep in mind that 

weight will be transposed 
○​ Otherwise do torch.matmul(x, weight) where weight in in_features x out_features 

■​ Equivalently you can do x @ weight 

Losses 
Overall the signature is (preds, target) 
 

●​ Multi-class: nn.CrossEntropyLoss vs NLLoss 
○​ nn.CrossEntropyLoss fused log_softmax and NLLoss for numerical stability 



■​ Needs logits 
○​ NLLoss (used rarely) needs log_softmax that can be applied using LogSoftmax 
○​ Note: the API of CrossEntropyLoss (or F.cross_entropy) requires (NxVx…) 

that means Vocab (V) needs to be 2nd dimension. So there are two 
approaches to calculate CE 

# Approach 1​
# logits: (B, T, V)​
flat_logits  = logits.view(-1, vocab_size)      # (B·T, V)​
flat_targets = tokens.view(-1)                  # (B·T,)​
​
flat_nll = F.cross_entropy(​
    input       = flat_logits,​
    target      = flat_targets,​
    reduction   = "none",​
    ignore_index= pad_id,​
)​
token_logprobs = -flat_nll.view(bsz, total_len) # back to (B, T) 

 

# Approach 2​
    token_logprobs = -F.cross_entropy(               # score the prompt​
        input=logits.transpose(1, 2),​
        target=tokens,​
        reduction="none",​
        ignore_index=pad_id,​
    ) 

 
 
 

●​ MultiLabel: nn.BCEWithLogitsLoss vs nn.MultiLabelSoftMarginLoss 
○​ nn.BCEWithLogitsLoss combines sigmoid + BCE 
○​ nn.MultiLabelSoftMarginLoss uses log_sigmoid 
○​ BCEWithLogit signature is different with CrossEntropyLoss 

■​ 1. The target must be in float 
■​ 2. In CE we target is B x T x 1 while in BCE target is B x T x C (C is class) 

self.label = torch.randint(0, n_classes, (16*1024,seq_len))​
self.label = torch.randint(0, 2, (16*1024, seq_len, n_classes)) 

 
●​ python loss = nn.KLDivLoss(reduction='batchmean')(log_p, q) 
●​ NLL Manually 

logp = F.log_softmax(logits, dim=-1)          # stable log-prob​
nll  = -torch.gather(logp, 1, target[:, None]).squeeze(1)​



loss = nll.mean() 

 

Model Parallelism (PyTorch) 
●​ For column parallel we are breaking by out_features 
●​ We use all_gather 
●​ There are two all_gather in pytorch 

○​ dist.all_gather (older pytorch) 
○​ dist.nn.functional.all_gather (new pytorch) 

# out = [torch.zeros_like(local_out) for _ in range(self.world_size)]​
# out[self.rank] = local_out​
# dist.all_gather(out, local_out) # required_grad = False​
out = dist.nn.functional.all_gather(local_out) # grad 

out = torch.concat(out, dim=-1) 
●​ dist.all_gather makes required_grad to False 

○​ This means that no gradient will backprops 
○​ In fairscale implementation they override backward like this 

 
 

def gather_from_model_parallel_region(input_: torch.Tensor) -> 

torch.Tensor:​
    return _GatherFromModelParallelRegion.apply(input_) 

​
class _GatherFromModelParallelRegion(torch.autograd.Function):​
    """Gather the input from model parallel region and concatinate."""​
​
    @staticmethod​
    def forward(ctx, input_):  # type: ignore​
        return _gather(input_)​
​
    @staticmethod​
    def backward(ctx, grad_output):  # type: ignore​
        return _split(grad_output) 

The explanation from ChatGPT is this “During the backward pass they don’t need the inverse of 
an all-gather; they just “undo” it with a _split (a reduce-scatter style op) that returns each rank its 
own slice of the gradient. That gives autograd a valid path to propagate gradients.” 

●​ Dist.all_reduce does not have this problem 
●​ But we can use dist.nn.functional.all_reduce and it returns a tensor 

○​ dist.all_reduce does not return tensor 
 
 

http://dist.nn
https://chatgpt.com/c/68218af7-3cf4-8008-b2ae-f96500517189
http://dist.nn


 
 

●​ Good read related to TP: https://github.com/huggingface/transformers/issues/10321 
 

Pipeline Parallelism 
●​ Note how the communicated tensor is detached 
●​ Note how the received tensor is set required grad 
●​ Note how the grad is being calculated manually using torch.autograd.grad and the 

being pass 
○​ You must retain the graph 

●​ The device keyword expects either a torch.device object or a string such as "cpu" 
or "cuda:2" 
 

if rank == 0:​
    x = x.cuda(rank) 

    opt.zero_grad() 

    out = model(x)​
    dist.send(out.detach(), 1) # because we are using gloo send and receive happens in cpu​
    grad = torch.zeros_like(out, device=f'cuda:{rank}')​
    dist.recv(grad, 1)​
    out.backward(grad)​
    opt.step()​
    print(f'done: {rank}')​
else: 

    opt.zero_grad() 

    recv = torch.zeros(16, dims_hid, device=f'cuda:{rank}')​
    dist.recv(recv, 0)​
    recv.requires_grad = True # bug5 recv.requires_grad = False​

https://github.com/huggingface/transformers/issues/10321


    recv = recv.cuda(rank)​
    logits = model(recv)​
    loss = F.cross_entropy(logits, y.cuda(rank))​
    grad = torch.autograd.grad(loss, recv, retain_graph=True)[0]​
    dist.send(grad, 0)​
    loss.backward()​
    opt.step()​
    print(f'done: {rank}') 

 
●​ Retrain Gradient 

○​ Autograd populates .grad only for leaf tensors whose requires_grad flag is True 
○​ When we do x = x.to(device) x is not a leaf node anymore because it is attached 

to another variable on cpu 
○​ grad = torch.autograd.grad(loss, recv_gpu)[0] 
○​ That .cuda(...) call produces a new tensor (with no grad_fn, so not a leaf, 

and PyTorch drops its .grad), so .grad is never written. 
○​ recv.retain_grad() 

○​ This will retrain no leaf node grad 
 

Buffer vs Parameter vs torch.Tensor 
●​ Only weights that are registered as Parameters appear in model.parameter() 

○​ Since we give model.parameters() to optimizer it only updated nn.Parameters 
weights 

●​ Buffer is usually for updatable and not learnable weights (such as RoPE, Mean, 
Variance) 

○​ for bookkeeping 
○​ self.register_buffer("running_mean", torch.zeros(...)) 
○​ If you set the requires_grad to True, autograd will compute the gradient but no 

update by the optimizer 
●​ Both Parameter and buffer follow the model around (for saving state_dict, .cuda(), 

.to) but Torch.Tensor does not 
●​ Torch.Tensor even if it is set for required_grad=True does not get updated.  

○​ The auto-grad does calculate the grad but does not get updated because it is not 
part of model.params 

○​ It doesn’t follow model around 
○​ If it’s temporary or recomputed each forward pass, keeping it as a plain 

tensor attribute is fine. 

http://x.to


Theory: 
●​ Inductive bias refers to the set of assumptions a learning algorithm makes in order to 

generalize from its training data to unseen cases. Because any finite training set 
underdetermines an arbitrary function, some bias—i.e., preference for one hypothesis 
over another—is essential for learning. Without inductive bias, “learning” would simply 
mean memorizing 

○​ Examples: 
○​ sgd has inductive bias for finding simpler minima 
○​ Decision tree has inductive bias on piecewise while regression has inductive bias 

for additive 
○​ Regularization, especially L1 and L2 prefer simpler model 

●​ Perplexity 
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○​ It is reciprocal geometric mean of P(w) 

■​   𝑃𝑃(𝑊) = 2𝐻(𝑊)

○​ We are maximizing the P(W) ⇒ we are minimizing the perplexity ⇒ we are 
minimizing the entropy 

●​ What are some failure modes or limitations observed in today’s large language 
models?  

○​ Hallucination 
○​ biases in outputs,  
○​ sensitivity to prompt phrasing 

FFN 
●​ Modern LLM use SwiGLU for feedforward ⇒ in pytorch use SiLU 

○​ Swish(z) = z * sigmoid(z) 
○​ GLU (Gated Linear Unit): A gating mechanism that multiplies two linear 

transforms of the input. 
○​ FFN(x)=(xW1​T+b1)⊙Swish(xW2​T​+b2), 
○​ Reason for SwiGLU: 

■​ Gated activations can improve gradient flow and help the network 
“decide” which dimensions to emphasize for a given token representation. 

■​ The original paper on GLU variants (“GLU Variants Improve Transformer,” 
Shazeer, 2020) demonstrated better perplexities and training stability over 
pure ReLU or GeLU in large transformer models. 

○​ SiLU =  𝑥σ(𝑥)
 

Search and Recommendation 
Contextual Retrieval 

https://www.anthropic.com/news/contextual-retrieval


 
●​ RAG is a method that retrieves relevant information from a knowledge base and 

appends it to the user's prompt, significantly enhancing the model's response. 
●​ Contextual Retrieval: 

○​ Contextual Embeddings and Contextual BM25. 
●​ Prompt Caching: 

○​ Prompt caching is a powerful feature that optimizes your API usage by allowing 
resuming from specific prefixes in your prompts 

○​ Cache popular prompt and Reduce 2x latency 
●​ RAG works by preprocessing a knowledge base using the following steps: 

○​ 1) Break down the knowledge base (the “corpus” of documents) into smaller 
chunks of text, usually no more than a few hundred tokens; 

○​ 2) Use an embedding model to convert these chunks into vector embeddings that 
encode meaning; 

○​ 3) Store these embeddings in a vector database that allows for searching by 
semantic similarity. 

○​ 4) At runtime, when a user inputs a query to the model, the vector database is 
used to find the most relevant chunks based on semantic similarity to the query.  

○​ 5) The most relevant chunks are added to the prompt sent to the generative 
model. 

●​ Why BM25 
○​ BM25 is referred to as sparse retrieval 
○​ Embedding might miss exact matches! 

■​ An embedding model might find content about error codes in general, but 
could miss the exact "TS-999" match 

○​ BM25 (Best Matching 25) is a ranking function that uses lexical matching to find 
precise word or phrase matches 

○​ Effective for queries that include unique identifiers or technical terms 
○​ BM25 is based on TF-IDF ⇒ BM25 normalize by length and adds saturation 

function to TF 
■​ Helps prevent common words from dominating the results 

 
●​ Use LLM to contextualize chunk otherwise the information will be lost 

○​ With prompt caching, you don’t need to pass in the reference document for every 
chunk. 

●​ Chunks can have overlap 
●​ Reranking 

○​ With large knowledge bases, this initial retrieval often returns a lot of 
chunks—sometimes hundreds—of varying relevance and importance. 

○​ Reranking is a commonly used filtering technique to ensure that only the 
most relevant chunks are passed to the model 

○​ Pass the top-N chunks, along with the user's query, through the reranking model 
○​ Using a reranking model, give each chunk a score based on its relevance and 

importance to the prompt, then select the top-K chunks (we used the top 20); 



○​ Pass the top-K chunks into the model as context to generate the final result. 

 
 
 
Claude Search-augmented 

●​ it uses its reasoning capabilities to determine whether the web search tool would help 
provide a more accurate response 

○​ If searching the web would be beneficial, Claude generates a targeted search 
query 

○​ retrieves relevant results 
○​ analyzes them for key information 
○​ provides a comprehensive answer with citations back to the source material. 
○​ Claude can also operate agentically  

■​ Conduct multiple progressive searches, using earlier results to inform 
subsequent queries in order to do light research and generate a more 
comprehensive answer 

■​ See Gemini tool calling 
○​ real-time data and specialized knowledge 

■​ Claude Code can access current API documentation 
 
SearchGPT [Link1][Link2] 

●​ ChatGPT search typically rewrites your query into one or more targeted queries that it 
sends those providers. 

●​ biotech researcher asked ChatGPT, "what’s the latest on the development of drugs that 
target CCR8 for cancer?" ⇒ ChatGPT might initially query a search partner using 
"CCR8 immunotherapy drug development 2025." 

○​ After reviewing the initial results, ChatGPT search may send additional, more 
specific queries to other search providers, like “CHS-114 conference 2025.” 

https://www.anthropic.com/news/web-search-api
https://help.openai.com/en/articles/9237897-chatgpt-search
https://openai.com/index/introducing-chatgpt-search/


●​ ChatGPT also collects general location information based on your IP address and 
may share that general location with third-party search providers to improve the 
accuracy of your results. 

●​  
LlamaIndex 

●​ In RAG we break doc into chunk 
○​ It has disadvantage of losing global context 

●​ This will extract/index an unstructured text summary for each document. This index can 
help enhance retrieval performance beyond existing retrieval approaches. 

Search Stack High level 
●​ Requirements: 

○​ Diversity (over exploitation) 
○​ Cold Start 
○​ Safety/toxicity 
○​ Factuality 
○​ Freshness ( < 15min) 
○​ Relevance 
○​ Multimodality 
○​ Security (zero ACL leak) 
○​ PII 
○​ Length of the query? 
○​ Dynamic vs. Static Knowledge (RAG vs LLM parameters) 

■​ https://slack.engineering/how-we-built-enterprise-search-to-be-secure-and
-private/  

■​ https://cookbook.openai.com/examples/question_answering_using_embe
ddings  

●​ Common issues: 
○​ Not a Random BiasExposure Bias 
○​ Popularity Bias 
○​ Bias (demographic) 

●​ Scalability/Resilience 
○​ Fall-back (routing) 
○​ 1.5x of capacity 
○​ KV‑cache miss %, CUDA OOMs 
○​ Prefill/decode token ratio 
○​ throttling  

●​ Components: 
○​ Data ingestion (chunking) 
○​ Incremental indexing (for freshness) 
○​ SERP: Search Result Page 
○​ Query Understanding, Intent understanding, Snippet generation, Relevance 

Model, Answer Model, Query Suggestion 
○​ Content extraction, term weighting, document expansion 

https://www.llamaindex.ai/blog/a-new-document-summary-index-for-llm-powered-qa-systems-9a32ece2f9ec
https://slack.engineering/how-we-built-enterprise-search-to-be-secure-and-private/
https://slack.engineering/how-we-built-enterprise-search-to-be-secure-and-private/
https://cookbook.openai.com/examples/question_answering_using_embeddings
https://cookbook.openai.com/examples/question_answering_using_embeddings


○​ AI governance layer 
●​ LLM-ification: There are various ways to use LLM in search stack: 

○​ LLM in different components such as  
■​ query understanding, intent, query expansion, query suggestion  
■​ Ranking/reranking, answer generation, snippet generation 
■​ LLM for embedding 

○​ LLM use in retrieval DSI (Generative Retrieval) 
○​ One large LLM model + RAG 

●​ Retrieval 
○​ Sharding 
○​ it must filter documents by the user’s access rights before feeding to the 

LLM 
●​ Ranker 

○​ Generally, using a smaller specialized model for reranking is more cost-effective. 
○​ Re-ranker as step before summarization 
○​ rerank model inside the search cluster 

●​ Summarization  
○​ OpenAI themselves note that fine-tuning is less reliable for factual recall than 

providing the reference text at runti​
 

○​ Fine-tuning is better for adjusting style or learning how to format answers​
 

○​ For most enterprise cases, retrieval-augmentation is preferable to embedding all 
facts in the model weights 

●​ Tools 
○​ LangChain and LlamaIndex (GPT Index) are popular open-source libraries that 

let you define pipelines 

Relevance Metrics 
●​ Relevance metric, integrity metric, diversity metric,  
●​ Precision@k, Recall@k, NDCG@k 
●​ NDCG@k:  

○​ Graded relevance: Unlike precision/recall that treat items as simply relevant / 
not-relevant, NDCG lets you use multi-level relevance judgments (e.g. 0 – 3 or 0 
– 5). 

○​ Position awareness: It rewards putting highly-relevant items near the top by 
discounting lower ranks logarithmically, reflecting typical user attention 
drop-off. 

○​ Query-level normalization: Dividing by the ideal score bounds every query 
between 0 and 1, so scores are comparable even when different queries have 
different numbers of relevant items. 

●​ MRR@k (mean reciprocal rank) 
○​  
○​ For search when there is only one relevant result 



○​ When there is multiple relevant result use nDCG 
○​ It is defined across multiple queries 

■​  𝑀𝑅𝑅@𝑘 = 1
𝑄

𝑖
∑ 1

min (𝑟
𝑖
,𝑘+1)

■​ Intuitively, if result is at position n (where n <=k), it gets weight 1/n 

Diversity 
https://chatgpt.com/c/67f5c777-a40c-8008-95ff-c359f183787b 
 

●​ Most important question: what is diversity dimension: age, gender (fairness), topic, 
language or domain specific like skin tone in beaty e-comerce, business specific like 
authors or size of merchandize  

●​ Diversity can get to longer-term growth 
●​ How to measure: measure intra-list similarity, in meta we used explicit topics or implicit 

topics (very large clusters) 
○​ intra-list diversity (ILD) 
○​ Novelty metric 
○​ intent-aware metrics like α-nDCG 

●​ Diversity can be on  
○​ User interest 
○​ Item  

●​ Retrieval strategy: 
○​ In retrieval one strategy to increase diversity is by fetching more 
○​ In search diversification can be part of query expansion/rewriter (OR) 
○​ Promoting Novel or Long-Tail Items (separate retrieval): Another 

retrieval-level strategy is explicitly including new, less-known, or long-tail items 
among the candidates. For instance, a music or e-commerce recommender 
might always pull in a few recently released or less popular items alongside the 
standard candidates 

●​ Ranker strategy: 
○​ simple class of methods reorders the initial ranked list in a greedy way to improve 

diversity 
■​ Round-Robin or attribute-based quota 
■​ A foundational algorithm for ranking diversification is Maximal Marginal 

Relevance (MMR) 
●​ Greedy approach: at each iteration pick an item that maximizes a 

linear combination of relevance and novelty 
○​ Novelty is defined as dissimilarity to the items already 

selected 
●​  𝑀𝑀𝑅(𝑖) = λ𝑅𝑒𝑙(𝑖) − (1 − λ)

𝑗∈𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑
max 𝑠𝑖𝑚(𝑖, 𝑗)

■​ DPP: A DPP defines a distribution over subsets of items such that 
subsets with lower correlation (higher diversity) have higher probability 

https://chatgpt.com/c/67f5c777-a40c-8008-95ff-c359f183787b


●​ It does it based on a Kernel 
■​ Diversity is also closely related to fairness in recommendations 

especially in Marketplace 
●​ ensure that certain item groups (sellers, demographics, etc.) 

receive equitable exposure in the recommendation list. 
●​ At least 10% from category Y 
●​ In DPP and MMR similarity is measured along a sensitive 

attribute dimension  
●​ randomness in the top results to increase novelty 

Explore-Exploit 
●​ should sometimes recommend items outside the user’s immediate comfort zone 

(exploration) to discover new interests (e.g. reels) 
●​ Multi-Armed Bandit Approaches: 

○​ Each recommended item (or strategy) is like an arm that yields a reward if the 
user engages. 

○​ To maximize long-term reward, the bandit occasionally tries less certain options 
to gain information.  

○​ Epsilon-greedy: 
○​ UCB (Upper Confidence Bound): 
○​ Thompson-sampling 

●​ RL 
○​ Beyond simple bandits, full reinforcement learning methods have been applied to 

recommender systems to optimize multi-step objectives. 
○​ simultaneously optimizes for three objectives: click-through (engagement), 

diversity of recommended items, and novelty (new items) 
○​ Augment a standard recommendation model with additional reward signals: one 

that rewards the agent if the list of items is diverse  
○​ An advantage of RL is that it can optimize non-differentiable objectives (like 

diversity metrics or long-term user retention) by treating them as rewards, 
rather than needing a differentiable loss 

●​ Adaptive 
○​ Adjust the degree of diversity based on user behavior in real time. 
○​ If a user is highly engaged with diverse content (e.g. clicking on the novel 

recommendations), the system might continue to explore, otherwise reduce 
exploration 

●​ Session-Based Exploration 
○​ not showing too many similar items in one session 
○​ Having scheduler that create diversity overtime 

●​ Accuracy-dilemma 
○​ conventional accuracy metrics don’t tell the full story of user satisfaction 
○​ In diversity, sometime accuracy drops but brings user satisfaction 
○​ a diverse list with slightly lower predicted relevance can actually be more 

useful/enjoyable to the user. 



Retrieval Design 
●​ Two choice on type of index: 

○​ Sparse (BM25)  
○​ Dense (EBR) 

●​ Two choice on retrieval system 
○​ Multi-retreival 

■​ Also referred as multi-channel recall, and its goal is to maximize 
coverage of the user’s diverse interests and improve recall of relevant 
items that might be missed by any single method 

■​ user2content, content2content, collaborative filtering 
■​ Trending 

○​ Single retrieval with richer feature set (UH retrieval, MoL) 
■​ MoL allow a single user to be represented by multiple embedding vectors, 

each corresponding to a different latent interest of that user 
■​ multi-tower networks to capture different aspects of user behavior, 

thereby retrieving a more diverse set of items for each user 
■​  

●​ Bucketized retrieval: bucketized based on some attributed (like shopping category)  
○​ Help scaling and also diversification 

Perplexity Design 
●​ Here is probably how perplexity generate answers with reference 

○​ Step 1: filter top-K relevant documents 
○​ Step 2: within each document extract snippet that are relevant, rank them and 

keep top K 
○​ Step 3: put all the snippets (with some summary of the doc) together and ask 

LLM to rank them 
○​ Step 4: give the rank list to the LLM and ask to write the summary with 

paraphrasing of the snippet but don’t change order 
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