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Motivation & Challenges

The Quest for Automated Science

Scientific discovery automation:

* LLMs show promise as research assistants
» Gap: Full research lifecycle automation

* Challenge: Maintaining academic quality

WESTLAKE UNIVERSITY

1. Investigation 2. Idea ~—— 3. Experiment

5. Review AI Researcher




Research Question & Contributions

How can we automate the Research-Review-Refinement process by post-training LLMs?"

Dataset
O Researcher-14K
O Review-5K

Iterative Reinforcement Learning framework
O Reward model
DeepReviewer-7B
DeepReviewer-14B
CycleReviewer-123B
O Policy model
CycleResearcher-12B
CycleResearcher-72B
CycleResearcher-123B
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Research-14k: Data Collection and Supervised Fine-tuning

Research-14k Research-14k: Main Text with Outline

‘3 ICLR CUPR — o

ICCV23 — 4 MainText ——m| Abstrct 1 R‘ifaoii Methods 1
Im_l- o = iV —ip -Eer — -

a EMNLP X — 7 W Experimental Experimental
i =A01_2024 2024.2" —  Qutline = ——40|Motivation —-|E| Main Idea ﬂ pSetup ﬂ pResult

Accept Papers Latex-format .
Ma|r_1 text (M): Full paper content . } Combined as a complete pipeline context for training
Outlines (O): Structured paper planning

Research-14K

CycleResearcher Warmup: SFT
o ~14000 Accepted Papers

o ~1 month for 4 x 8 H100
o Full Size: 7B/72B/123B

o ~28000 Tokens per Paper
o From 2022 to 2024.




Review-5k

Review-5K

o 4,991 papers
o 16000+ reviewer Comments ||( S .:. R SOL!.ﬂ.d.ﬂﬂf-FS:-E o : e '_ ) _: _____________ :
Jo0vuT Review 1 =R | Meta Review: |
o Complete review components — Strengths: xxxxxxx Confribution: 3 i . Summary: 5o
Pape Weaknesses: xxxxxx g A ol Bt : ; !
r : core: eak Reject ' = '
© summary, i _.% I::::::::::::::::::::::::::::-_::::'i_-_:::_"‘ '« why not higher score: xxx |
. Revi & e : !
o strengths, | RS Score: 6 Weak Accept | - why not lower score: xxx :
o weaknesses, l l : , | 5
[ Latex/Markdown | \ | BEWRS o Score: 8 Strong Accept . Finally Decision: Accept :
OSCOreS - - < - . = - . = - - = I e L T
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CycleReviewer: Training and Experiment Result

Nithod Proxy (Reviewer=n — 1) | Proxy (Reviewer=n) Decision
MSE | MAE | MSE | MAE | Accuracy T MacroF1 T
CycIeReviewe r-123B Human Expert Individual | 2.34 1.16 | - - | 75.40% 75.39
) GPT-40-mini 3.44 1.53 2.98 1.40 53.06% 34.72
o Based on Mistral-Large-2 123B GLM-4 4.45 1.81 3.91 1.70 49.49% 33.10
. DeepSpeak-2.5 4.62 1.83 3,12 1.64 45.11% 39.98
0

© 26.89% reduction in MAE Gemini-1.5-pro 3.02 .34 2.56 1.23 50.98% 50.75
o . Claude-3.5-Sonnet 6.40 2.23 5.62 212 48.05% 32.44
© 74.24% decision accuracy GPT-4o 6.61 2.24 6.53 2.30 52.58% 34.51
CycleReviewer (123B) 1.43 0.92 1.25 0.87 74.24% 73.99
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CycleResearcher
RL Training: Research-Review-Refinement Cycle

RL Train
o Iterative SimPO e
— database of publications = ':| ?‘ ’;‘ IEI Main Text IEI Outlines
Research
.C E 1 ﬁ 1 5 1 1 Idea = = :
oe(10) = (e 1080 (T2 Tog motle) = L togmo(ule) )| 3 !. =] _ .
- CycleResearcher E Method ariichted Lo % e
_)‘]E(w'y‘”)NDNU‘ [log Wﬂ(ym | T)] ’ * | 1P0"CY MOdeF) Experlmenta\ ;aptir L Generate m S :
l Humans/Als as Setu s 3
‘ t Experimenters Expenm:ma\ \—H Peper m }_ P3 1
= Results Organize paper Sample — 1
® i
5 R g S S S S S S g S M Sy Mg SIS SRy S S M g g ey (RSO,
@ s B T R D B D B T S S Y B S S m T
® . Refinement
oy & 1
= 0= CycleResearcher CycleReviewer
RL Tral n I n g (Policy Model) : (Reward Model)
t+ 1 D; = {(-"-Um!ﬂ)}
Update Parameters Preference Data
Research ™\ =
terative Training Framework. The CycleResearcher model generates Outline (O) and
(M) to organize papers, which are evaluated by the CycleReviewer and constructed into
Refinement Review pairs based on rewards. This whole procedure is then iteratively refined, resulting in

:ly enhanced research abilities with each iteration.
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CycleResearcher: Main Experimental Findings

Overall Score Metrics

Faper Type SO Avg Min Score T Avg Max Score T Avg Score T Fseept Rate
Conference Accept Papers | Human Expert | 391 6.98 5.69 ’ 100.00%1
Preprint Papers Human Expert 3.24 6.62 5.24 29.63%
Al Scientist Al 2.20 5.70 4.31 0.00%
CycleResearcher-12B (Ours) Al 3.47 6.75 5.36 35.13%
CycleResearcher-72B (Ours) Al 3.65 6.58 5.38 33.64%
CycleResearcher-123B (Ours) Al 3.30 6.45 5.15 24.28%

* Results:
- CycleResearcher scores closer to human preprints than Al Scientist.
- Generated papers show competitive quality metrics.
- Score gap between Al and human experts narrowing.

) EAARE
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CycleResearcher: Main Experimental Findings

* Results:

- Outperform Al Scientist across all metrics

- 72B model excels in presentation scores

- 12B model shows strongest contribution scores
- All models approach preprint-level soundness

EAE
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Ablation Studies & Analysis

Avg Scores
9.
i B
Method | Avg Score T |  Accept Rate 1 7 > %
CycleResearcher | 5.36 | 35.14% ::_ ettt
w/o RL (_0_24)5.12 (_5_34%)29.80% 4 -
w/o Iterative (_0_15)5.21 (_2_23%)32.91% 3
w/o NLL (,0_45)4.91 (,23_11%)12.03% 2 A
Y {510 50 100
Rejection sampling generated paper count
Ablation studyof different variations of CycleResearcher-12B. Performance improvement through rejection sampling in generated papers

« Results:

RL significantly improves performance (+5.34% acceptance rate)
lterative training enhances quality (+2.23% acceptance rate)
NLL stabilizes training (critical for coherence)

Rejection sampling further improves quality

) EAARE
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Academic Integrity & Ethics

=

(V)]

Detection Performance

Model Format Accuracy F1 Score

CycleReviewer-123B Review 95.14%
CycleResearcher-12B Research 98.38%
CycleResearcher-72B Research 97.52%
CycleResearcher-123B  Research 98.88%

94.89
98.37
97.49
98.87

Results:

- Embedded watermarks in all outputs

& M & A
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« Ethical Safeguards:

- >95% accuracy in detecting Al-generated content -

Clear disclosure requirements for all users
Institutional affiliation verification

Prohibited use in real peer review without disclosure
Guidelines for responsible usage in academia



Example for CycleResearcher

Real-world process: Search + Code Generation + Rxperiments + Paper Writing

This paper was by C

UNVEILING GENERALIZATION GAPS: A QUANTITA-
TIVE ANALYSIS OF NEURAL NETWORK LEARNING DY
NAMICS

CycleResearcher

ABSTRACT

Deep neural networks exhibit varying behaviors during training, from predictable
performance imp: o like grokking. U

ing these behaviors is crucial for developing reliable Al systems. We propose
the "generalization gap” framcwork to analyw ncural m_lwork lea

and Thmugh ic experi
the generalization gap characterizes distinct learning phases
ization behavior. Our experiments span multiple network
consistent patterns in how the gap evolves during training.) The results provide
empirical evidence that studying generalization gms S valuable insights into

neural network learning dynamics and potential gfelliétrs of model performan

N\
1 INTRODUCTION Q

The rise of deep learning has brought /‘% Ivances ide puzzling thal
challenge our understanding of how neural netwdrks learn, While certain behaviors, such as improvec

performance with increased data or pagaj , follow predictable patterns, others remain enigmatic
Among these, "grokking" (Power efal., 2¥ - where models transition from apparent overfitting tc
EL

sudden generalization - exemplifies omplex dynamics that emerge during training. Understanding

these learning

capability. When models exhi Cxpected behaviors like grokking or emergent abilities (Wei et al
2022), traditional metrics @' il to provide adequate insights into the underlying mechanisms
This limitation highlight ced for more sophisticated analytical frameworks that can characterize
and predict such beh:

e i crucial as neural networks grow in scale and

The gcncra]inalﬁ - the difference between training and validation performance - offers a promis
ing lens to study these ‘While previous work has explored various aspects
of neural nuwork generalization ( ‘), our approach uniquel; y focuses on usmg this gap as a quantitative
tool for ¢ learning . Through experi we how
this metric can reveal distinct phases in the training process and predict generalization behavior. Ow

i centers on studies using ‘ynlhcuc algorithmic tasks, allowing
for precise i ion of network and training ‘We examine how various

factors - including nuwurk c| and regularization techniques
influence the gap. This approach enables us to isolate and analyzc
specific aspects of learning behavior while maintaining experimental rigor.

Our primary contributions include:

« Development of a quantitative framework using generalization gaps to analyze neural
network learning dynamics

+ Extensive empirical validation across diverse i i ions and training pa
rameters

* D ion of the ization gap’s effecti in predicting model performance

+ Analysis of how various hyperparameters influence learning trajectories and generalization
behavior

& M & A
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This paper was generated by CycleRescarcher
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Figure 1: (a) Training and validation loss tra- Figure 2: (b) Training and validation accuracy
jectories for division tasks for division tasks

Figure 3: Training Dynamics Comparison. Cross cntropy loss and accuracy plots comparing

different training setups. Shows clear separation between training and validation performance, with
characteristic grokking behavior visible in loss curves.

The generalization gap, as defined in Section 3 is computed as % solute difference between

training and validation losses:
Gap = |2z —\‘ % ®

@ varying generalization gap behavior acro
n

ns relatively constant, with higher validation I
1. Phase IT (3000-4000 steps) shows a significant

Our analysis reveals distinct phases
phases. In Phase I (0-3000 steps), d
and lower accuracy compared to the
inflection point, characterized by asc in gap. This phase ponds to
the network’s transition from overfiitipg to generalization. In Phase ITI (4000-5000 steps), the gap
decreases, with improvement i lK raining and validation performance.

The results from these expe
generalization gap (0 pry
the shape of the ge
experiments show that
task. %

ts demonstrate that we can compute quantitative measures of the
and characterize grokking behavior. Additionally, we observe that
ion gap curve dictates whether the last phase is grokking or not. Our
& shape of the generalization gap curve s highly dependent on the datasct

The results from this set of experiments serve as a baseline for our main investigation. Using
these learned parameters, we explore how different factors - like architecture, training data, and
regularization - influence the generalization gap and overall model performance. Our experiments
provide valuable insights into the conditions under which grokking occurs and the complex interplay
of factors that affect its emergence.

4.3 EXTENDED DATASET EVALUATION

Here, we double the dataset size for each task to evaluate its impact on the generalization gap. The
dataset now consists of 600,000 training examples for each task. The results are summarized in Table

As expected, the extended dataset results confirm that an increase in datasct size extends the duration
of Phase 11 in the generalization gap curves. This extends the network’s phase of "learning to
generalize” and effectively prevent it from overfitting to noise in the dataset. Additionally, the
inflection point and area metrics show consistent relative values across different tasks for a given
network.

This paper was d by C;
Task Peak  Inflection Point ~ Area  Length
x_div_y 4.695 70.0 179.13  673.67
Xx_minus_y  4.693 70.0 185.32  663.00
x_plus_y 4.702 67.33 16443 656.33
permutation  4.929 65.0 290.80  669.67

Table 2: Generalization gap characteristics for different tasks.

These results provide compelling evidence that the gcncralualmn gap can hc us«.d to predict and
characterize grokking behavior. Thu ability to measure the gap provides
a clear framework for difficult-t ies like grokking that are often
overshadowed by the overall performance of the nclwork By focusing on the gap itself, we can
better understand the dynamics of the network and when extreme separation between training and
validation sets occurs.

4.4 GENERALIZATION GAP ANALYSIS 6\

Our study focused on the following generalization gap metrics to provide @ into gencralization
behavior. <

Peakness measures the peak generalization gap value durmg u-amp@{b'

Peakness — max | £7e2 (¢ ). 4
cakness = max |70 ( é@ )l @

Inflection Point identifics when the generalization gapq% fon occurs:
vl (" > e ®)

In our experiments, the gradient threshold () s a?zg 0.01.

Inflection Point = ¢ where

Area quantifies the cumulative measure ()l;%l lection phase:

Are; train(£) — Loai™ (1)|dt. ©)
0

where £, and £, define the phasg @heFe the gap metrics meet the Inflection Point condition.

Length measures the dumli@phasc transitions:

Length = (£ — t1). @

Using these my
evolution. Th

& perform an in-depth analysis of the generalization gap’s formation and
from this analysis arc summarized in 2? and Table 3

Configuration Peakness Inflection Area  Length

Bascline 4.736 2523.81 988.0
Tuned LR 4.732 696.59 973.67
‘With Dropout 4.731 740.43 985.67
Final 4.699 2324.55 1389.67
Table 3: Generalization gap metrics are largely i across different

In 22, the red shaded area illustrates the formation of the inflection point during Phase II. This
formation marks the separation between Phase I (high validation loss) and Phase III (lower validation
loss). From the results, we observe that peakness measurements reach its peak at the end of Phase II.
This observation aligns with our main results, which show that the network begins to separate during
this phase. In 2?2, the blue shaded arca shows when the network reaches the inflection point during
Phase II. The end of this phase signals the transition from overfitting to generalization. These metrics
provide valuable insights into the dynamics of the network and when extreme separation between
training and validation sets occurs.

This paper was d by Cy:

Our experiments reveal distinct patterns in training dynamics. The generalization behavior differs
significantly between the two loss functions. Varying loss functions inherently result in differences
in generalization dynamics. The empirical evidence confirms the influence of the loss function on
generalization and is characterized by loss differences during the inflection.

4.9 REGULARIZATION EFFECT ANALYSIS

In this study, we aim to the effects of on model performance. We focus on
two specific regularization techniques, namely weight decay and dropout. Our experiments maintain
the "tuned" configuration and apply different regularization parameters. The results are summarized
in Figure 12.

Figure 10: (a) Training accuracy

@%ﬁn 11: (b) Validation accuracy

Figure 12: Regularization Impact: (:l)Tmining isons across ization seitings

(b) Validation accuracy comparisons across re Mn settings.

Our findings suggest that dropout has a lowgf\generalizing effect than weight decay in our architecture.
This outcome is consistent with previ %ralurc that has highlighted the shorter distance in the
hidden layers between inputs in the: an rmer architecture (Geva et al., 2020). The results indicate
that weight decay and combined rations exhibit near-random network performance, by which
we mean that the accuracy ur\' tion set is approximately the same as the accuracy on a
randomly generated key.

(\Uomng Train Acc  Val Acc  Gen Gap

)" NoReg 09776 00151 09625
C} Weight Decay ~ 0.9724 00046 0.6678
Dropout 09961  0.1141 08820

Combined 05784 00011 05773

Table 6: Regularization effects on

In Table 6, we summarize our network’s overall performance and generalization gap calculations.
Notably, weight decay enhances validation accuracy compared to the baseline configuration but in-
creases the gap. Combined ization schemes, however, reduce the generalization
gap, though at the expensc of overall performance. These results highlight the nuanced influence of
regularization on model performance and generalization, offering valuable insights for practitioners.
Placing too much emphasis on the ization gap can lead to i model performance.
Our results provide practical guidelines for balancing these objectives.

5 DISCUSSION

C i Our work fi i the " gap" as a way of mathematically
characterizing grokking using “mplc synthetic algorithmic tasks. By focusing on a small set of
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Open Sources

Datasets

Review-5K Research-14K DeepReview-13K
Comprehensive collection of peer reviews from major Large-scale dataset of research papers and Structured dataset for training review systems.
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Models
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OIA? Al Researcher Overview Components Evaluation Demo

T h k ' Al-Researcher Driven
a n S e Scientific Breakthroughs

Revolutionizing scientific research through automated paper generation,
comprehensive literature review, and intelligent peer evaluation powered by
advanced language models.

Try CycleResearcher - Try DeepReviewer -

Contact: wengsyx@gmail.com
Project: https://ai-researcher.net CycleResearcher: Improving Automated Research via Automated Review



