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ABOUT ME

• AI Institute Fellow, Schmidt Sciences

• Postdoc EECS, MIT and the Broad Institute of  Harvard and MIT

• Ph.D. in Computer Science, UIUC (visiting Ph.D. @ Stanford 2022-2024)

• B.S. in Mechanical Engineering, Texas A&M University

Previously interned at Google Deepmind (w/ Alex D'Amour), Max Planck Institute for Intelligent Systems (w/ 

Moritz Hardt), Sandia National Laboratories, Cruise LLC, ...

Misc: On the job market this cycle.
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OUTLINE

• A brief point on the history of benchmarking norms

• Methods x External Validity

• On Evaluating Models vs. Evaluating Methods

• Validity

• Concluding remarks and future directions
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Note: I have attempted to make this talk mostly high-level and conceptual to enable and encourage discussion and/or debate. Please interrupt to ask 

questions, make a comment, disagree, etc., as much as you want!



A BRIEF POINT HISTORY POINT 

ON BENCHMARS
Liberman, M. (2012, July). https://www.ling.upenn.edu/courses/ling052/LibermanNAS072012a.pdf

Hardt, Moritz, and Benjamin Recht. Patterns, predictions, and actions: Foundations of  machine learning. Princeton 

University Press, 2022.
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https://www.ling.upenn.edu/courses/ling052/LibermanNAS072012a.pdf


MACHINE TRANSLATION

The U.S. government got super excited and dumped 
money on this topic!
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Automatic Language Processing Advisory Committee. (1966). Language and Machines: Computers in Translation and Linguistics (Publication 1416). National Academy of Sciences / National 

Research Council. Retrieved from https://www.mt-archive.net/50/ALPAC-1966.pdf

https://www.mt-archive.net/50/ALPAC-1966.pdf?utm_source=chatgpt.com
https://www.mt-archive.net/50/ALPAC-1966.pdf?utm_source=chatgpt.com
https://www.mt-archive.net/50/ALPAC-1966.pdf?utm_source=chatgpt.com
https://www.mt-archive.net/50/ALPAC-1966.pdf?utm_source=chatgpt.com
https://www.mt-archive.net/50/ALPAC-1966.pdf?utm_source=chatgpt.com


1985. MACHINE TRANSLATION REVIVAL – “COMMON 

TASK METHOD”
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ONE COULD ARGUE THAT BENCHMARKS 

HAVE PRIMARILY SERVED AS A TOOL FOR 

DOING SCIENCE.
Many do!

8



BENCHMARKS ENABLE FRICTIONLESS 

REPRODUCIBILITY
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Donoho, David. "Data science at the singularity." arXiv preprint arXiv:2310.00865 (2023).

Recht, Benjamin. "The mechanics of frictionless reproducibility." Harvard Data Science 

Review 6.1 (2024).



EXTERNAL VALIDITY
ImageNot: A Contrast with ImageNet Preserves Model Rankings (Salaudeen & Hardt 2024) ---

https://arxiv.org/abs/2404.02112
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https://arxiv.org/abs/2404.02112


IDEAL SETTING

Benchmark
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ML SETTING

Benchmark
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ImageNot TLDR:

• Sourced from LAION-5B; 

web-crawled

• Disjoint ImageNet Class

• RoBERTa & CLIP annotation

• Recht, Benjamin, et al. "Do imagenet classifiers generalize to imagenet?." International conference on machine learning. PMLR, 2019.

• Kornblith, Simon, Jonathon Shlens, and Quoc V. Le. "Do better imagenet models transfer better?." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2019.



ON EVALUATING MODELS VS. 

METHODS 
Salaudeen, Olawale Elijah, Florian E. Dorner, and Peter Hase. "On Evaluating Methods vs. Evaluating Models."  

(Oral) NeurIPS 2025 Workshop on Evaluating the Evolving LLM Lifecycle: Benchmarks, Emergent Abilities, and 

Scaling.
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2. Pretraining and Finetuning

Core Idea. Adapt a pre-trained 

model for a new task.

Evaluation. Performance on 

downstream tasks after fine-tuning.

Evaluation Inference. Is this pre-

trained model a good foundation?

3. Prompting, …

Core Idea. Prompt a single, frozen 

model to perform any task.

Evaluation. Performance across a 

wide suite of  tasks without fine-

tuning.

Evaluation Inference. Is this model a 

general-purpose reasoner?

1. Classical Paradigm

Core Idea. Develop new algorithms 

from scratch.

Evaluation. Performance on a 

single, specific train/test task.

Evaluation Inference. Is this 

algorithm better than others for 

this task?

Evaluating Methods Evaluating ModelsThe distance between what is evaluated and real-world use.



WHAT INFERENCE ARE WE MAKING FROM OUR EVALUATIONS?

Evaluating Methods

Evaluating methods can be pretty far from use 

case and still generalize (about scientific 

advances)

• Inference is ordinal, which is better --- ImageNot 

shows that relative gains can even be robust

Evaluating Models

• Evaluating models could be arbitrarily 

misleading unless aligned with use case 

(about task utility)

o Inference is absolute; how good is a model? 

Irrelevant interventions can break things.
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IMPLICATIONS

• Model-independent permutations preserve method rankings.

• For absolute performance, arbitrary changes (non-IID) can arbitrarily change scores.
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Today, interpreting rankings is tricky b/c we don't know enough to make methods inferences.
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Dominguez-Olmedo, Ricardo, Florian E. Dorner, and Moritz Hardt. "Training on the 

test task confounds evaluation and emergence." arXiv preprint arXiv:2407.07890 (2024).

Zhang, Guanhua, Ricardo Dominguez-Olmedo, and Moritz Hardt. "Train-before-Test 

Harmonizes Language Model Rankings." arXiv preprint arXiv:2507.05195 (2025).
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https://crfm.stanford.edu/



A BROADER CHALLENGE: THERE IS A LARGE NUMBER 

OF DOWNSTREAM TASKS.

Does HELM’s ‘fairness metric’ capture (and predict) fairness w.r.t. all the downstream contexts 

and tasks where we care about?

1. If so, how do we know?

2. If not, do we need a unique evaluation of each of these contexts x tasks?

3. Is there a middle ground? what is it?

22

Be more careful about the link between what we measure and the inferences or claims we derive 

from it: “make sure claims are valid given the evaluation.”



VALIDITY
This is actually quite hard…harder than many acknowledge!

23



WHAT IS OUR GOAL?

We want to make claims and make evaluations to support those claims, e.g.,

• Model M can accurately answer specialized scientific questions.

• Deploying model M at a hospital improves health outcomes.

• The model has unlearned a harmful concept C or private information.
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WHEN DO EVALUATIONS SUPPORT OUR CLAIMS

Criterion. A directly measurable or observable concept (e.g., “textbook linear algebra question answering accuracy”).

Construct. An abstract concept not directly measurable (e.g., “mathematical reasoning” or “trustworthiness”).

25



EVIDENCE: VALIDITY

How well does your evaluation measure what it is intended to measure?

26

Criterion 
Validity

Does your evaluation 
correlate with a 
known validated 

standard?

Construct 
Validity

Does your 
evaluation  measure 

the intended 
construct?

Content 
Validity

Does your evaluation 
cover all relevant 

cases?

External 
Validity

Does your evaluation 
generalize across 

different 
environments or 

settings?

Consequential 
Validity

Does your evaluation 
consider the real-

world impact of test 
interpretation and 

use?
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LISSITZ AND SAMUELSEN’S VIEW OF TEST PURPOSES

28

Utility Determination:

Criterion Validity

Theory Determination:

Construct Validity

Impact Evaluation:

Consequential Validity
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1. Criterion-Aligned Evidence

Measurement supports a claim 

about a directly related criterion.

GPQA scores predicts accuracy on 

new questions on the same subjects.

2. Criterion-Adjacent Evidence

Measuring supports a claim about a 

non-directly related criterion.

GPQA scores predicts accuracy in 

specialized scientific domains QA

3. Construct Targeted

Measurement supports a claim 

about a construct.

GPQA measures human-like 

reasoning ability.

Construct 1 Construct 2
…

Measurements 1 Criterion 1 Measurements 2 Criterion 2

Google-Proof Question Answering. 



CRITERION VALIDITY
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EXAMPLE WITH ACCURACY ON  THE LINE

31

Miller, John P., et al. "Accuracy on the line: on the strong correlation between out-of-distribution and in-distribution generalization." International conference on machine learning. PMLR, 2021.



LIMITATIONS OF ACCURACY ON  THE LINE

32

Are Domain Generalization Benchmarks with Accuracy on the Line Misspecified? Salaudeen et al., TMLR 2025, NeurIPS 2024 Causal Representation Learning Workshop Oral.



CONSEQUENTIAL VALIDITY
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NeurIPS 2025.

NeurIPS 

2025.

MIMIC Chest X-Ray 
Accuracy (𝑃)

MIMIC Chest X-
Ray Accuracy (𝑄)

New Patient 
Population

Full 𝑄

𝑄1 ⊂ 𝑄

𝑸𝟏 > 𝟎. 𝟕|𝑸|



MAYBE BENCHMARKS ARE 

JUST INSUFFICIENT FOR SOME 

GOALS
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WHAT ARE OTHER OPTIONS

36



WHAT ARE OTHER OPTIONS
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CONSTRUCT VALIDITY
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39

Vo, An, et al. "Vision Language Models are Biased." arXiv preprint arXiv:2505.23941 (2025).

How many legs do the animals have?

Assumed Mechanism: 

visual reasoning.

Actual Mechanism: pattern 

recognition and knowledge 

(?).



RECONCILING THE HUMAN PRIOR

Constructs & Concepts Measurements

40

Hewitt, John, Robert Geirhos, and Been Kim. "We Can't Understand AI Using our Existing 

Vocabulary." arXiv preprint arXiv:2502.07586 (2025).

Sühr, Tom, et al. "Stop Evaluating AI with Human Tests, Develop Principled, 

AI-specific Tests instead." arXiv preprint arXiv:2507.23009 (2025).

Big 5 Personality Test



Claim. There is a difference between the following:

Intrinsic Constructs (discovery) vs.

• Internally defined, we group a set of  smooth, covarying behaviors and name

• E.g., reasoning, intelligence, 

Extrinsic Constructs (systemization)

• Externally defined, we group a set of  behaviors we want and name them

• E.g., safety, fairness, …

41

ReasoningBehavior 1
…

Behavior 2

Measure 1
…

Measure 2



FUTURE WORK: AI 

CONSTRUCT LEXIS

42

Some questions I am interested in:

1. What are the stable intrinsic constructs for AI?

2. What defines a sample and a population for AI?

3. Are there latent classes for AI systems that need 

different measurements for the same intrinsic 

constructs?

4. What new statistical tools do we need for rigorous 

analysis?

https://aiconstructlexis.github.io/

Current implicit structure from the 

research community.

Salaudeen et al., 2026. In Prep

https://aiconstructlexis.github.io/


FUTURE DIRECTIONS
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QUESTIONS?
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