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Go Quakers!! 
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Inference-time reasoning!!! 

We just didn’t have the right 
representation. 

4

Besides “reasoning”, another 
motivation was ”general-purposeness”.



The progress we dreamed of

Language models that are 
remarkably capable at solving 
many important NLP benchmarks.
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The progress we dreamed of
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However, LLMs remain brittle … 
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Will “scaling” solve LLM brittleness? 
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Kaplan et al. 2020; 
among others

Diminishing returns w/ scaling (compute, data, human supervision.)

Exponential Exponential 

Linear



LMs will remain brittle
• We should face this reality. 
• It’s imperative to understand the scope of their brittleness.

• What are the underlying reasons? How can we mitigate them. 
• There is so much to ”scaling” LLM beyond just scaling. 

• What are the application frontiers that are near feasible? 
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Roadmap

• Rethinking data. 

  
• Few new challenge problems  
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AI Data is the “new electricity” 

Kaplan et al. 2020; 
among others

More data (and compute) leads to better models. 
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Limits of scaling “laws”

Kaplan et al. 2020; 
among others

Which data? How is it distributed? 
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Limits of scaling “laws”

Kaplan et al. 2020; 
among others

There are various nuances about data that are not 
explained any ”laws” and remain poorly understood.
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• Knowledge is not
uniformly distributed. 
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Beyond blackbox laws: knowledge distribution



• Knowledge is not
uniformly distributed. 
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Beyond blackbox laws: knowledge distribution

When Not to Trust Language Models: Investigating Effectiveness of Parametric and Non-Parametric Memories, (Mallen et al. ACL 2023)

Factual accuracy of LLMs is 
positively correlated with 

”popularity” of the input prompts. query log-popularity
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Beyond blackbox laws: Knowledge Cutoffs
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Temporal misalignment: LLMs stale over time

Time Waits for No One! Analysis and Challenges of Temporal Misalignment., (Luu et al.  NAACL 2022)
Mind the Gap: Assessing Temporal Generalization in Neural Language Models, (Lazaridou et al.  NeurIPS 2021)

• LLM quality degrade after their cut off date. 
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How reliable is LLM knowledge before the cutoff?
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What users want: 
• Always use the latest version of facts, if there is any update.  



Dated Data: 
Tracing Knowledge Cutoffs in Large Language Models

Jeffrey Cheng, Marc Marone, Orion Weller, 
Dawn Lawrie, Daniel Khashabi, Benjamin Van Durme

🥇 COLM 2024 Outstanding paper award! 🥇



• How should we quantify this? 

LLM reliability before the cutoff
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• WIKISPAN:
• Collect 5000 most edited topics
• Scrape monthly versions from 

April 2016 to April 2023

How do we measure knowledge over time?

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024

2016 2018 2020 2022 2023
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• WIKISPAN documents: version 
of Wikipedia topic t at time m

• Measure perplexity of first 
512 tokens of each document, 
across all topics and months

• Perform 0-1 normalization 
over entire time-span

Extract PPL over time with WIKISPAN

Perplexity of the Wikipedia document 
“Liverpool'' under Pythia-7b. Each point is the 

perplexity of the document at that time.

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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Expectation: which trend would you expect? 
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RedPajamas (Together Computer)

“We use the Wikipedia dataset available on Huggingface, 
which is based on the Wikipedia dump from 2023-03-20 and 
contains text in 20 different languages. The dataset comes in 
preprocessed format, so that hyperlinks, comments and other 
formatting boilerplate has been removed.”

PPL of RedPejamas over time

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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PPL of RedPejamas over time
claimed cutoff

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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“Effective Cutoff” 

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
31

The effective cutoff of an LLM with respect to a resource is the 
date that matches the LLM’s best knowledge of that resource.



“Effective Cutoff” in other models 

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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“Effective Cutoff” in other models 

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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“Effective Cutoff” in other models 

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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Why such discrepancies exist between 
effective vs. reported cutoffs?
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Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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Pre-training data contain lots of old/stale data 

Cheng et al. Dated Data: Tracing Knowledge Cutoffs in Large Language Models., COLM 2024
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The distribution of older/stale [Wikipedia] data in 
C4 which is popularly used as part of pre-training. 
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• Effective cutoffs of recent LLMs are years earlier than reported cutoff
• CommonCrawl dumps include older versions of resources
• Not explained by scaling ”laws”!

• There are exceptions: 
• Effective cutoffs of Pile-derived models matches their reported cutoff
• Small amount of CommonCrawl used (< 25% of one CC dump) 

• Open question: what is the implication for applications? 

Summary thus far 

38

x

x

x



Long-tail of problems: 
There are many infrequent concepts/problems 
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Example: The long-tail of languages

The Language Barrier: Dissecting Safety Challenges of 
LLMs in Multilingual Context. (Shen et al. ACL 2024)

high-resource
(head)

low-resource
(tail)
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Swahili 

English Italian

Chinese

Tokens of pretraining
data by language in mC4  (Xue+ 2024)



[𝛻,   𝛻,    𝛻,    𝛻,    𝛻]

How should we [pre-]train on imbalanced data?

<latexit sha1_base64="BHKjxZbYdG0lauWRlKiX4ZpK5Yw=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXbisYB/QDiWTZtrQTDImmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCopWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2MbzO/PaFKMykezTSmfoSHgoWMYGMlvxdhMyKYp3ezvtcvV9yqOwdaJV5OKpCj0S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZhdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5LWRdWrVWsPl5X6TV5HEU7gFM7Bgyuowz00oAkEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDpfOSCQ==</latexit>D1
<latexit sha1_base64="AHSpWvQwR333Q3JGo+GQPCZSOyM=">AAAB9HicbVDLSgMxFL3xWeur6tJNsAiuykyR6rKoC5cV7APaoWTSTBuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+0dr6xubWdmGnuLu3f3BYOjpu6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf32Z+e8KU5pF8NNOYeSEZSh5wSoyVvF5IzIgSkd7N+tV+qexUnDnwKnFzUoYcjX7pqzeIaBIyaaggWnddJzZeSpThVLBZsZdoFhM6JkPWtVSSkGkvnYee4XOrDHAQKfukwXP190ZKQq2noW8ns5B62cvE/7xuYoJrL+UyTgyTdHEoSAQ2Ec4awAOuGDViagmhitusmI6IItTYnoq2BHf5y6ukVa24tUrt4bJcv8nrKMApnMEFuHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzG6hvKdE/gD9PkDp3eSCg==</latexit>D2

[𝛻,   𝛻,    𝛻,    𝛻,    𝛻]
×        ×        ×         ×         × 
!
"

!
"

!
"

!
"

𝟐
"

𝛻! = 𝛻" =

Scalarization
(sample uniformly; 

upweight small domain)

Sampling
(oversample small domain; 

average uniformly)4x larger

×        ×        ×         ×         × 

!
$

!
$

!
$

!
$

!
$
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Upsample or Upweight? 
Balanced Training on Heavily Imbalanced Datasets

Tianjian Li, Haoran Xu, Weiting Tan, 
Kenton Murray and Daniel Khashabi.

To appear in NAACL ‘25 (next week!!)



Training on a collection of “domains” 
• Consider training a model on a collection     domains: 

<latexit sha1_base64="q4RidoqvkogkYoAGcK/q8ElKAPQ=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL4KXBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUK/XLUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6WXjNo=</latexit>

K

<latexit sha1_base64="BHKjxZbYdG0lauWRlKiX4ZpK5Yw=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXbisYB/QDiWTZtrQTDImmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCopWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2MbzO/PaFKMykezTSmfoSHgoWMYGMlvxdhMyKYp3ezvtcvV9yqOwdaJV5OKpCj0S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZhdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5LWRdWrVWsPl5X6TV5HEU7gFM7Bgyuowz00oAkEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDpfOSCQ==</latexit>D1
<latexit sha1_base64="AHSpWvQwR333Q3JGo+GQPCZSOyM=">AAAB9HicbVDLSgMxFL3xWeur6tJNsAiuykyR6rKoC5cV7APaoWTSTBuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+0dr6xubWdmGnuLu3f3BYOjpu6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf32Z+e8KU5pF8NNOYeSEZSh5wSoyVvF5IzIgSkd7N+tV+qexUnDnwKnFzUoYcjX7pqzeIaBIyaaggWnddJzZeSpThVLBZsZdoFhM6JkPWtVSSkGkvnYee4XOrDHAQKfukwXP190ZKQq2noW8ns5B62cvE/7xuYoJrL+UyTgyTdHEoSAQ2Ec4awAOuGDViagmhitusmI6IItTYnoq2BHf5y6ukVa24tUrt4bJcv8nrKMApnMEFuHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzG6hvKdE/gD9PkDp3eSCg==</latexit>D2

<latexit sha1_base64="G9I3Fuc2mREa0YZ6fPm9xATbA28=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXQhuKtgHtEPJpJk2NJOMSaZQhn6HGxeKuPVj3Pk3ZtpZaPVA4HDOvdyTE8ScaeO6X05hZXVtfaO4Wdra3tndK+8ftLRMFKFNIrlUnQBrypmgTcMMp51YURwFnLaD8XXmtydUaSbFg5nG1I/wULCQEWys5PcibEYE8/Rm1r/rlytu1Z0D/SVeTiqQo9Evf/YGkiQRFYZwrHXXc2Pjp1gZRjidlXqJpjEmYzykXUsFjqj203noGTqxygCFUtknDJqrPzdSHGk9jQI7mYXUy14m/ud1ExNe+ikTcWKoIItDYcKRkShrAA2YosTwqSWYKGazIjLCChNjeyrZErzlL/8lrbOqV6vW7s8r9au8jiIcwTGcggcXUIdbaEATCDzCE7zAqzNxnp03530xWnDynUP4BefjG81bkiM=</latexit>DK…

<latexit sha1_base64="nXVY0sN3lpL4WuQWf1WnhQvbyuk="></latexit>

Dunion ↭ D1 →D2 → . . . →DK
<latexit sha1_base64="tJfkK48tx6HBp+69D8IVrjFD/6E="></latexit>

B(ω) =
{
x

∣∣∣∣∣ k → |Dk|1/ω∑
j |Dj |1/ω

, x → Dk

}
A batch 
of data

The whole 
data
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•              uniform sampling from the whole data.
•              oversamples smaller domains.
•                 samples equal number from each domain. 

Training on a collection of “domains” 

<latexit sha1_base64="BHKjxZbYdG0lauWRlKiX4ZpK5Yw=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXbisYB/QDiWTZtrQTDImmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCopWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2MbzO/PaFKMykezTSmfoSHgoWMYGMlvxdhMyKYp3ezvtcvV9yqOwdaJV5OKpCj0S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZhdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5LWRdWrVWsPl5X6TV5HEU7gFM7Bgyuowz00oAkEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDpfOSCQ==</latexit>D1
<latexit sha1_base64="AHSpWvQwR333Q3JGo+GQPCZSOyM=">AAAB9HicbVDLSgMxFL3xWeur6tJNsAiuykyR6rKoC5cV7APaoWTSTBuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+0dr6xubWdmGnuLu3f3BYOjpu6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf32Z+e8KU5pF8NNOYeSEZSh5wSoyVvF5IzIgSkd7N+tV+qexUnDnwKnFzUoYcjX7pqzeIaBIyaaggWnddJzZeSpThVLBZsZdoFhM6JkPWtVSSkGkvnYee4XOrDHAQKfukwXP190ZKQq2noW8ns5B62cvE/7xuYoJrL+UyTgyTdHEoSAQ2Ec4awAOuGDViagmhitusmI6IItTYnoq2BHf5y6ukVa24tUrt4bJcv8nrKMApnMEFuHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzG6hvKdE/gD9PkDp3eSCg==</latexit>D2

<latexit sha1_base64="G9I3Fuc2mREa0YZ6fPm9xATbA28=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXQhuKtgHtEPJpJk2NJOMSaZQhn6HGxeKuPVj3Pk3ZtpZaPVA4HDOvdyTE8ScaeO6X05hZXVtfaO4Wdra3tndK+8ftLRMFKFNIrlUnQBrypmgTcMMp51YURwFnLaD8XXmtydUaSbFg5nG1I/wULCQEWys5PcibEYE8/Rm1r/rlytu1Z0D/SVeTiqQo9Evf/YGkiQRFYZwrHXXc2Pjp1gZRjidlXqJpjEmYzykXUsFjqj203noGTqxygCFUtknDJqrPzdSHGk9jQI7mYXUy14m/ud1ExNe+ikTcWKoIItDYcKRkShrAA2YosTwqSWYKGazIjLCChNjeyrZErzlL/8lrbOqV6vW7s8r9au8jiIcwTGcggcXUIdbaEATCDzCE7zAqzNxnp03530xWnDynUP4BefjG81bkiM=</latexit>DK…
<latexit sha1_base64="tJfkK48tx6HBp+69D8IVrjFD/6E="></latexit>

B(ω) =
{
x

∣∣∣∣∣ k → |Dk|1/ω∑
j |Dj |1/ω

, x → Dk

}

<latexit sha1_base64="MUhW8DMKm111KmCJUSmQTfcd3kM=">AAAB7XicbVBNS8NAEJ34WetX1aOXxSJ4KolI9SIUvXisYD+gDWWz3bRrN9mwOxFK6H/w4kERr/4fb/4bt20O2vpg4PHeDDPzgkQKg6777aysrq1vbBa2its7u3v7pYPDplGpZrzBlFS6HVDDpYh5AwVK3k40p1EgeSsY3U791hPXRqj4AccJ9yM6iEUoGEUrNbtI02uvVyq7FXcGsky8nJQhR71X+ur2FUsjHiOT1JiO5yboZ1SjYJJPit3U8ISyER3wjqUxjbjxs9m1E3JqlT4JlbYVI5mpvycyGhkzjgLbGVEcmkVvKv7ndVIMr/xMxEmKPGbzRWEqCSoyfZ30heYM5dgSyrSwtxI2pJoytAEVbQje4svLpHle8aqV6v1FuXaTx1GAYziBM/DgEmpwB3VoAINHeIZXeHOU8+K8Ox/z1hUnnzmCP3A+fwAY5Y7V</latexit>

ω = 1
<latexit sha1_base64="RzfXMiu1QmmuCWPPUr1UBl519BQ=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KolI9SRFLx4r2A9oQ9lsN+3SzSbuToQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqAccJ9yM6UCIUjKKV2l2kKbkmXq9UdivuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZvRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/8TKgkRa7YfFGYSoIxmT5P+kJzhnJsCWVa2FsJG1JNGdqIijYEb/HlZdI8r3jVSvX+oly7yeMowDGcwBl4cAk1uIM6NICBhGd4hTfn0Xlx3p2PeeuKk88cwR84nz/JUo8q</latexit>

ω > 1
<latexit sha1_base64="aeDWrEbzVectaab/qMqOHFGbcT0=">AAACAHicbVBNS8NAEN3Ur1q/oh48eFksgqeSiFSPRS8eK9gPaELZbDft0s0m7E6UEHrxr3jxoIhXf4Y3/43bNgdtfTDweG+GmXlBIrgGx/m2Siura+sb5c3K1vbO7p69f9DWcaooa9FYxKobEM0El6wFHATrJoqRKBCsE4xvpn7ngSnNY3kPWcL8iAwlDzklYKS+feQBSbGn+HAERKn4EXtchpD17apTc2bAy8QtSBUVaPbtL28Q0zRiEqggWvdcJwE/Jwo4FWxS8VLNEkLHZMh6hkoSMe3nswcm+NQoAxzGypQEPFN/T+Qk0jqLAtMZERjpRW8q/uf1Ugiv/JzLJAUm6XxRmAoMMZ6mgQdcMQoiM4RQxc2tmI6IIhRMZhUTgrv48jJpn9fceq1+d1FtXBdxlNExOkFnyEWXqIFuURO1EEUT9Ixe0Zv1ZL1Y79bHvLVkFTOH6A+szx/6gZat</latexit>

ω → ↑

44



Temperature Sampling (TS)

With                oversample infrequent domains, 
effectively duplicating the data multiple times.

<latexit sha1_base64="UiJm5a/VP5cSsO/AwvEybvK12dw="></latexit>

→TS(ω) :=
∑

x→B(ω)

→ε
∣∣∣
x

<latexit sha1_base64="RzfXMiu1QmmuCWPPUr1UBl519BQ=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KolI9SRFLx4r2A9oQ9lsN+3SzSbuToQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqAccJ9yM6UCIUjKKV2l2kKbkmXq9UdivuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZvRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/8TKgkRa7YfFGYSoIxmT5P+kJzhnJsCWVa2FsJG1JNGdqIijYEb/HlZdI8r3jVSvX+oly7yeMowDGcwBl4cAk1uIM6NICBhGd4hTfn0Xlx3p2PeeuKk88cwR84nz/JUo8q</latexit>

ω > 1

<latexit sha1_base64="BHKjxZbYdG0lauWRlKiX4ZpK5Yw=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXbisYB/QDiWTZtrQTDImmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCopWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2MbzO/PaFKMykezTSmfoSHgoWMYGMlvxdhMyKYp3ezvtcvV9yqOwdaJV5OKpCj0S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZhdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5LWRdWrVWsPl5X6TV5HEU7gFM7Bgyuowz00oAkEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDpfOSCQ==</latexit>D1
<latexit sha1_base64="AHSpWvQwR333Q3JGo+GQPCZSOyM=">AAAB9HicbVDLSgMxFL3xWeur6tJNsAiuykyR6rKoC5cV7APaoWTSTBuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+0dr6xubWdmGnuLu3f3BYOjpu6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf32Z+e8KU5pF8NNOYeSEZSh5wSoyVvF5IzIgSkd7N+tV+qexUnDnwKnFzUoYcjX7pqzeIaBIyaaggWnddJzZeSpThVLBZsZdoFhM6JkPWtVSSkGkvnYee4XOrDHAQKfukwXP190ZKQq2noW8ns5B62cvE/7xuYoJrL+UyTgyTdHEoSAQ2Ec4awAOuGDViagmhitusmI6IItTYnoq2BHf5y6ukVa24tUrt4bJcv8nrKMApnMEFuHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzG6hvKdE/gD9PkDp3eSCg==</latexit>D2

<latexit sha1_base64="G9I3Fuc2mREa0YZ6fPm9xATbA28=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXQhuKtgHtEPJpJk2NJOMSaZQhn6HGxeKuPVj3Pk3ZtpZaPVA4HDOvdyTE8ScaeO6X05hZXVtfaO4Wdra3tndK+8ftLRMFKFNIrlUnQBrypmgTcMMp51YURwFnLaD8XXmtydUaSbFg5nG1I/wULCQEWys5PcibEYE8/Rm1r/rlytu1Z0D/SVeTiqQo9Evf/YGkiQRFYZwrHXXc2Pjp1gZRjidlXqJpjEmYzykXUsFjqj203noGTqxygCFUtknDJqrPzdSHGk9jQI7mYXUy14m/ud1ExNe+ikTcWKoIItDYcKRkShrAA2YosTwqSWYKGazIjLCChNjeyrZErzlL/8lrbOqV6vW7s8r9au8jiIcwTGcggcXUIdbaEATCDzCE7zAqzNxnp03530xWnDynUP4BefjG81bkiM=</latexit>DK…
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Scalarization (S)

Assigned a higher weight to 
the smaller domains

<latexit sha1_base64="m00jbWkpsfYorAHX3ykWTQAuVJo=">AAACCHicbVDLSsNAFJ34rPUVdenCwSK4KolIFVdFN4KbCvYBSSiT6aQdOpkJMxOlhC7d+CtuXCji1k9w5984abPQ1gMXDufcy733hAmjSjvOt7WwuLS8slpaK69vbG5t2zu7LSVSiUkTCyZkJ0SKMMpJU1PNSCeRBMUhI+1weJX77XsiFRX8To8SEsSoz2lEMdJG6toH0QX0Y6QHGLGsM4a+pP2BRlKKB+jdBLBrV5yqMwGcJ25BKqBAo2t/+T2B05hwjRlSynOdRAcZkppiRsZlP1UkQXiI+sQzlKOYqCCbPDKGR0bpwUhIU1zDifp7IkOxUqM4NJ35zWrWy8X/PC/V0XmQUZ6kmnA8XRSlDGoB81Rgj0qCNRsZgrCk5laIB0girE12ZROCO/vyPGmdVN1atXZ7WqlfFnGUwD44BMfABWegDq5BAzQBBo/gGbyCN+vJerHerY9p64JVzOyBP7A+fwDSg5k6</latexit>

f : X → [K]

<latexit sha1_base64="BHKjxZbYdG0lauWRlKiX4ZpK5Yw=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXbisYB/QDiWTZtrQTDImmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCopWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2MbzO/PaFKMykezTSmfoSHgoWMYGMlvxdhMyKYp3ezvtcvV9yqOwdaJV5OKpCj0S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZhdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5LWRdWrVWsPl5X6TV5HEU7gFM7Bgyuowz00oAkEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDpfOSCQ==</latexit>D1
<latexit sha1_base64="AHSpWvQwR333Q3JGo+GQPCZSOyM=">AAAB9HicbVDLSgMxFL3xWeur6tJNsAiuykyR6rKoC5cV7APaoWTSTBuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+0dr6xubWdmGnuLu3f3BYOjpu6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf32Z+e8KU5pF8NNOYeSEZSh5wSoyVvF5IzIgSkd7N+tV+qexUnDnwKnFzUoYcjX7pqzeIaBIyaaggWnddJzZeSpThVLBZsZdoFhM6JkPWtVSSkGkvnYee4XOrDHAQKfukwXP190ZKQq2noW8ns5B62cvE/7xuYoJrL+UyTgyTdHEoSAQ2Ec4awAOuGDViagmhitusmI6IItTYnoq2BHf5y6ukVa24tUrt4bJcv8nrKMApnMEFuHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzG6hvKdE/gD9PkDp3eSCg==</latexit>D2

<latexit sha1_base64="G9I3Fuc2mREa0YZ6fPm9xATbA28=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXQhuKtgHtEPJpJk2NJOMSaZQhn6HGxeKuPVj3Pk3ZtpZaPVA4HDOvdyTE8ScaeO6X05hZXVtfaO4Wdra3tndK+8ftLRMFKFNIrlUnQBrypmgTcMMp51YURwFnLaD8XXmtydUaSbFg5nG1I/wULCQEWys5PcibEYE8/Rm1r/rlytu1Z0D/SVeTiqQo9Evf/YGkiQRFYZwrHXXc2Pjp1gZRjidlXqJpjEmYzykXUsFjqj203noGTqxygCFUtknDJqrPzdSHGk9jQI7mYXUy14m/ud1ExNe+ikTcWKoIItDYcKRkShrAA2YosTwqSWYKGazIjLCChNjeyrZErzlL/8lrbOqV6vW7s8r9au8jiIcwTGcggcXUIdbaEATCDzCE7zAqzNxnp03530xWnDynUP4BefjG81bkiM=</latexit>DK…

Uniformly sampled 
from the whole data

<latexit sha1_base64="AS4ieGOf2/ULWLQTjLc/SexsxgU="></latexit>

→S(w) :=
∑

x→B(ω=1)

wf(x)→ω
∣∣∣
x

maps each data 
to its domain
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Scalarization (S) vs Temperature Sampling (TS)

47

<latexit sha1_base64="AS4ieGOf2/ULWLQTjLc/SexsxgU="></latexit>

→S(w) :=
∑

x→B(ω=1)

wf(x)→ω
∣∣∣
x

<latexit sha1_base64="UiJm5a/VP5cSsO/AwvEybvK12dw="></latexit>

→TS(ω) :=
∑

x→B(ω)

→ε
∣∣∣
x

<latexit sha1_base64="BHKjxZbYdG0lauWRlKiX4ZpK5Yw=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXbisYB/QDiWTZtrQTDImmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCopWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2MbzO/PaFKMykezTSmfoSHgoWMYGMlvxdhMyKYp3ezvtcvV9yqOwdaJV5OKpCj0S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZhdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5LWRdWrVWsPl5X6TV5HEU7gFM7Bgyuowz00oAkEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDpfOSCQ==</latexit>D1
<latexit sha1_base64="AHSpWvQwR333Q3JGo+GQPCZSOyM=">AAAB9HicbVDLSgMxFL3xWeur6tJNsAiuykyR6rKoC5cV7APaoWTSTBuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+0dr6xubWdmGnuLu3f3BYOjpu6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf32Z+e8KU5pF8NNOYeSEZSh5wSoyVvF5IzIgSkd7N+tV+qexUnDnwKnFzUoYcjX7pqzeIaBIyaaggWnddJzZeSpThVLBZsZdoFhM6JkPWtVSSkGkvnYee4XOrDHAQKfukwXP190ZKQq2noW8ns5B62cvE/7xuYoJrL+UyTgyTdHEoSAQ2Ec4awAOuGDViagmhitusmI6IItTYnoq2BHf5y6ukVa24tUrt4bJcv8nrKMApnMEFuHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzG6hvKdE/gD9PkDp3eSCg==</latexit>D2

<latexit sha1_base64="G9I3Fuc2mREa0YZ6fPm9xATbA28=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFXQhuKtgHtEPJpJk2NJOMSaZQhn6HGxeKuPVj3Pk3ZtpZaPVA4HDOvdyTE8ScaeO6X05hZXVtfaO4Wdra3tndK+8ftLRMFKFNIrlUnQBrypmgTcMMp51YURwFnLaD8XXmtydUaSbFg5nG1I/wULCQEWys5PcibEYE8/Rm1r/rlytu1Z0D/SVeTiqQo9Evf/YGkiQRFYZwrHXXc2Pjp1gZRjidlXqJpjEmYzykXUsFjqj203noGTqxygCFUtknDJqrPzdSHGk9jQI7mYXUy14m/ud1ExNe+ikTcWKoIItDYcKRkShrAA2YosTwqSWYKGazIjLCChNjeyrZErzlL/8lrbOqV6vW7s8r9au8jiIcwTGcggcXUIdbaEATCDzCE7zAqzNxnp03530xWnDynUP4BefjG81bkiM=</latexit>DK…

Which one would would you use? 



Order Matters in the Presence of Dataset Imbalance for Multilingual Learning (Choi et al., NeurIPS 2024)

Do Current Multi-Task Optimization Methods Even Help? (Xin et al., NeurIPS 2022)

Spoiler: t
hey’re

 not th
e sa

me! 

“Temperature Sampling” often assumed to be 
equivalent to “Scalarization”

48



Scalarization (S) vs Temperature Sampling (TS)

• Both approaches are good, if you have very large batch sizes. 

• However, their variances are different. 

50

Theory (informal): gradients estimation based on S and TS 
are both unbiased estimators (of gradient on full dataset). 

Theory (informal): Gradients estimates of S have lower 
variance than TS. Their gap increases monotonically with 
higher temperature. 

x



TS vs S: How do they affect my optimization?
• It is well-known that variance-reduction accelerates the 

convergences of SGD (Sutskever et al., 2013; Kingma and Ba, 2015)

• Temperature Sampling reduces gradient variance, therefore it 
should converge faster??

51



TS vs S: Convergence speed 

• We train an MT model for pair of 
high and low-resource languages.

Temperature Sampling (dashed) 
converges faster than 
Scalarization (solid. 

52

cs: Czech
ro: Romanian 



TS vs S: Convergence speed 

Increasing temperature (2 to 5) makes the convergence 
even faster, but easy to overfit (to small domains).

53



: Adapting sampling temperature

• When using temperature sampling, we need balance between: 
• High-temperature (faster convergence)
• Low-temperature (avoid overfitting) 

Train with Temperature Sampling 
• Start with a high-temperature
• During training reduce temp

❄ COOLDOWN ❄

❄ COOLDOWN ❄

54

Over-sample low-
resource domains

Remove the over-
sampling over time



Multilingual Language Modeling

2

3

4

5

English Italian Chinese Swahili Average

Proportional (τ = 1)

Uniform (τ = 100)

Cooldown (Ours)

D
ev

 L
os

s 
on

 m
C4

❄ COOLDOWN ❄ outperforms 
fixed-temperature sampling.
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Multilingual Language Modeling

2

3

4

English Italian Chinese Swahili Average

Order Matters (Choi et al., 2023)

Unimax (Chung et al., 2023)

Cooldown (Ours)

D
ev

 L
os

s 
on

 m
C4

Upsamples LRLs at the 
beginning of training

Upsamples LRLs at 
the end of training

❄ COOLDOWN ❄ outperforms existing 
work that dynamically adjusts the 

sampling temperature!
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Summary 
• Common approaches for training on imbalanced data: 
• Sampling vs Scalarization 

• Despite common perception, these two are not equivalent. 

•❄ COOLDOWN ❄
• A suggested recipe for imbalanced [pre-]training 

• Open question: Do these actually scale? 

57
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Data ⟷ LLM behavior
• These (data staleness, imbalance, etc.) are not captured by 

scaling laws. 

• Our understanding of data and its impact on behavior remains 
quite primitive. 

• The heavy focus on “scaling laws” may be have been 
counterproductive, as it disincentivizing a deeper 
understanding of data. 

58
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Today

Science of AI    
• Rethinking data. 

AI for Science  
• Few new challenge problems  

59



Today

Science of AI    
• Rethinking data. 

AI for Science  
• Few new challenge problems  
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AI for Science 

61

Protein Folding
 (e.g., AlphaFold, 2022)

Climate Modeling
(e.g., AlphaFold, 2022)

Drug Discovery
(e.g., Insilico Medicine)



“Digesting” science is getting difficult

62

Source: NSF 
S&E Indicators

It’s near impossible to keep track of science, even within its sub-fields. 



Data ⟷ LLM behavior ⟷  Science discovery

• Cutoff dates and data staleness: 
• Science keeps evolving. How do you know that your model retains the 

latest version of findings? 

• Data imbalance: 
• Few findings/papers are overly repeated. A lot of science is less 

repeated (if any). 
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Science queries: Information seeking vs Aggregative

• Information seeking queries:

Query: What was GPT3’s approach to alignment?

Repositories of 
science: arXiv, Google 

Scholar, etc.

Potentially 
relevant papers

64

Summary



• Aggregative queries: 

Query: Compare alignment approaches used in notable recent LLMs. 

Information retrieval systems: 
Google Scholar etc. Relevant papers, sorted

Chatbots 
(parametric or retrieval-augmented)

Precision issues

Recall issues

Science queries: Information seeking vs Aggregative

65

Response



How good is the state-of-the-art at this task? 

66Example retrieved on 02/27/2025

ChatGPT 

Not able to identify a meaningful set of 
column values (table schema) 

A lot of details are missing here! 
(many open-source models)



What I manually created for my course:

67

Language 
Model

Release Base 
Alignment 

Algorithm(s) Used
Alignment Data Sources for alignment 

GPT-3-
instruct

2020 GPT-3 SFT --> RLHF/PPO
Curated datasets with human-labeled 
prompts and responses

GPT-4 2023
GPT-4 pre-

trained? 
SFT --> RLHF/PPO

Curated datasets with human-labeled 
prompts and responses

Gemini 2023
Gemini pre-

trained? 
SFT --> RLHF/PPO

Curated datasets with human-labeled 
prompts and responses

LLaMA2 2023
LLaMA2 pre-

trained 
SFT --> RLHF/PPO

Curated datasets with human-labeled 
prompts and responses

LLaMA3 2024
LLaMA3 

pre-trained 

Iterate: Rejection 
sampling -> 
SFT -> DPO 

10 million human-annotated examples. 
The alignment process was conducted over 
multiple rounds, with each round involving 
the collection of new preference annotations 
and SFT data. 

Alpacha 2023 LLAMA 1 SFT Self-Instruct, 52,000 input-output pairs 

Qwen2.5 2024
Qwen2.5 pre-

trained 
SFT -> DPO -> GRPO 1 million samples

Tulu 3 2024 Llama 3.1 SFT -> DPO -> RLVR near 1 million samples 

DeepSeek 
(V3)

2024
DeepSeek pre-

trained 
SFT -> GRPO 

1.5 million samples (reasoning + non-
reasoning tasks). 
Reasoning data was generated by 
specialized models. 
Non-reasoning data was produced by 
DeepSeek-V2.5 and validated by human 
reviewers.



• 2.1K user demand prompts +  tables (inherited from prior work).  
• Evaluation framework based on utilization. 

arXiv2Table: A benchmark for 
aggregative questions

71

Prompt: Generate 
a table comparing 

video datasets

Potentially 
relevant papers Tabular summary

https://github.com/JHU-CLSP/arXiv2Table



Another type of aggregative questions: 
Distribution of science contributions 

• Aggregative queries: 
• Query: How many papers are in AI? 
• Query: How many papers in AI are about extending RL? 
• Query: How many papers in AI are about extending DPO? 
• Query: How many papers use RL in surgical applications? 
• … 

Problem statement: How do we compute the distribution of 
scientific efforts at varying levels of granularity?

72Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 



Distribution of science contributions: why?
• Why we should we care? 
• Allows us (e.g., policy makers) identify areas that are over/under-explored. 

• Necessary for ensuring effective investment in science. 

• Not just science! Many institutions (e.g., venture capital firms) need to 
understand the distribution of their investments. 

Problem statement: How do we compute the distribution of 
scientific efforts at varying levels of granularity?

73



An idealistic hierarchy of science 

…

…

Science

Cluster: Advanced 
Materials Science

Sub-Cluster: 
Oceanic Dynamics and 

Acoustics

Sub-Cluster: 
Climate Dynamics 

Research

Cluster: Ocean-Climate 
Dynamics and Conservation

Cluster: Interdisciplinary 
Bioengineering Innovations

… Level 1

Level 2
Sub-Cluster: 

Thermal Transport in 
Disordered Materials

Sub-Cluster: 
Bioelectronic 
Innovations

Sub-Cluster: 
Advanced Li-ion 

Battery Optimization
……

Level L…
…

Paper: Impact 
of Cold-Air 

Outbreaks and 
Oceanic … 

Paper: Synthetic 
microbiology caucus 

Programming living sensors 
for environment, health … 

Paper: SynMADE: 
Synthetic Microbiota 

Across Diverse 
Ecosystems

Paper: Tailored 
thermal emission in 
bulk calcite through 

optic axis reorientation …

…

…

Paper: Structural 
investigation of the 
temperature-stable 
relaxor dielectric …

………

…

…

Papers

… … …
…

…
…

…
…

…
…

…

Problem statement: How do we compute the distribution of 
scientific efforts at varying levels of granularity?
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Existing hierarchies of science
• Manually curated with human curation
• They also have papers and their summaries within each category.   

https://orkg.org/home/R261/Mechanical_Engineering
75



Existing hierarchies of science
• Manually curated with human curation
• They also have papers and their summaries within each category.   

76

https://orkg.org/page/call-curation-grants-2025

They have an ad for 
hiring people!! 🙋 



Hierarchies of science paper

1. Representation of the node (what is a “paper”?)
2. Evaluating hierarchies 
3. Inferring them

77Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 

Science

……

…

…… … … …

…

… …

……

……



Hierarchies of science paper

1. Representation of the node (what is a “paper”?)
2. Evaluating hierarchies 
3. Inferring them

Science

……

…

…… … … …

…

… …

……

……
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How do you represent a ”paper”? 
• We extract different contribution types from each paper: 

https://arxiv.org/pdf/2010.07168 

Problem statement: 
• Problem domain
• Challenges
• Research goal

Solution: 
• Approach
• Novelty

Results: 
• Findings
• Impact

GPT4

79Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 



How do you represent a ”paper”? 
• We extract different contribution types from each paper: 

Problem statement: 
• Problem domain: Condensed matter physics
• Challenges: Lack of full rotational symmetry in solids leading to new excitations beyond Dirac and Weyl 

fermions
• Research goal: Investigate sixfold excitations in electrides

Solution: 
• Approach: Propose that a single linear dispersive sixfold excitation can be found in the electride 

Li12Mg3Si4 and its derivatives
• Novelty: Unique topological bulk-surface-edge correspondence for the spinless sixfold excitation

Results: 
• Findings: The sixfold excitation is formed by floating bands of elementary band representation A@12a. 

All gapped kz slices belong to a two-dimensional higher-order topological insulating phase, 
characterized by a quantized fractional corner charge Qcorner = 3|e|/4. Hinge arcs are obtained in the 
hinge spectra of the S4z-symmetric rod structure.

• Impact: Electrides are promising platforms for systematic studies of different topological phases.

GPT4

80Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 



One hierarchy per contribution type
• We extract different contribution types from each paper: 

contribution

Papers

LLM

…

Paper 1

Paper 2

Paper N

Extracting paper 
contributions

Paper 3
Inference 
algorithm 

…

contribution

contribution

contribution

Inferred hierarchy 
for  a fixed

contribution type

Science

……

…

…… … … …

…

… …

……

……
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Hierarchies of science paper

1. Representation of the node (what is a “paper”?)
2. Evaluating hierarchies 
3. Inferring them

82Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 

Science

……

…

…… … … …

…

… …

……

……



How should we evaluate a science hierarchy?
• There is no reference data for this task. 
• Even if it did, it would need to be updated every few week! 

In absence of any gold standard, 
how can we evaluate a given hierarchy? 

Science

……

…

…… … … …

…

… …

……

……
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…

Evaluation as Utilization
• Idea: A good hierarchy allows one to identify things.

• Setup:
• Input: A query Q that is answered at a leaf node. 
• Starting from root node, let a judge (an LLM) 

traverse the tree to identify the related leaf node. 

• Metric: The accuracy of finding the relevant leaf. 

Q

Science

……

…

…… … … …

…

… …

……

……

84Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 
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Evaluation as Utilization: Example 
Title: Controlling nonlinear interaction in a many-mode laser by tuning disorder
Abstract: Many-mode lasers with nonlinear modal interaction can model many-body physics... 
We introduce random phase fluctuation to tune lasing modes... 

1. Materials for energy/env/health
2. AI for complex systems
3. Ocean & atmosphere dynamics
4. Topological & quantum materials
5. Photonic & quantum systems 
6. Sustainable energy materials

Science

……

…… … … …

…

… …

……

…

Q

Level 1

Level 2

Level 3

…… … … …

…

Level 0

…

Level 1 Clusters:

Evaluator: 
Qwen2.5 (32B) 

The most appropriate cluster is:
5. Photonic & quantum systems

85Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 



Evaluation as Utilization: Example 
Title: Controlling nonlinear interaction in a many-mode laser by tuning disorder
Abstract: Many-mode lasers with nonlinear modal interaction can model many-body physics... 
We introduce random phase fluctuation to tune lasing modes... 

1. Advancements in Nano-Optical Resonance, Photonic Devices, and 
Nonlinear Optical Materials

2. Advances in Photonic Systems and Quantum Technologies for 
Enhanced Optical Control and Manipulation

3. Advancements in Quantum Optomechanics and Optical Physics for 
Enhanced Precision and Control

4. Advanced Photonic Technologies for Turbulence-Resilient Optical 
Communications and Wave Manipulation

5. Experimental Investigations of Quantum Gravity and Macroscopic 
Quantum Systems

Science

……

…… … … …

…

… …

……

…

Q

Level 1

Level 2

Level 3

…… … … …

…

Level 0

…

Level 2 Clusters:

Evaluator: 
Qwen2.5 (32B) 

The most appropriate cluster is:
1. Advancements in Nano-Optical Resonance, 
Photonic Devices, and Nonlinear Optical Materials

86Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 



Evaluation as Utilization: Example 
Title: Controlling nonlinear interaction in a many-mode laser by tuning disorder
Abstract: Many-mode lasers with nonlinear modal interaction can model many-body physics... 
We introduce random phase fluctuation to tune lasing modes... 

1. Advancements in Nano-Optical Resonance and Photonic Devices
2. Advanced Nanophotonic Materials and Metamaterials for Enhanced 

Optical Interactions
3. Advancements in Nonlinear Photonics and Quantum Optics
4. Advanced Optical Materials and Phenomena for Enhanced Metrology 

and Control
5. Advanced Nonlinear Optical Materials and Photonics

Science

……

…… … … …

…

… …

……

…

Q

Level 1

Level 2

Level 3

…… … … …

…

Level 0

…

Level 3 Clusters:

Evaluator: 
Qwen2.5 (32B) 

The most appropriate cluster is:
3 - Advancements in Nonlinear Photonics 
and Quantum Optics

A good hierarchy allows one to identify things!
87Gao et al. Science Hierarchography: Hierarchical Abstractions of Scientific Literature.2025 



Hierarchies of science paper

1. Representation of the node (what is a “paper”?)
2. Evaluating hierarchies 
3. Inferring them
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Can LLMs solve this? 
• LLMs are good at local decisions (if they’re common). 
• Example: RL is a variant of AI. 

• Challenges : 
• The task here requires a global coherence, but you 

cannot  fit the whole hierarchy/papers in the context.
• A lot of science is part of the long-tail where 

LLMs are less reliable.
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Pure-LLM based approaches 
• Approach: Place one item at a time in a seed hierarchy. 

Science

…
Science

…

…

Traverse the tree, 
and place it in the 

right place

Move on to the 
next contribution

A given paper 
contribution
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Start with a 
seed hierarchy

make_parent

go_down

discard

Actions

add_sibling

Strong baselines; 
but requires many LLM calls.

𝑂(𝐶. log	𝐶	)
 (𝐶: number of contributions)

🤖



🔮Scychic🔮: Combining LLM and Clustering
• Cluster papers and then name with LLMs (bottom-up)

…

N paper 
contributions

Embed N/b Cluster
(b=Branching factor)

…

Name
the Clusters

… Repeat this L times to 
obtain an L-layer 

hierarchy.

Science

……

…

…… … … …

…

… …

……

……
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x

x

Number of LLM calls: 𝑂(𝐶/𝑏)
 (𝐶: number of contributions; 

𝑏: branching factor)



Evaluation
• A semi-random set of 2K papers
• (results on 10K papers in the paper) 

• Examples here: https://ia1.wse.jhu.edu/port4000/ 
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Scychic has high accuracy while 
requiring much less LLM calls. 

x

The task is difficult. 
Help us solve it! x



Putting things together
• Motivation: Aggregative queries that require understanding the 

distribution of scientific efforts across different sub-areas. 

• Science Hierarchography: Large-scale hierarchical summarization 
of scientific literature. 

• We proposed framework to 
1. Evaluate: measuring hierarchy quality, in absence of gold data.
2. Infer hierarchies: balancing quality and scalability. Far from perfect! 
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AI for facilitating science: how far are we? 

• LLM have brought up massive opportunities to speed up science.  
• Accessing and digesting, reviewing, … 

• Not just LLMs— we should think about “systems” that are built 
upon them. There are many other challenges remain here.  

• At the same time, LMs are brittle and likely to remain brittle.  
• We need innovative ways to scope them and contain their brittleness.
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Not AGI: Helpful agents w/ bounded autonomy
• Systems that are robust within well-defined domain, might be 

better alternatives to generalist brittle models.
• Growing LLMs as part of data ecosystem

• It’s more helpful to pursue scoped agents that augment us. 
• Not to replace us.

🤖
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