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Scientific Reasoning of Large Language Models

Recently, benchmarks represented by Humanity’s Last Exam (HLE) have introduced new
and more demanding expectations for large language models.
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These next-generation evaluations emphasize that models must not only possess broad
scientific knowledge but also perform and logical inference
across challenging scientific problems to arrive at correct and verifiable answers.
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Some Related Work
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Some recent research works have achieved improved scientific reasoning by integrating

agents with tools such as web search, code execution, and RAG-style retrieval mechanisms.

Unlike pure LLM inference, these agentic systems can dynamically invoke external resources
to acquire up-to-date information, perform computations, and enrich context.



What are the costs of using tools?-
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Are multiple agents always helpful? -

In a trihybrid cross between two heterozygous individuals (AaBbCc
X AaBbCc), what is the probability that an offspring will exhibit
exactly three dominant phenotypes (i.e., A, B, and C)?

Agent 1 e

Agent 2 (e

Agent 3 (]

Each gene pair
independently
produces a
dominant
phenotype with
probability 3/4, and
all three must be
dominant so

(3/4°=: 4

Treats each gene’s
dominant outcome
probability as the
fraction of dominant
genotypes without
using proper
Punnett square
probabilities, then
multiplies them
together to get

2/3)° =5 X

Assumes each
dominant
phenotype has
probability 2/3, then
uses (2/3)* ¥ for
three dominant
phenotypes and
reports that as the
answer.

[ Final Answer: (2/3)3 = % X ]

Treating all candidates equally
leads to regression to the mean.
Current systems lack structured,
hierarchical refinement.

Can we do
better?



From intermittent tool usage to tool integration.
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1, if retrieval is required 1

_ Monitor: Detects uncertainty
0, otherwise

about recombination breakpoints

[K1, K3, ..., Kin] = Querier(context) 2. Querier: Generates a targeted

RRAG = RAG([K]_, KZ’ . Km]) query

3. Injector: Injects facts directly,
allowing valid deduction without

Context = Contextyq + Context, ey context switching

Monitor(Context,q) = {

Contextye,, = Injector([Rracl)



Monitor-based RAG helps improve reasoning coherence.

Question:

Start from a diploid autosome that contains 5 SNPs from two inbred strains of the organism,
and allowing exactly one directional crossover per gamete in each generation (F1 > F2 > F3),
determine the number of possible unique haplotype sequences in the F3 generation.

S
A

Step 1-1: LLM Begins Reasoning:
"We start with two inbred strains A and B, each homozygous. The F1 generation carries haplotypes from
both parents. In F2 and F3, recombination can introduce change-points, but | am uncertain how many
unigue haplotypes can arise by F3"

Monitor-based RAG Triggered:

Monitor @ <Detected> “Uncertainty” : “Maximum number of -induced change-points” €=

[ S—

/

Feeling confused during reasoning,
but haven't yet invoked any tools.

The monitor detected confusion

<

<Generate> “Query”: “How many haplotype

crossover meiosis in population genetics.”

RAG Tool &g < Retrieve>“Knowledge” : "During meiosis, a single crossover introduces at most one new
breakpoint per gamete. Across successive generations, recombination patterns accumulate, but
typically require more crossovers than two rounds of meiosis..."

Injector é:u <Inject Information to Reasoning> (1) At most one breakpoint per gamete (2) fully alternating

haplotypes cannot appear within a few generations as F2 - F3

Querier during single

Step 1-2: LLM Resumes Reasoning:

"QOkay, then haplotypes of 5 SNPs can be represented as binary

strings. Sequences with 4 change-points (01010, 10101)

cannot arise by F3, but all with 0-3 change-points are possible.

| should compute how many such binary strings exist" w g u g = .)
tocﬁng

G

from collections import Counter

L=5
all_seqs = [format(i, '@5b") for i im range(2#kL)]
def change_points(seq):

return sun(seq(i] != seqli+1] for i in range(len(seq)-1))

cp_counts = Counter(change_points(seq) for seq in all_segs)
valid = [s for s in all seqs if change points(s) <= 3]

Executor Qutput:
+ Counts by change-points:{0: 2, 1: 8, 2: 12, 3: 8, 4: 2}
« Totalvalid haplotypes (0-3 change-points): 30

print("Counts by change-points:", dict{cp_counts))
B E B H N NN print("Total valid haplotypes (8-3 change—points):",

P Exacuation

len(valid))

Step 2: Final Summary
"So, among the 32 possible binary haplotypes of 5 SNPs, only 4 change-points are excluded.

e

and immediately intervened to
provide more information.

The querier analyze the context
and organize the most efficient
RAG queries.

/

The injector reconstruct the RAG
results into a coherent context and
inject them into the reasoning
process.



How to obtain the optimal solution from multiple agents?
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Set up a detailed scoring rubric and provide
detailed modification suggestions for each
answer to achieve iterative refinement.

simultaneously recognize multiple insects. Counting requires either a detection

1

]

1

I Faster R-CNN, YOLO) or a density map approach. So, only Option D remains correct. Through multiple rounds of comparison,
1 e Logic Correction: Time cannot be the only criterion, even though C has fewer hours.

!

1

1

1

1

» Clarify Correction: Even if given times suggest C is fastest, it cannot be considered a solution ! setting different anchor SOlUtiOI’lS, the
because it fails the fundamental requirement. Thus, the correct answer under the single- i limitations of each answer were discovered.

method rule is Option D (manual).



Eigen-1: Unifying implicit retrieval and structured collaboration

(a) Monitor-based RAG
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By providing multiple parallel proposer
agents to generate several initial solutions,
the accuracy of the answers is improved.

(QAIR) (HSR)

enhancing reasoning capabilities.

Use an error-correction model to identify
potential errors and attempt to fix them.



Experimental Results
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Table 2: Benchmark comparison under matched protocol. HLE
Bio/Chem (149 problems; o3-mini judge), SuperGPQA Biology (hard

split), and TRQA Literature (multiple-choice).

1
+37.6

Biomni OpenAl Sci-Masteq Eigen-1
Deep-Research

Eigen-1 (48.3%)

w1 - EIGEN-1 achieves 48.3% accuracy on the

s ;ﬁ?; HLE Bio/ old benchmark, the highest
orted to date, surpassing the strongest agent
baseline (SciMaster) by 13.4 points and leading
frontier LLMs like GPT-5 by up to 18.1 points.

camin - EIGEN-1 demonstrates robust performance
across diverse domains, consistently leading in
SuperGPQA Hard (69.6%) and TRQA

Model HLE Bio/Ch S GPQA Hard TRQA : : : :

o fo/Chem _ SuperGPQA Hard TRQ 54.7%), proving its architectural effectiveness
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Agent Systems accuracy climbs to 61.7% (HLE) and 79.1%

SciMaster (GPT 4.1) [4] 9.45 19.78 47.67

Autogen (GPT 4.1) [52] 7.38 29.35 51.74

OpenAl Deep Research (04-mini) 22.82 39.13 -

Biomni (GPT 4.1) [24] 10.74 43.48 41.09

SciMaster (DeepSeek V3.1)
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Ablation Experiment

(a) Incremental build-up (b) Component ablation

Configuration Accuracy (%) Tokens (K) Steps Configuration Accuracy (%) Tokens (K) Steps
Baseline (no ext. knowledge & no RAG) 25.3 483.6 434 Full system 48.3 218.9 534
+ Papers (Explicit RAG) 41.4 470.6 94.8 — (Monitor, Querier, Injector) 48.5 461.3 95.3

+ Monitor only 34.5 2184 51.3 — Querier 45.9 224.1 53.1

+ Monitor + Querier 36.8 213.0 51.7 — Injector 44.7 202.5 52.1

+ Monitor + Querier + Injector 40.3 229.5 53.1 —HSR 44.8 2341 535

+ Monitor + Querier + Injector + HSR 437 214.0 529 - QAIR 43.7 214.0 52.9

+ Monitor + Querier + Injector + HSR + QAIR 48.3 218.9 534

- Parametric knowledge alone yields only 25.3% accuracy, while integrating RAG boosts it to 41.4%,
proving external knowledge is a cornerstone for scientific discovery.

- Explicit RAG surges workflow steps from 43.4 to 94.8, whereas Monitor-based RAG slashes steps
back to 51.3 and reduces token consumption by 53.5%.

- HSR replaces naive voting with "anchor-reference' interactions for targeted logic and arithmetic
repair, contributing an additional 3.4% accuracy gain.

- QAIR triggers selective refinement based on three-dimensional scoring, enabling the system to
reach a state-of-the-art 48.3% accuracy while preventing redundant iterations.



Error Type Distribution

.
13%0% 9.28%
92.78% 88.66%
Reasoning Process Error 92.78% @® Execution & Adherence Error 13.40%

Knowledge Application Error 88.66% @® Comprehension Error 9.28%

Dominant Failure Modes: Analysis reveals that reasoning process errors (92.78%) and knowledge
application errors (88.66%) are the primary obstacles. This indicates that the performance bottleneck
for scientific Al lies in high-level logic and the synthesis of domain-specific facts.

The Interdependence Hypothesis: There is a profound overlap between logic and knowledge;
missing domain info often manifests as broken reasoning steps, while fragmented reasoning prevents
effective integration of retrieved data. This suggests that knowledge and logic are fundamentally
intertwined in expert-level problem solving.

Rare Error Categories: In contrast, execution errors (13.40%) and comprehension errors (9.28%)
are relatively rare. This proves the core challenge for frontier models is not following instructions or
basic coding, but maintaining a coherent CoT during complex discovery.



Diversity vs. Consensus Analysis

Reasoning Type (n=392)
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Task-Dependent Correlation: Accuracy correlates
differently with proposer agreement depending on the task:
retrieval-heavy problems benefit from solution variety,
whereas complex reasoning tasks require high

consensus for reliability.

Ranking Strategy Dichotomy: Analysis reveals correlation
slopes of 0.369 for retrieval and 0.851 for reasoning.
Consequently, rankers should aggregate diverse
perspectives for knowledge tasks but prioritize consensus
for inference.

Adaptive Framework Roles: The HSR and QAIR modules
operationalize this transition, adaptively shifting the
process from exploring diverse candidates to converging
on high-quality, stable solutions.



Benefit of Monitor-based RAG - Lower Cost, Better Performance
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Token Consumption

Explicit tool calls fragment reasoning flow,
imposing a hidden “Tool Tax" of extra tokens
and steps for query formulation and context
reconstruction, which forces the model to
suspend its logical state.

Explicit RAG causes workflow iterations to
surge from 43.4 to 94.8; solving complex
problems like population genetics requires 8-10
interruptions, doubling the total agent steps.

By replacing explicit tool calls with implicit
augmentation, EIGEN-1 reduces token
consumption by 53.5% (from 470.6K to
~218.9K), optimizing computational costs
while achieving superior performance.
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