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0. What's News in Al

Guo, D., Yang, D., Zhang, H., Song, J., Zhang, R., Xu, R., ... & He, Y. (2025).
Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning. arXiv

preprint arXiv:2501.12948. [Link to paper] [Link to GitHub]

Kevin A. Bryan. (2025). Revisiting the McKinley Tariff of 1890 through the Lens of
Modern Trade Theory. [Link to paper]

Kevin A. Bryan. (2025). Information Frictions and Innovation: A Formal Theory. [Link to
paper]

Muennighoff, N., Yang, Z., Shi, W., Li, X. L., Fei-Fei, L., Hajishirzi, H., ... & Hashimoto, T.
(2025). s1: Simple test-time scaling. arXiv preprint arXiv:2501.19393. [Link to paper]
[Link to GitHub]

El-Kishky, A., Wei, A., Saraiva, A., Minaeyv, B., Selsam, D., Dohan, D., ... & Zhou, W.
(2025). Competitive Programming with Large Reasoning Models. arXiv preprint
arXiv:2502.06807. [Link to paper]

Starace, G., Jaffe, O., Sherburn, D., Aung, J., Chan, J. S., Maksin, L., ... & Patwardhan,
T. (2025). PaperBench: Evaluating Al's Ability to Replicate Al Research. arXiv preprint
arXiv:2504.01848. [Link to paper] [Link to GitHub]

1. Introduction

Cohen M, Zhang R, Jiao K. (2022) Data aggregation and demand prediction.
Operations Research, 70(5): 2597-2618. [Link to paper] [Link to GitHub]

Ye, Z., Zhang, Z, Zhang, D. J., Zhang, H., Zhang, R. (2023) Deep Learning Based
Causal Inference for Large-Scale Combinatorial Experiments: Theory and Empirical
Evidence, working paper and EC’23. [Link to paper] [Link to GitHub]

Ye, Z., Zhang, D. J., Zhang, H., Zhang, R., Chen, X., and Xu, Z. (2023) Cold start to
improve market thickness on online advertising platforms: Data-driven algorithms and
field experiments. Management Science, 69(7), 3838-3860. [Link to paper] [Link to
GitHub]
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Zhang, X., Sun, C., Zhang, R., and Goh, K-Y (2024) The Value of Al-Generated
Metadata for UGC Platforms: Evidence from a Large-scale Field Experiment, working
paper and CIST 2024. [Link to paper]

Jeremy Yang; , Juanjuan Zhang; , Yuhan Zhang (2024) Engagement That Sells:
Influencer Video Advertising on TikTok. Marketing Science 0(0). [Link to paper]

Kelly, Bryan T. and Xiu, Dacheng, Financial Machine Learning (July 1, 2023). Available
at SSRN: [Link to the paper]

Allon, G., Chen, D., Jiang, Z., & Zhang, D. (2023). Machine learning and prediction
errors in causal inference. The Wharton School Research Paper Forthcoming. [Link to

the paper]

Battaglia, L., Christensen, T., Hansen, S., & Sacher, S. (2024). Inference for regression
with variables generated from unstructured data. [Link o the paper]

Tian, Z., Dew, R., & lyengar, R. (2024). Mega or Micro? Influencer Selection Using
Follower Elasticity. Journal of Marketing Research, 61(3), 472-495. [Link to paper]

Jeremy Yang, Dean Eckles, Paramveer Dhillon, Sinan Aral (2023) Targeting for
Long-Term Outcomes. Management Science 70(6):3841-3855. [Link to paper]

Jacob Feldman, Dennis J. Zhang, Xiaofei Liu, Nannan Zhang (2021) Customer Choice
Models vs. Machine Learning: Finding Optimal Product Displays on Alibaba. Operations
Research 70(1):309-328. [Link to paper] [Link to GitHub]

Xiao Liu (2022) Dynamic Coupon Targeting Using Batch Deep Reinforcement Learning:
An Application to Livestream Shopping. Marketing Science 42(4):637-658. [Link to

Qager|

Shakked Noy, Whitney Zhang ,Experimental evidence on the productivity effects of
generative artificial intelligence. Science 381,187-192(2023). [Link to paper]

Anja Lambrecht, Catherine Tucker (2019) Algorithmic Bias? An Empirical Study of
Apparent Gender-Based Discrimination in the Display of STEM Career Ads.
Management Science 65(7):2966-2981. [Link to paper]

Tetsuya Kaji, Elena Manresa, Guillaume Pouliot, An Adversarial Approach to Structural
Estimation, Econometrica, 10.3982/ECTA18707, 91, 6, (2041-2063), (2023). [Link to
paper] [Link to GitHub]
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Yanhao (Max) Wei; , Zhenling Jiang (2024 ) Estimating Parameters of Structural Models
Using Neural Networks. Marketing Science 44(1):102-128. [Link to paper]

Ishai Menache, Konstantina Mellou, Marco Molinaro, Zijie Zhou, "Foundational Model
for LLM Inference: Online Batching and Scheduling". working paper

Patrick Jaillet, Jiashio Jiang, Chara Podimata, Zijie Zhou, Fundamental Modeling for
LLM Inference withExploding KV Cache Demands.

2. Prediction

Kleinberg, Jon, Jens Ludwig, Sendhil Mullainathan, and Ziad Obermeyer. 2015.
"Prediction Policy Problems." American Economic Review, 105 (5): 491-95. [Link to

Qageﬂ

Neal Jean et al. ,Combining satellite imagery and machine learning to predict poverty.
Science 353,790-794(2016). [Link to paper] [Link to GitHub]

Binsbergen, J. H., Bryzgalova, S., Mukhopadhyay, M., & Sharma, V. (2024). (Almost)
200 years of news-based economic sentiment (NBER Working Paper No. 32026).
National Bureau of Economic Research. [Link to paper]

Bajari, Patrick, Denis Nekipelov, Stephen P. Ryan, and Miaoyu Yang. 2015. "Machine
Learning Methods for Demand Estimation." American Economic Review, 105 (5):
481-85. [Link to paper]

Cohen M, Zhang R, Jiao K. (2022) Data aggregation and demand prediction.
Operations Research, 70(5): 2597-2618. [Link to paper] [Link to GitHub]

Cui, R., Gallino, S., Moreno, A., & Zhang, D. J. (2018). The operational value of social
media information. Production and operations management, 27(10), 1749-1769. [Link to

paper]

Farias, V. F., & Li, A. A. (2019). Learning preferences with side information.
Management Science, 65(7), 3131-3149. [Link to paper]

Peng, Jing and Liang, Chen. 2023. "On the Differences Between View-Based and
Purchase-Based Recommender Systems," MIS Quarterly, (47: 2) pp.875-900. [Link to

Qaged
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Zhan, R., Pei, C., Su, Q., Wen, J., Wang, X., Mu, G., ... & Gai, K. (2022, August).
Deconfounding duration bias in watch-time prediction for video recommendation. In
Proceedings of the 28th ACM SIGKDD Conference on Knowledge Discovery and Data
Mining (pp. 4472-4481). [Link to paper]

Covington, P., Adams, J., & Sargin, E. (2016, September). Deep neural networks for
youtube recommendations. In Proceedings of the 10th ACM conference on
recommender systems (pp. 191-198). [Link to paper]

Gu, S, Kelly, B., & Xiu, D. (2020). Empirical asset pricing via machine learning. The
Review of Financial Studies, 33(5), 2223-2273. [Link to paper]

Cao, K., Xia, Y., Yao, J., Han, X,, Lambert, L., Zhang, T., ... & Lu, J. (2023). Large-scale
pancreatic cancer detection via non-contrast CT and deep learning. Nature medicine,
29(12), 3033-3043. [Link to paper]

Jon Kleinberg, Himabindu Lakkaraju, Jure Leskovec, Jens Ludwig, Sendhil
Mullainathan, Human Decisions and Machine Predictions, The Quarterly Journal of
Economics, Volume 133, Issue 1, February 2018, Pages 237-293. [Link to paper]

Hofman, J. M., Watts, D. J., Athey, S., Garip, F., Griffiths, T. L., Kleinberg, J., ... &
Yarkoni, T. (2021). Integrating explanation and prediction in computational social
science. Nature, 595(7866), 181-188. [Link to paper]

3. Intro2ML

Demirkaya, E., Fan, Y., Gao, L., Lv, J., Vossler, P., & Wang, J. (2024). Optimal
nonparametric inference with two-scale distributional nearest neighbors. Journal of the
American Statistical Association, 119(545), 297-307. [Link to paper]

Athey, S., & Imbens, G. (2016). Recursive partitioning for heterogeneous causal effects.
Proceedings of the National Academy of Sciences, 113(27), 7353-7360. [Link to paper]

Efron, B. (1992). Bootstrap methods: another look at the jackknife. In Breakthroughs in
statistics: Methodology and distribution (pp. 569-593). New York, NY: Springer New
York. [Link to paper]

Breiman, L. (1996). Bagging predictors. Machine learning, 24, 123-140. [Link to paper]

Athey, S., Tibshirani, J., & Wager, S. (2019). Generalized random forests. [Link to paper]
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Wager, S., & Athey, S. (2018). Estimation and inference of heterogeneous treatment
effects using random forests. Journal of the American Statistical Association, 113(523),
1228-1242. [Link to paper]

Chen, T., & Guestrin, C. (2016, August). Xgboost: A scalable tree boosting system. In
Proceedings of the 22nd acm sigkdd international conference on knowledge discovery
and data mining (pp. 785-794). [Link to paper] [Link to GitHub]

4. Intro2DL

Kingma, D. P. (2014). Adam: A method for stochastic optimization. arXiv preprint
arXiv:1412.6980. [Link to paper]

Ruder, S. (2016). An overview of gradient descent optimization algorithms. arXiv
preprint arXiv:1609.04747. [Link to paper]

Davies, A., Veli¢kovi¢, P., Buesing, L., Blackwell, S., Zheng, D., Tomasey, N., ... & Kohli,
P. (2021). Advancing mathematics by guiding human intuition with Al. Nature,
600(7887), 70-74. [Link to paper] [Link to GitHub]

Ye, Z., Zhang, Z., Zhang, D., Zhang, H., & Zhang, R. P. (2023). Deep-Learning-Based
Causal Inference for Large-Scale Combinatorial Experiments: Theory and Empirical
Evidence. Available at SSRN 4375327. [Link to paper] [Link to GitHub]

Wang, Zhi and Gao, Rui and Li, Shuang (2024), Neural-Network Mixed Logit Choice
Model: Statistical and Optimality Guarantees. [Link to paper]

Luyang Chen, Markus Pelger, Jason Zhu (2023) Deep Learning in Asset Pricing.
Management Science 70(2):714-750. [Link to paper] [Link to GitHub]

Li, H., Xu, Z., Taylor, G., Studer, C., & Goldstein, T. (2018). Visualizing the loss
landscape of neural nets. Advances in neural information processing systems, 31. [Link
to paper] [Link to GitHub]

He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image
recognition. In Proceedings of the IEEE conference on computer vision and pattern
recognition (pp. 770-778). [Link to paper] [Link to GitHub]

Glorot, X., & Bengio, Y. (2010, March). Understanding the difficulty of training deep
feedforward neural networks. In Proceedings of the thirteenth international conference
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on artificial intelligence and statistics (pp. 249-256). JMLR Workshop and Conference
Proceedings. [Link to paper]

loffe, S. (2015). Batch normalization: Accelerating deep network training by reducing
internal covariate shift. arXiv preprint arXiv:1502.03167. [Link to paper]

He, K., Zhang, X., Ren, S., & Sun, J. (2015). Delving deep into rectifiers: Surpassing
human-level performance on imagenet classification. In Proceedings of the IEEE
international conference on computer vision (pp. 1026-1034). [Link to paper]

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, ., & Salakhutdinov, R. (2014).
Dropout: a simple way to prevent neural networks from overfitting. The journal of
machine learning research, 15(1), 1929-1958. [Link to paper] [Link to GitHub]

5. Transformer

Brown, T., Mann, B., Ryder, N., Subbiah, M., Kaplan, J. D., Dhariwal, P., ... & Amodei, D.
(2020). Language models are few-shot learners. Advances in neural information
processing systems, 33, 1877-1901. [Link to paper] [Link to GitHub]

Vaswani, A. (2017). Attention is all you need. Advances in Neural Information
Processing Systems. [Link to paper] [Link to GitHub]

Kenton, J. D. M. W. C., & Toutanova, L. K. (2019, June). Bert: Pre-training of deep
bidirectional transformers for language understanding. In Proceedings of naacL-HLT
(Vol. 1, No. 2). [Link to paper] [Link to GitHub]

Mikolov, T. (2013). Efficient estimation of word representations in vector space. arXiv
preprint arXiv:1301.3781, 3781. [Link to paper]

Radford, A., Wu, J., Child, R., Luan, D., Amodei, D., & Sutskever, |. (2019). Language
models are unsupervised multitask learners. OpenAl blog, 1(8), 9. [Link to paper] [Link

to GitHub]

Pennington, J., Socher, R., & Manning, C. D. (2014, October). Glove: Global vectors for
word representation. In Proceedings of the 2014 conference on empirical methods in
natural language processing (EMNLP) (pp. 1532-1543). [Link to paper] [Link to GitHub]

Ouyang, L., Wu, J., Jiang, X., Alimeida, D., Wainwright, C., Mishkin, P,, ... & Lowe, R.
(2022). Training language models to follow instructions with human feedback. Advances
in neural information processing systems, 35, 27730-27744. [Link to paper]
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Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., ... &
Bengio, Y. (2020). Generative adversarial networks. Communications of the ACM,

63(11), 139-144. [Link to paper]

llya Sutskever, Oriol Vinyals, and Quoc V. Le. (2014). Sequence to sequence learning
with neural networks. In Proceedings of the 28th International Conference on Neural
Information Processing Systems - Volume 2 (NIPS'14), Vol. 2. MIT Press, Cambridge,
MA, USA, 3104-3112. [Link to paper]

Bahdanau, D. (2014). Neural machine translation by jointly learning to align and
translate. arXiv preprint arXiv:1409.0473. [Link to paper]

Lei Ba, J., Kiros, J. R., & Hinton, G. E. (2016). Layer normalization. ArXiv e-prints,
arXiv-1607. [Link to paper]

Sarzynska-Wawer, J., Wawer, A., Pawlak, A., Szymanowska, J., Stefaniak, .,
Jarkiewicz, M., & Okruszek, L. (2021). Detecting formal thought disorder by deep
contextualized word representations. Psychiatry Research, 304, 114135. [Link to paper]

Card, D., Chang, S., Becker, C., Mendelsohn, J., Voigt, R., Boustan, L., ... & Jurafsky, D.
(2022). Computational analysis of 140 years of US political speeches reveals more
positive but increasingly polarized framing of immigration. Proceedings of the National
Academy of Sciences, 119(31), €2120510119. [Link to paper] [Link to GitHub]

Hansen, S., Lambert, P. J., Bloom, N., Davis, S. J., Sadun, R., & Taska, B. (2023).
Remote work across jobs, companies, and space (No. w31007). National Bureau of
Economic Research. [Link to paper]

Gentzkow, M., Kelly, B., & Taddy, M. (2019). Text as data. Journal of Economic
Literature, 57(3), 535-574. [Link to paper]

Ash, E., & Hansen, S. (2023). Text algorithms in economics. Annual Review of
Economics, 15(1), 659-688. [Link to paper] [Link to GitHub]

Dosovitskiy, A. (2020). An image is worth 16x16 words: Transformers for image
recognition at scale. arXiv preprint arXiv:2010.11929. [Link to paper] [Link to GitHub]

Peebles, W., & Xie, S. (2023). Scalable diffusion models with transformers. In
Proceedings of the IEEE/CVF International Conference on Computer Vision (pp.
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