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AI for Science:

We are leveraging AI to advance various scientific domains:
• Social Science, Finance, Medicine, and GeoScience. 

Our specific focus:
• AI for AI science
• Harnessing AI to drive advancements in AI research and 

development

image comes from https://ai4sciencecommunity.github.io/



The categories of AI’s “science”:

Engineering/Data Science: 
• low-level tasks, e.g., coding, data analyses, data discovery [1][2][3].
• Expectation of objective and concrete results.
• Easy to assess and quantify.

Research science: 
• high-level research activities, e.g., generating research ideas, writing and reviewing papers [4][5].
• Results are subjective and largely influenced by personal taste.
• Challenging to assess.

3

AI for AI Science:

We lack a benchmark to transparently evaluate LLMs’ 
capabilities in assisting AI research science. 🤔 
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AI research daily:

We are suffering from the laborious research activities! 

Reading/Reviewing Paper Brainstorming Ideas Designing Experiment/Coding Writing Paper

Can we leverage AI to alleviate the labor-intensive 
aspects of conducting AI research? 🤔



2

Existing Works/Tools:

AI for AI research science:
• AI-scientist
• MLR-Copilot

We are missing a benchmark to transparently assess 
the AI’s power in doing AI research
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AAAR: Assessing AI's Potential to Assist Research

Our Benchmark:

Consist of 4 presentative tasks extracted from our research daily:

(i) 𝙀𝙦𝙪𝙖𝙩𝙞𝙤𝙣 𝙄𝙣𝙛𝙚𝙧𝙚𝙣𝙘𝙚 🌟

(ii) 𝙀𝙭𝙥𝙚𝙧𝙞𝙢𝙚𝙣𝙩 𝘿𝙚𝙨𝙞𝙜𝙣 🧪

(iii) 𝙋𝙖𝙥𝙚𝙧 𝙒𝙚𝙖𝙠𝙣𝙚𝙨𝙨 🔍

(iv) 𝙍𝙚𝙫𝙞𝙚𝙬 𝘾𝙧𝙞𝙩𝙞𝙦𝙪𝙚 ✍
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AAAR: Assessing AI's Potential to Assist Research
Our Benchmark:

(i) 𝙀𝙦𝙪𝙖𝙩𝙞𝙤𝙣 𝙄𝙣𝙛𝙚𝙧𝙚𝙣𝙘𝙚 🌟: Based on the context of the related paper, such as the description and 
necessary symbols of an AI/ML algorithm, infer the correct mathematical equation for the 
algorithm.

(ii) 𝙀𝙭𝙥𝙚𝙧𝙞𝙢𝙚𝙣𝙩 𝘿𝙚𝙨𝙞𝙜𝙣 🧪: Given a partial research paper containing the research idea or proposal 
(primarily the "Abstract" or "Introduction" sections), design appropriate experiments and explain 
their necessity.

(iii) 𝙋𝙖𝙥𝙚𝙧 𝙒𝙚𝙖𝙠𝙣𝙚𝙨𝙨 🔍: Given a paper draft, write the review (weaknesses) of this work, i.e., 
LLMs act as reviewers.

(iv) 𝙍𝙚𝙫𝙞𝙚𝙬 𝘾𝙧𝙞𝙩𝙞𝙦𝙪𝙚 ✍: Given a paper draft along with its peer review, identify any unreliable or 
deficient viewpoints, i.e., LLMs act as meta reviewers.

(i) 𝙀𝙦𝙪𝙖𝙩𝙞𝙤𝙣 𝙄𝙣𝙛𝙚𝙧𝙚𝙣𝙘𝙚 🌟

surrounding context
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AAAR: Assessing AI's Potential to Assist Research
Our Benchmark:

(i) 𝙀𝙦𝙪𝙖𝙩𝙞𝙤𝙣 𝙄𝙣𝙛𝙚𝙧𝙚𝙣𝙘𝙚 🌟: Based on the context of the related paper, such as the description and 
necessary symbols of an AI/ML algorithm, infer the correct mathematical equation for the 
algorithm.

(ii) 𝙀𝙭𝙥𝙚𝙧𝙞𝙢𝙚𝙣𝙩 𝘿𝙚𝙨𝙞𝙜𝙣 🧪: Given a partial research paper containing the research idea or proposal 
(primarily the "Abstract" or "Introduction" sections), design appropriate experiments and explain 
their necessity.

(iii) 𝙋𝙖𝙥𝙚𝙧 𝙒𝙚𝙖𝙠𝙣𝙚𝙨𝙨 🔍: Given a paper draft, write the review (weaknesses) of this work, i.e., 
LLMs act as reviewers.

(iv) 𝙍𝙚𝙫𝙞𝙚𝙬 𝘾𝙧𝙞𝙩𝙞𝙦𝙪𝙚 ✍: Given a paper draft along with its peer review, identify any unreliable or 
deficient viewpoints, i.e., LLMs act as meta reviewers.

(i) 𝙀𝙦𝙪𝙖𝙩𝙞𝙤𝙣 𝙄𝙣𝙛𝙚𝙧𝙚𝙣𝙘𝙚 🌟

equation (mathematical definition)
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AAAR: Assessing AI's Potential to Assist Research
Our Benchmark:

(i) 𝙀𝙦𝙪𝙖𝙩𝙞𝙤𝙣 𝙄𝙣𝙛𝙚𝙧𝙚𝙣𝙘𝙚 🌟: Based on the context of the related paper, such as the description and 
necessary symbols of an AI/ML algorithm, infer the correct mathematical equation for the 
algorithm.

(ii) 𝙀𝙭𝙥𝙚𝙧𝙞𝙢𝙚𝙣𝙩 𝘿𝙚𝙨𝙞𝙜𝙣 🧪: Given a partial research paper containing the research idea or proposal 
(primarily the "Abstract" or "Introduction" sections), design appropriate experiments and explain 
their necessity.

(iii) 𝙋𝙖𝙥𝙚𝙧 𝙒𝙚𝙖𝙠𝙣𝙚𝙨𝙨 🔍: Given a paper draft, write the review (weaknesses) of this work, i.e., 
LLMs act as reviewers.

(iv) 𝙍𝙚𝙫𝙞𝙚𝙬 𝘾𝙧𝙞𝙩𝙞𝙦𝙪𝙚 ✍: Given a paper draft along with its peer review, identify any unreliable or 
deficient viewpoints, i.e., LLMs act as meta reviewers.

(ii) 𝙀𝙭𝙥𝙚𝙧𝙞𝙢𝙚𝙣𝙩 𝘿𝙚𝙨𝙞𝙜𝙣 🧪

…

designed experiments/settings research gap / motivation
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AAAR: Assessing AI's Potential to Assist Research
Our Benchmark:

(i) 𝙀𝙦𝙪𝙖𝙩𝙞𝙤𝙣 𝙄𝙣𝙛𝙚𝙧𝙚𝙣𝙘𝙚 🌟: Based on the context of the related paper, such as the description and 
necessary symbols of an AI/ML algorithm, infer the correct mathematical equation for the 
algorithm.

(ii) 𝙀𝙭𝙥𝙚𝙧𝙞𝙢𝙚𝙣𝙩 𝘿𝙚𝙨𝙞𝙜𝙣 🧪: Given a partial research paper containing the research idea or proposal 
(primarily the "Abstract" or "Introduction" sections), design appropriate experiments and explain 
their necessity.

(iii) 𝙋𝙖𝙥𝙚𝙧 𝙒𝙚𝙖𝙠𝙣𝙚𝙨𝙨 🔍: Given a paper draft, write the review (weaknesses) of this work, i.e., 
LLMs act as reviewers.

(iv) 𝙍𝙚𝙫𝙞𝙚𝙬 𝘾𝙧𝙞𝙩𝙞𝙦𝙪𝙚 ✍: Given a paper draft along with its peer review, identify any unreliable or 
deficient viewpoints, i.e., LLMs act as meta reviewers.

(iii) 𝙋𝙖𝙥𝙚𝙧 𝙒𝙚𝙖𝙠𝙣𝙚𝙨𝙨 🔍 review

meta-review(iv) 𝙍𝙚𝙫𝙞𝙚𝙬 𝘾𝙧𝙞𝙩𝙞𝙦𝙪𝙚 ✍



8

🤔How to make a testbed for all the tasks?
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Task#1: Equation Inference

Based on the surrounding context, infer the correct 
mathematical equation for the algorithm.
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Task#1: Equation Inference

Binary classification setting: infer the correctness of 
an equation based on the surrounding paper context

Input: 
• Surrounding paper context
• A candidate equation

Output:
• Correctness of the equation (0 or 1).
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Task#1: Equation Inference

origin human equation

        LLM synthesized equation

 LLM synthesized equation

…

❌

❌
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Task#1: Equation Inference

Binary classification setting: infer the correctness of 
an equation based on the surrounding paper context

Input: 
• Surrounding paper context
• A candidate equation

Output:
• Correctness of the equation (0 or 1).
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Task#1: Equation Inference
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Equation Inference: data collection

1. Crawling source papers from arXiv:
• Use source LaTeX is more precise than extracting 

the text from PDF.
• Make sure all papers are peer-reviewed, i.e., 

accepted by well-known conferences.

2. Synthesizing negative equations:
• Prompt LLM to craft equations based on the 

surrounding context, i.e., negative options

3. Filtering low-quality negative equations:
• Only keep the negative equations aligned with the 

context to avoid any shortcuts.

4. Human examination:
• After compilation, all negative equations should be 

different from the positive counterparts, i.e., truly 
negative.
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Task#2: Experiment Design

List generation: suggest a list of experiments based on the research background, along with the 
explanation.
 
Input: 
• Research background & motivation (usually the paper “abstract” and “introduction”).

Output:
• Experiment plan: a list of suggested experiments
• Motivation Explanation: a list of explanations (one-one corresponding to the experiments).
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Task#2: Experiment Design

…

input

output

benchmark comparison: […]

human evaluation: […]

ablation study: […]
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Task#2: Experiment Design

List generation: suggest a list of experiments based on the 
research background, along with the explanation.
 
Input: 
• Research background & motivation (usually the paper 

“abstract” and “introduction”).

Output:
• Experiment plan: a list of suggested experiments
• Motivation Explanation: a list of explanations (one-one 

corresponding to the experiments).
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Experiment Design: data collection

1. Crawling source papers from arXiv:
• Use source LaTeX is more precise than extracting the 

text from PDF.
• Make sure all papers are peer-reviewed, i.e., accepted 

by well-known conferences.

2. Expert annotation:
• Identify all the necessary experiments in the original 

paper
• Summarize what and Why.

3. Peer discussion:
• Another expert raises ambiguities (if any), e.g., necessity 

of experiments, and fallacy in the annotation.
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Task#2: Experiment Design
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Task#3: Paper Weakness

List generation: review the paper draft, and generate a list of weaknesses
 
Input: 
• Paper draft: the whole content of a paper (under review).

Output:
• Paper weaknesses: multiple lists of weaknesses.
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Task#3: Paper Weakness

input output
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Paper Weakness: data collection

1. Crawling source papers from OpenReview:
• We need under-review paper drafts (in PDF), along with 

the reviewer’s comments.

2. Weakness extraction:
• Utilize LLMs to extract weaknesses from the raw 

comments (keep the human text) and formulate all the 
points as a list.

 
3. Paper PDF processing:

• Process source paper PDF into text/figures.
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Task#4: Review Critique

input
output

❌

❌
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Evaluation Metrics

🤔Key challenge: how to measure the overlap between two lists?

• Semantic-based score
• Information entailment score (LLM-as-judge)
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Semantic-based score

“Soft” version of F1 score: calculate the semantic similarity among the items from both lists

1. XXX

2. XXX

3. XXX

4. XXX

5. XXX

predictions

1. YYY

2. YYY

3. YYY

ground truth

0.8

0.1

0.6

0.7

0.3

0.6

0.7

S-Recall: (0.8+0.6+0.7) / 3 = 0.7

Precision:  (0.8+0.6+0.7) / 5 = 0.42

Recall:  (0.8+0.6+0.7) / 3 = 0.7

F1: 0.53
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Semantic-based score

“Soft” version of F1 score: calculate the semantic similarity among the items from both lists

1. XXX

2. XXX

3. XXX

4. XXX

5. XXX

predictions

1. YYY

2. YYY

3. YYY

ground truth

Precision:  (0.8+0.6+0.7) / 5 = 0.42

Recall:  (0.8+0.6+0.7) / 3 = 0.7

F1: 0.53

0.8

0.6

0.5
0.7

0.4

S-Precision: (0.8+0.6+0.7+0.5+0.4) / 5 = 0.6
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Semantic-based score

“Soft” version of F1 score: calculate the semantic similarity among the items from both lists

1. XXX

2. XXX

3. XXX

4. XXX

5. XXX

predictions

1. YYY

2. YYY

3. YYY

ground truth

Precision:  (0.8+0.6+0.7) / 5 = 0.42

Recall:  (0.8+0.6+0.7) / 3 = 0.7

F1: 0.53

S-Precision: (0.8+0.6+0.7+0.5+0.4) / 5 = 0.6

S-Recall: (0.8+0.6+0.7) / 3 = 0.7

S-F1: 2*R*P / (R+P) = 0.65 
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Information entailment score (LLM-as-judge)

1. XXX

2. XXX

3. XXX

4. XXX

5. XXX

predictions

1. YYY

2. YYY

3. YYY

ground truth

F1 score via LLM-as-judge: use LLM as the evaluator instead of using semantic similarity.

Can we infer the “1. YYY” 
based on the prediction list?
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Information entailment score (LLM-as-judge)

2. YYY

3. YYY

F1 score via LLM-as-judge: use LLM as the evaluator instead of using semantic similarity.

1. YYY

2. YYY

3. YYY

ground truth

En-Recall: (1+0+1) / 3 = 0.67

1

0

1

En-Precision = …
En-F1 = …
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inter-/intra list diversity

2. YYY

3. YYY

TODO: currently skip it, cuz the ITF-IDF is not from this project. also don’t have time to 
introduce all the details (15 mins talk).
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Performances & Results:

• A simple baseline that predicts all equations as positive: 
achieves 40% F1 (due to the data distribution)

• Compared to the All-Positive baseline, the performance 
superiority of the strong close-source LLMs is not significant; 
the best LLM on this task only obtains 47.98%.
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Performances & Results:

• The strongest close-source LLMs on this 
task only obtained 47.98%.

• Some models are actually random guessing.

import matplotlib.pyplot as plt

# Data
models = ['Llama 3.1', 'Qwen 2.5', 'Mixtral-MoE', 'o3-mini', 
'o1', 'Gemini 1.5 Pro']
performance = [33.08, 31.22, 40.90, 47.98, 46.35, 46.74]
colors = ['#add7e6', '#add7e6', '#add7e6', '#ffbec3', 
'#ffbec3', '#ffbec3'] # Group-based colors

# Create figure and axis
fig, ax = plt.subplots()

# Create bars
ax.bar(models, performance, color=colors)

# Add a dotted line for the "random baseline"
baseline = 40.00
ax.axhline(y=baseline, color='grey', linestyle='--', 
label='Random Baseline (40.00)')

# Annotate each bar with the performance value
for i, v in enumerate(performance):
ax.text(i, v + 0.5, f'{v:.2f}', ha='center')

# Add labels and title
ax.set_ylabel('Performance (F1)')
ax.set_title('Model Performance Comparison')
ax.legend()

# Rotate x labels for better readability
# plt.xticks(rotation=45, ha='right')

# Show plot
plt.tight_layout()
plt.show()

Equation Inference
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Observations: 

• For some open-source LLMs: an appropriate 
context length can boost the performance;

• While not for those strong close-source LLMs.
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Performances & Results:

• Experiment Design: LLMs consistently miss ground-truth experiments from the origin paper (low 
recall), and they tend to generate more novel experiments that didn’t show in the origin paper 
(low precision).

• Experiment Explanation: negative correlation between S-Match and ROUGE score. Simply 
copying input can get a relatively high ROUGE --- the importance of adapting the proposed 
semantic-based metrics.
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Performances & Results:

• LLMs consistently miss ground-truth experiments from the origin paper (low recall);
• LLMs tend to generate more novel experiments that didn’t show in the origin paper (low precision); some of 

them are useful though.

Experiment Design
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Performances & Results:

• Oracle setting: ground truth experiments are given.
• The explanation itself is easier, but we have to consider the error propagation.

Explanation Generation

import matplotlib.pyplot as plt

# Data
models = ['Llama 3.1', 'Qwen 2.5', 'Mixtral-MoE', 'o3-mini', 
'o1', 'Gemini 1.5 Pro']
performance = [51.12, 50.05, 49.07, 54.01, 58.55, 52.87]
colors = ['#add7e6', '#add7e6', '#add7e6', '#ffbec3', 
'#ffbec3', '#ffbec3'] # Group-based colors

# Create figure and axis
fig, ax = plt.subplots()

# Create bars
ax.bar(models, performance, color=colors)

# Add a dotted line for the "random baseline"
baseline = 40.32
ax.axhline(y=baseline, color='grey', linestyle='--', 
label='Copy Input (40.32)')

# Annotate each bar with the performance value
for i, v in enumerate(performance):
ax.text(i, v + 0.5, f'{v:.2f}', ha='center')

# Add labels and title
ax.set_ylabel('Entailment-based F1')
ax.set_title('Model Performance Comparison')
ax.legend()

# Rotate x labels for better readability
# plt.xticks(rotation=45, ha='right')

# Show plot
plt.tight_layout()
plt.show()
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Observations: 

Positive evidence of using LLMs in assisting experiment design:

• LLMs can generate a considerable amount of novel experiments.
• Some of them are found to be really helpful and can be treated 

as complementary experiments with human experiments.
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Observations: 

The usefulness of the proposed S-Match metric:

• Perfect correlation between the S-Match scores and the human 
evaluation score.
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Observations: 

The input context (background information) can help experiment design 
(to some degree), while not for the explanation generation.
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Observations: 

• Paper figures don’t contribute much to the performance.
• It’s hard for the current LMMs to leverage the rich multi-modal information from a scientific paper.
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Performances & Results:

• Compared with human review, most LLM-generated weaknesses are vague and 
lack the necessary knowledge about some frontier research works.
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Performances & Results:

• Compared with human review, most LLM-generated weaknesses are vague and 
lack the necessary knowledge about some frontier research works.

Paper Weaknesses

import matplotlib.pyplot as plt

# Data
models = ['Llama 3.1', 'Mixtral-MoE', 'o3-mini', 'o1', 'Gemini 
1.5', "AI-Scientist"]
performance = [42.78, 43.23, 46.33, 48.62, 48.75, 45.05]
colors = ['#add7e6', '#add7e6', '#ffbec3', '#ffbec3' , '#ffbec3' 
, '#b3ceb1'] # Group-based colors

# Create figure and axis
fig, ax = plt.subplots()

# Create bars
ax.bar(models, performance, color=colors)

# Add a dotted line for the "random baseline"
# baseline = 40.32
# ax.axhline(y=baseline, color='grey', linestyle='--', 
label='Copy Input (40.32)')

# Annotate each bar with the performance value
for i, v in enumerate(performance):
ax.text(i, v + 0.5, f'{v:.2f}', ha='center')

# Add labels and title
ax.set_ylabel('Semantic-based F1')
ax.set_title('Model Performance Comparison')
ax.legend()

# Rotate x labels for better readability
# plt.xticks(rotation=45, ha='right')

# Show plot
plt.tight_layout()
plt.show()
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Observations: 

 LMMs struggles with reasoning over information-intensive images, especially table images.
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Performances & Results:

• Compared with human ACs, the LLMs often struggle with identifying the correct 
reliability of the review viewpoint.

Review Critique

import matplotlib.pyplot as plt

# Data
models = ['Llama 3.1', 'Mixtral-MoE', 'o3-mini', 'o1', 'Gemini 
1.5', "AI-Scientist"]
performance = [42.78, 43.23, 46.33, 48.62, 48.75, 45.05]
colors = ['#add7e6', '#add7e6', '#ffbec3', '#ffbec3' , '#ffbec3' 
, '#b3ceb1'] # Group-based colors

# Create figure and axis
fig, ax = plt.subplots()

# Create bars
ax.bar(models, performance, color=colors)

# Add a dotted line for the "random baseline"
# baseline = 40.32
# ax.axhline(y=baseline, color='grey', linestyle='--', 
label='Copy Input (40.32)')

# Annotate each bar with the performance value
for i, v in enumerate(performance):
ax.text(i, v + 0.5, f'{v:.2f}', ha='center')

# Add labels and title
ax.set_ylabel('Semantic-based F1')
ax.set_title('Model Performance Comparison')
ax.legend()

# Rotate x labels for better readability
# plt.xticks(rotation=45, ha='right')

# Show plot
plt.tight_layout()
plt.show()
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