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Reviewer #1 

(Remarks to the Author) 
This manuscript presents a novel study exploring the causal utility of human neural representations in enhancing Large
Language Models (LLMs). Moving beyond the traditional paradigm of correlational "representational alignment," the authors
propose a "brain-guided" framework comprising Neural Activation guided Representation Intervention (NARI) and Fine-
tuning (NARF). The study demonstrates that steering LLM representations toward directions derived from human fMRI
signals during deductive reasoning tasks can correct model errors and improve generalization on out-of-distribution (OOD)
tasks, such as propositional logic. 

The work is innovative and timely, addressing the critical intersection of neuroscience and AI. The transition from
observation (alignment) to intervention (guidance) represents a significant conceptual leap. However, to support the
substantial claims regarding the superiority and robustness of "neural guidance," several critical issues regarding baselines,
catastrophic forgetting, data scale, and the causal mechanism of the intervention should be addressed before the publication
of the paper. 

2. Major Concerns 

（1）General Capabilities and Risk of Catastrophic Forgetting 
I note a critical lack of evidence regarding the impact of the proposed methods (NARI and NARF) on the model's broader
capabilities. The study relies on a limited amount of task-specific fMRI data, raising serious concerns about overfitting. 

Catastrophic Forgetting: It is a common phenomenon in NeuroAI that aligning with biological signals or specialized fine-
tuning can degrade performance on general tasks. It is unclear whether the observed improvements in deductive reasoning
come at the cost of the model’s pre-existing language understanding, generation, or commonsense reasoning abilities. 
Required Benchmarks: The authors must evaluate the NARF-tuned models on standard, broad-coverage benchmarks (e.g.,
MMLU, GSM8K, or general chat capabilities) to demonstrate that the model has not suffered from catastrophic forgetting. The
effectiveness of the "regularization term" (Eq. 2) in preserving non-reasoning abilities must be empirically verified. Without
this, it is difficult to rule out task-specific overfitting. 

（2）Causal Interpretation and Intervention Logic 
The methodological design relies on implicit assumptions that require empirical validation to establish a true causal link
between neural alignment and reasoning performance. 

Intervention on Correct Samples: The intervention is currently applied exclusively to cases where the model produces
incorrect answers. This implies an assumption that correctly answered instances already possess "human-like"
representations. This is neither justified nor validated. The authors must analyze the effects of neural-guided interventions
on correctly answered samples. Does the intervention leave performance unchanged, or does it degrade correct reasoning
trajectories? If correct responses are robust to intervention, the authors' claims are strengthened; if not, the causal link is
weakened. 
Mechanism of Signal Effectiveness: The reported noise ceilings of the reasoning-related brain regions are relatively low. A
more explicit discussion is needed to explain how neural activations with limited signal-to-noise ratios can act as effective
gradient directions or regularization signals. 



Intercept Ablation: The finding that removing the intercept term b in ridge regression improves performance is counter-
intuitive. Does this imply that the pattern (direction) of neural activity is informative, while the magnitude (baseline activation)
introduces noise? A deeper discussion is warranted to clarify the mechanism of alignment. 

（3）Data Scale, Robustness, and Cross-Subject Generalization 
The study utilizes a very small fMRI dataset (<70 unique problems from 10 subjects) to train models evaluated on >50,000
synthetic test problems. This mismatch raises concerns about the universality of the extracted signals. 

Leave-One-Subject-Out (LOSO) Analysis: The current method aggregates signals from all 10 subjects. To prove that the
method captures a universal reasoning mechanism rather than overfitting to specific subjects, the authors must perform a
LOSO analysis (train on N-1 subjects, evaluate on the held-out subject). 
External Dataset Validation: Relying on a single dataset (Lytle et al., 2020) limits the robustness of the conclusions.
Validation on an independent dataset (e.g., HCP Relational Processing Task or Pereira et al., 2018) is strongly
recommended to demonstrate that the pipeline is not an artifact of one specific experimental design. 

（4）Domain Shift and Failure Analysis 
Pseudowords vs. Natural Language: The fMRI task uses pseudowords to isolate logic, but LLMs are pre-trained on natural
language. Please discuss whether this distribution shift affects the efficiency of the guidance. Does the method work equally
well on natural language reasoning datasets (e.g., FOLIO) compared to the synthetic pseudoword test set? 
Granular Failure Analysis: While the authors analyze failure cases based on subject performance, a more granular analysis
is needed. Are there specific linguistic characteristics (e.g., negation, sentence complexity) or logical structures where the
fMRI signal consistently fails to steer the model? 

3. Minor Concerns 

（1）Computational Cost: Please clarify the additional computational latency introduced by the NARI (inference-time
intervention) method. Is it feasible for real-time applications? 
（2）Visualization: Figure 3 (Methodology) is somewhat cluttered. The distinction between the "Intervention" path and the
"Fine-tuning" path could be made visually distinct (e.g., different color coding for data flows). 
（3）Terminology: The terms "Deductive Reasoning Network" and "Logic Network" appear to be used interchangeably.
Consistent terminology would improve readability. 
（4）Statistical Significance: In the OOD generalization results (Fig. 6), please ensure that statistical significance tests are
reported for the performance gaps between "Language SFT" and "NARF". 
(5) Regarding Individual Differences and Insufficient Robustness Analysis: The paper notes significant variability in
intervention success rates across subjects (Fig. S5), which correlates with subjects' behavioral accuracy. This suggests that
the effectiveness of neural guidance may be highly dependent on the quality of individual neural representations. We
recommend a further analysis to clarify whether the method is primarily effective only for signals from "high-performing
subjects." Crucially, it should be investigated whether signals from subjects with lower alignment or performance could
introduce noise and potentially degrade model performance. Addressing this is essential for assessing the generalizability
and practical robustness of the proposed guidance approach. 
(6) Regarding Temporal Resolution and Compatibility with Chain-of-Thought Models: The fMRI signals used are slow
hemodynamic responses, while chain-of-thought reasoning is a dynamic, sequential process. Aligning these integrated fMRI
signals with an averaged representation of the thinking tokens presents a potential neuro-temporal mismatch. We
recommend explicitly acknowledging this limitation in the Discussion section. It would be valuable to discuss future
directions that could address this, such as utilizing neuroimaging techniques with higher temporal resolution (e.g., MEG or
EEG) to capture the fast dynamics of reasoning processes, potentially enabling more fine-grained alignment with
intermediate reasoning steps. 

(Remarks on code availability) 
I did not find the source code in the supplementary. 

Reviewer #2 

(Remarks to the Author) 
Summary 

The paper explores whether large language models (LLMs) align with the neural mechanisms of human deductive
reasoning and if such brain signals can be leveraged to enhance their reasoning performance. The authors compare internal
model representations with task-fMRI data from humans solving logic problems and find that the best LLMs capture
approximately 90% of the explainable variance in aggregate neural responses across deductive reasoning regions. They
then build on this by showing that one can improve LLMs' reasoning capabilities by leveraging those human brain signals.
Specifically, the authors introduced a brain-guided framework featuring two methods: Neural Activation guided
Representation Intervention (NARI), which applies inference-time steering to the model’s representations, and Neural
Activation guided Representation Fine-tuning (NARF), which internalizes neural knowledge into the model's parameters.
Tested across 10 different LLMs ranging from 1.5B to 72B parameters, the authors find that their NARF approach
complements language-only behavioral fine-tuning; applying both achieved absolute accuracy gains of up to 22% on logical
reasoning tasks. 



Strengths 

S1. To our knowledge, this work provides the first empirical demonstration that task-evoked human neural signals can be
leveraged to functionally enhance deductive reasoning in LLMs. This is a more causal confirmation of the to-date
representational correlation observations. 

S2. The reported ceiling values (approximately 0.25) are quite respectable for the reasoning domain of neural data,
suggesting a somewhat robust signal-to-noise ratio in the brain-model mapping. 

S3. The authors demonstrate the framework's broad applicability by validating it across a diverse suite of state-of-the-art
architectures (including Qwen, Llama, Mistral, and Phi) and varying parameter scales. 

S4. The experimental design for the NARI and NARF methods is well-designed, particularly in the selection of baseline
controls to isolate the specific impact of neural guidance. 

S5. The authors demonstrate that neural guidance provides benefits orthogonal to standard language-only supervision,
specifically by refining "reasoning representations" in intermediate layers rather than just final output tokens. 

Weaknesses 

W1. While the authors frame this as a "paradigm shift" toward cognitively principled AI, the long-term scalability of the
approach is questionable. Given the high cost and logistical difficulty of acquiring high-quality fMRI data, it is unclear if this
method can truly compete with large-scale behavioral fine-tuning or synthetic data generation. The authors should clarify the
"neural data-efficiency" of their model – specifically, how much brain data is required to achieve gains that cannot be
replicated through standard machine learning techniques. 

W2. The study’s empirical breadth is limited by the use of a single fMRI dataset for both alignment and validation. While
task-specific fMRI data for reasoning is scarce, the reliance on a singular source raises concerns regarding domain-
generality. To establish NARI/NARF as robust NeuroAI tools, the authors should demonstrate their efficacy in other cognitive
domains (e.g., language processing or speech), where larger, diverse neural datasets are more readily available. This would
clarify whether the method captures a general principle of brain-AI integration or is specifically tuned to the unique structures
of formal logic. 

W3. The functional utility of NARI is partially obscured by the results in Figures 4h and 4k. For certain models, the
performance gains over "Random Direction" baselines appear marginal. If a stochastic perturbation of the same magnitude
performs comparably to a brain-derived direction, it suggests that NARI might be acting as a generic form of representation-
space regularization rather than a specific cognitive guide. Further clarification is needed on how test accuracy scales as a
function of the intervention parameter (α) for these random directions. The alignment of the brain-trained models actually
also decreases in some cases (Fig. S8). 

W4. To quantify neural predictivity, the authors take the maximum alignment across all evaluated layers as the final "brain-
score," following Schrimpf et al. (2021). However, this approach has been iterated on since to resolve issues regarding the
“oracle” nature of selecting the best layer on the test set itself which might inflate predictivity scores. Contemporary studies in
NeuroAI mitigate this selection bias by either i) utilizing functional localizers [1] to isolate model units that are specifically
selective for a given functionality (e.g., deductive reasoning), mirroring how functional regions are identified in the human
brain; or ii) using a validation or "layer-selection" set to commit to a specific layer before evaluating performance on a held-
out test set. These approaches ensure that the final evaluation is independent of the layer or unit selection process, thereby
providing a more scientifically valid estimate of representational alignment. In our experience, with a sufficiently large
dataset these results will be consistent but since this is a new domain of NeuroAI inquiry, we feel it is worthwhile to double-
check. 

W5. The remarkably high neural predictivity observed in untrained models (Figure 2e) is a potential "red flag" that may point
to methodological artifacts. Our intuition is that randomly initialized weights should not, in principle, align closely with
complex human reasoning. This might suggest train-test contamination within the k-fold cross-validation, potentially caused
by shuffling samples with strong temporal or contextual dependencies. If samples from the same stimulus block appear in
both sets, the regression may be fitting to low-level signal characteristics or scanner noise rather than genuine neural
representations. 

W6. The PCA and KDE visualizations (e.g., Figure 4c) primarily illustrate the consequences of fine-tuning (i.e., better class
separation) rather than the mechanisms of neural guidance. These plots confirm that the model's accuracy has improved, but
they do not sufficiently explain how the neural signals steered the model toward a more robust logical manifold. 

Presentation inconsistencies 

P1. There is a lack of uniformity in the models presented across the primary figures. Figure 4 focuses on Qwen2 and
Llama2/3; Figure 5 adds Mistral; and Figure 6 introduces a wide array of Instruct-tuned models (Phi, Gemma, etc.). This
shifting selection makes it difficult to assess the consistency and robustness of the results across the entire study. 



P2. Figure S8 indicates that in some instances, the alignment of brain-trained models actually decreases. This
counterintuitive finding deserves a more thorough discussion in the main text, as it complicates the narrative that alignment
and performance are linearly coupled. 

Questions 

Q1. Was there a theoretical or empirical rationale for focusing the intervention exclusively on the outputs of the attention
modules and layers, rather than including the outputs of the Feed-Forward Networks (FFNs) for example? 

Q2. The results in Figure S5d are really interesting if significant. Could the authors provide a formal statistical test for the
significance of this result and explain why such a notable finding was relegated to the Supplementary Information? 

Signed, 
Badr AlKhamissi & Martin Schrimpf 

References 
[1] AlKhamissi et al. (2025): From Language to Cognition: How LLMs Outgrow the Human Language Network. (EMNLP) 

(Remarks on code availability) 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
I thank the authors for the careful, well-organized revision and their detailed responses to 
each of my first-round concerns. The revised manuscript is substantially strengthened, in 
particular by (i) the broad-capability benchmarking on MMLU/GSM8K/HumanEval/MBPP, 
(ii) the external validation on the HCP Relational Processing task, (iii) the FOLIO results 
demonstrating transfer to natural-language reasoning, (iv) the subject-robustness 
analyses, and (v) the newly added paired statistical tests. 
Below I comment on each of my previous points. Most are resolved; two would benefit 
from small, targeted additions before acceptance, and I also note a minor discussion that 
would enrich the paper. 
Major: 
1. General capabilities / catastrophic forgetting — Resolved. 
The new evaluation of all fine-tuned models on MMLU, GSM8K, HumanEval, and MBPP 
(Table S1, Sec. S11.5) convincingly shows that NARF and NARF+Label do not degrade 
broader capabilities — fluctuations are small and several cells even improve. The 
clarification that the regularization term in Eq. (2) is a reasoning-specific, label-free 
device (not a general anti-forgetting mechanism) resolves my earlier ambiguity about its 
role. 
At a more mechanistic level, I remain curious about why fine-tuning on neural guidance 
derived from a small set of problems leaves broader abilities essentially intact. A brief 
discussion of the factors the authors believe are responsible (e.g., LoRA restricted to 
attention modules in a few middle layers, small λ_narf, limited training samples, the 
directional nature of the objective) would enrich the paper. I do not consider this 
essential for acceptance. 
2. Causal interpretation and intervention logic 
2.1 Intervention on correct samples — Largely addressed; one small empirical 
check still recommended. 
The conceptual argument in the new Fig. S13 / Sec. S12 — that human-like 
representations do not guarantee a "more correct" direction for already-correct cases, so 
intervention on such cases cannot serve as a clean causal test in the instance-specific 
setting — is reasonable, and I accept it. The population-level NARI(gen.) result on the full 
test set is reassuring in that applying the direction broadly does not destabilize model 
behaviour. 
Nonetheless, I would still like a small empirical sanity check to complement the 
conceptual argument. Specifically, for the instance-specific intervention protocol, please 
run the intervention on a random sample of problems that the model already answers 
correctly and report how often it flips the answer to incorrect. A low flip rate would 
further strengthen the causal-link claim; a non-trivial rate would itself be valuable to 



acknowledge. This is a modest Supplementary Information addition and does not change 
the main conclusions. 
2.2 Signal effectiveness under moderate noise ceilings — Resolved. 
The derivation showing that zero-mean noise cancels in YcYc⊤ under expectation (Sec. 
S5), combined with the functional-localization-based predictivity re-analysis, 
satisfactorily explains how useful guidance can be extracted from fMRI signals with 
modest per-voxel SNR. 
2.3 Intercept ablation — Resolved. 
The derivation ∇S_{w/o icpt} − ∇S_{w/ icpt} = W⊤b clearly shows that excluding the 
intercept adds a systematic-shift direction modulated by the joint model–brain structure, 
rather than introducing noise. The expanded discussion in Sec. S5 is clear. 
3.2 LOSO — Accepted with a small caveat. 
I accept the authors' argument that a literal LOSO is not directly applicable because the 
method does not predict individual subjects' neural responses at test time, and I agree 
that the subject-inclusion analyses in Fig. S11 (1→10 subjects, both high-to-low and lowto-high 
orders) adequately address the underlying concern about overfitting to specific 
subjects. I would simply recommend explicitly flagging in the text that Fig. S11 serves as 
their surrogate for LOSO and briefly explaining why the two speak to the same concern; this will help readers who are
primed to look for a LOSO analysis and prevent the 
replacement from appearing to side-step the question. 
3.3 External dataset validation — Fully resolved. 
The new HCP Relational Processing experiments (Sec. S13 and Fig. S14), covering 
intervention, general-direction, and NARF+Label across five model families, constitute a 
meaningful external validation that the pipeline is not an artefact of a single 
experimental design. The drop in intervention success rate to ≈80% under the modality 
shift is properly acknowledged and reasonably interpreted as a boundary condition. 
4. Domain shift and failure analysis 
4.1 Pseudowords vs natural language / FOLIO — Resolved. 
The FOLIO-wiki-curated-TF results in Fig. 6b demonstrate that guidance extracted from 
pseudoword stimuli generalizes to natural-language first-order-logic reasoning. The 
authors' acknowledgement that a natural-language-based guidance pipeline is currently 
blocked by the lack of suitable task-fMRI data is reasonable. 
4.2 Granular failure analysis — Addressed, but quantitative support is still needed. 
Figure S7 provides a useful stratification by affirmative/negation, 2-of-3 vs all-premises 
complexity, and syllogistic vs transitive type, and I accept the authors' observation that 
no consistent failure characteristic is apparent. However, the current conclusion of "no 
consistent failure mode" rests on visual inspection only. Please supplement Fig. S7 with 
per-subtype paired statistical tests comparing NARF(+Label) to its baseline across models 
and the five seeds, so that the negative result is supported quantitatively. This is a minor 
but important addition for the rigor of the claim. 
Minor 
5. Computational cost — Resolved. (Sec. S6: NARI(gen.) overhead negligible; perinstance 
NARI verification can be 1–40× forward-pass cost depending on difficulty.) 
6. Figure 3 — Resolved. The Intervention and Fine-tuning paths are now visually 
separable. 
7. Terminology — Resolved. "Deductive reasoning network" is used consistently. 
8. Statistical significance in Fig. 6 — Resolved. The five-seed paired t-tests provide 
appropriate statistical backing. 
9. Individual differences and signals from low-performing subjects — Fully 
resolved. 
Figure S11d is particularly reassuring: including low-performing subjects does not 
degrade performance, which directly answers my earlier concern about whether noisier 
signals could hurt rather than help. 
10. fMRI temporal resolution / MEG-EEG future direction — Resolved. 
The limitation and the suggested direction (MEG/EEG for finer-grained, step-wise 
guidance) are now acknowledged in the Discussion. 
11. Source code — Resolved. The GitHub repository is provided in the Code Availability 
statement. 
I recommend acceptance conditional on two small additions that can be accommodated in the Supplementary Information: 
(a) (Concern 2.1) An empirical sanity check: apply instance-specific NARI to a random 
sample of initially-correct problems and report the flip-to-incorrect rate. 
(b) (Concern 4.2) Per-subtype paired statistical tests accompanying Fig. S7, so that the 
"no consistent failure mode" conclusion is quantitatively supported. 
I would also welcome — but do not require — a brief mechanistic discussion (under 
Concern 1) of the design choices that plausibly underlie NARF's resistance to catastrophic 
forgetting, and an explicit note in the text that Fig. S11 plays the role of a LOSO equivalent 
subject-robustness analysis (Concern 3.2). 



(Remarks on code availability) 
The GitHub repository is provided in the Code Availability statement.I did not install and run the code. 

Reviewer #2 

(Remarks to the Author) 
Thank you very much to the authors for their thorough response to the points that were raised. 

W1. I agree that brain data can act as a complementary source of supervision, but my pushback was more on how much
brain data we then actually need. I was hoping for something like scaling curves that have subject hours on the x-axis, and
delta performance improvement over standard ML-training on the y-axis. Has the gain from brain data already peaked or do
you predict it to continue scaling (log-linearly)? Sorry for not being clearer on this in the original review. I understand the
author's concern over limited data availability however, so I am okay with this being left out. 

W2. I am happy with the converging results on another dataset. 

W3. Thank you for the new analyses. Great to see that random directions produce no change. It does seem like the alpha
parameter is again quite specific to the model though, so this is important to highlight as a sensitivity of the method. The
second part or your answer gives a key insight into how you think about the modeling, and I think this should be stated
explicitly in the introduction: you view the neural data as a tool to improve core ML capabilities, but improved neural
alignment is itself not the goal (it is for my research, so I incorrectly assumed it would be for you as well; hence I think good
to clarify upfront). 

W4. Using newer techniques to estimate neural predictivity slightly lowers scores, but maintains qualitative claims. I'm happy
with this. 

W5. Seems like the newer techniques from W4 addressed this. 

P1, P2, Q1, Q2. Thank you for your answers and revisions. 

I am satisfied with the revision wherein my concerns have been addressed, and think this manuscript does not require
further review. 

(Remarks on code availability) 

Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were



made.
In cases where reviewers are anonymous, credit should be given to 'Anonymous Referee' and the source.
The images or other third party material in this Peer Review File are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/
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for robust reasoning”3
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Technology, Peking University, Beijing, China.6
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China.8
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University, Beijing, China.10
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*Corresponding author(s). E-mail(s): zlin@pku.edu.cn;12

Contributing authors: mingqing xiao@pku.edu.cn;13
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2 Response

We sincerely thank the Editor for handling our manuscript and the two15

reviewers for their careful evaluation, insightful comments, and constructive16

suggestions. In response, we have substantially revised both the manuscript17

and the Supplementary Information to address all concerns. Below, we first18

summarize the major revisions and then provide a point-by-point response to19

each comment.20

1 Summary of Major Revision21

1) Editorial compliance and code availability22

In accordance with the journal’s editorial requirements, we revised the title23

to remove punctuation, revised the abstract to have no more than 200 words,24

and removed terms such as “new”, “novel”, and “first” from the abstract and25

main text. We also updated the Code Availability statement to include a public26

repository and the corresponding reference DOI.27

2) Updated neural predictivity analyses using functional localization28

Following the suggestion from Reviewer 2 regarding the evaluation of neural29

predictivity, we re-ran the analyses using a functional localization procedure30

and updated corresponding results and descriptions. This provides a more31

scientifically valid estimate of neural predictivity, while leaving the main con-32

clusions unchanged (Figure 2; Supplementary Information Figure S2; Methods;33

Supplementary Information Sections S3.1 and S7).34

3) Validation on an independent external dataset35

To assess generalizability beyond the original dataset in response to36

Reviewer 1 and Reviewer 2, we conducted new experiments on the HCP Rela-37

tional Processing Task. As summarized in the main text and detailed in the38

Supplementary Information, these results show that the brain-guided frame-39

work is not limited to a single experimental design and can extend to a related40
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Response 3

reasoning task with different stimulus modalities (Section 2.2; Supplementary41

Information Figure S14; Supplementary Information Section S13).42

4) Evaluation of general capabilities and robustness43

To address Reviewer 1’s concerns about catastrophic forgetting and robust-44

ness, we evaluated all fine-tuned models on standard benchmarks, including45

MMLU, GSM8K, HumanEval, and MBPP. The results show that our method46

does not suffer from catastrophic forgetting of pre-existing general capabili-47

ties (Supplementary Information Table S1; Supplementary Information Section48

S11.5).49

We also added analyses of subject-level robustness and individual dif-50

ferences (Supplementary Information Figure S11; Supplementary Informa-51

tion Sections S10.4 and S11.6), together with formal statistical tests for52

NARF+Label experiments based on two-sided paired t-tests across five runs53

(Figure 6; Supplementary Information Figure S8).54

5) Clarification of intervention logic and expanded methodological55

discussion56

In response to Reviewer 1, we clarified the conceptual rationale for apply-57

ing intervention analyses only to problems that the model initially answers58

incorrectly in instance-specific intervention experiments (Supplementary Infor-59

mation Figure S13; Supplementary Information Section S12).60

We also expanded the discussion of the method and the temporal resolution61

of fMRI with potential future directions (Supplementary Information Sections62

S5 and S6; Discussion).63

6) Additional analysis results and discussions64

In response to Reviewer 2, we added analyses of NARI (gen.) across65

intervention scales (Supplementary Information Figure S6; Supplementary66
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Information Section S10.3). In addition, we included new experiments com-67

bining NARF+Label with synthetic data, showing that neural guidance68

provides gains that are complementary to common techniques (Supplemen-69

tary Information Figure S12; Supplementary Information Section S11.7). We70

also expanded the discussion of alignment scores (Supplementary Information71

Sections S7 and S11.3), and extended the results and discussions of the relation72

between subject-specific success rate and the human accuracy (Supplementary73

Information Section S10.2).74

7) Presentation75

Following the suggestions from Reviewer 1 and Reviewer 2, we improved76

the presentation by redesigning Figure 3 for improved readability (Figure 3)77

and standardizing the presentation of models and statistical tests (Figures 2,78

4, 5, and 6; Supplementary Information Figures S5, S7, S8, and S9).79

We believe that these revisions have substantially strengthened the rigor,80

clarity, and robustness of our work. We hope that our responses and the revised81

manuscript have adequately addressed the Editor’s and Reviewers’ concerns,82

and that you will find the revised manuscript suitable for publication in Nature83

Machine Intelligence.84
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2 Detailed Responses85

2.1 To Editor86

There are also some editorial points to take into account. Below, you will find87

our standard instructions to authors on revisions.88

Response:89

Thank you for the editorial guidance. We have made the following revision90

to fulfill the standard instructions:91

• We have revised the title from “Beyond representational alignment:92

Brain-guided language models for robust reasoning” to “Beyond rep-93

resentational alignment with brain-guided language models for robust94

reasoning” so that no punctuation is used in the title.95

• We have reivsed the abstrast to have no more than 200 words.96

• We have revised the abstract and text to remove words of “new”, “novel”,97

and “first” for descriptions of the method and results.98

• We have included the link to our code in the Code Availablility state-99

ment: https://github.com/pkuxmq/Brain-guided LLM, and cited the100

corresponding DOI.101

https://github.com/pkuxmq/Brain-guided_LLM
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2.2 To Reviewer 1102

We sincerely thank the reviewer for the thoughtful and constructive assessment103

of our work, and for appreciating our work’s conceptual leap from correla-104

tional representational alignment to functional guidance. We have substantially105

strengthened the manuscript by adding new experiments, analyses, and expla-106

nations to address all concerns. Below we provide a detailed point-by-point107

response.108

Major109

1. General Capabilities and Risk of Catastrophic Forgetting110

I note a critical lack of evidence regarding the impact of the proposed meth-111

ods (NARI and NARF) on the model’s broader capabilities. The study relies112

on a limited amount of task-specific fMRI data, raising serious concerns about113

overfitting. Catastrophic Forgetting: It is a common phenomenon in NeuroAI114

that aligning with biological signals or specialized fine-tuning can degrade per-115

formance on general tasks. It is unclear whether the observed improvements116

in deductive reasoning come at the cost of the model’s pre-existing lan-117

guage understanding, generation, or commonsense reasoning abilities. Required118

Benchmarks: The authors must evaluate the NARF-tuned models on stan-119

dard, broad-coverage benchmarks (e.g., MMLU, GSM8K, or general chat120

capabilities) to demonstrate that the model has not suffered from catastrophic121

forgetting. The effectiveness of the ”regularization term” (Eq. 2) in preserving122

non-reasoning abilities must be empirically verified. Without this, it is difficult123

to rule out task-specific overfitting.124

Response:125

Thank you for this valuable suggestion. We agree that it is essential to126

verify whether neural-guided fine-tuning improves deductive reasoning without127

degrading broader model capabilities.128
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To address this concern, we supplement an evaluation of all fine-tuned129

models on standard benchmarks, including MMLU, GSM8K, HumanEval, and130

MBPP, following the OpenCompass [1] evaluation framework. The results131

(Tab. S1) show that performance on these general benchmarks remains132

essentially stable after fine-tuning, with only small fluctuations, and in sev-133

eral cases, performance even slightly improves. These results indicate that134

our method shows no evidence of catastrophic forgetting of the models’ pre-135

existing general abilities.136

Regarding the regularization term in Eq. (2), we would like to clarify that it137

is not designed to preserve non-reasoning abilities. Instead, this term is intro-138

duced only in the label-free NARF setting to regularize model representations139

for correct deductive reasoning problems, thereby reducing the systematic bias140

of NARF gradients from only incorrect problems. This role is specific to the141

reasoning task, which is necessary when labels are not used, does not involve142

non-reasoning tasks, and is not used in NARF+Label experiments.143

The added benchmark results, along with the observed gains on general-144

ization tasks (out-of-distribution syllogistic and transitive reasoning, proposi-145

tional reasoning and natural language reasoning), support the conclusion that146

the fine-tuning is not task-specific overfitting.147

Revision148

We have added the evaluation results of general capabilities and the corre-149

sponding discussions in Supplementary Information Section S11.5 and Table150

S1. We quote the revision below:151

“S11.5 Evaluation of general capabilities152

To further evaluate whether fine-tuning with neural signals leads to catas-153

trophic forgetting of general model capabilities, we evaluate all fine-tuned154

models on standard benchmarks, including MMLU, GSM8K, HumanEval, and155
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Table S1 Evaluation of General Capabilities of Various Models after
Fine-tuning.

Model Method
Task Performance

MMLU GSM8K HumanEval MBPP

Llama2-7B

Original 36.84 29.19 14.02 19.8
NARF 37.18 29.04 14.02 19.2
Label 41.08 28.13 14.63 20.2
NARF+Label 37.39 28.43 13.41 19.2

Qwen2-1.5B

Original 55.54 61.11 43.90 30.8
NARF 55.65 61.41 42.68 30.6
Label 55.62 61.64 44.51 30.6
NARF+Label 55.76 62.77 45.73 31.2

Phi4-mini

Original 74.47 83.02 78.05 55.4
NARF 74.16 82.71 78.66 54.6
Label 74.50 83.24 78.05 55.0
NARF+Label 74.56 83.02 78.05 55.0

Llama3-8B

Original 67.60 79.23 58.54 58.0
NARF 67.71 78.17 56.71 57.4
Label 67.82 78.24 60.30 57.4
NARF+Label 67.80 78.10 58.54 56.6

Qwen2-7B

Original 70.48 80.97 78.66 53.2
NARF 70.36 80.36 76.83 53.2
Label 70.44 81.12 78.66 53.0
NARF+Label 70.33 79.83 77.44 55.4

Mistral-7B

Original 59.11 45.41 30.49 22.8
NARF 59.36 45.34 34.76 25.2
Label 59.46 46.47 30.49 23.6
NARF+Label 59.46 46.10 31.10 23.4

Qwen3-4B
Original 75.79 86.81 79.27 65.4
Label 76.06 87.19 79.27 65.4
NARF+Label 75.84 86.43 78.05 65.6

Gemma2-9B
Original 74.74 79.23 23.78 59.8
Label 74.25 79.45 25.61 59.2
NARF+Label 74.33 80.29 25.61 59.4

Qwen2-72B
Original 82.34 91.66 83.54 63.6
Label 82.50 91.28 82.32 67.6
NARF+Label 82.29 91.96 82.93 65.8

Llama3.3-70B
Original 81.36 92.87 85.37 76.4
Label 81.50 92.80 84.76 76.2
NARF+Label 81.73 92.72 84.15 77.0

MBPP, following the OpenCompass [17] evaluation framework. The results156
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(Tab. S1) show that performance on these general benchmarks remains essen-157

tially stable after fine-tuning, with only small fluctuations, and in several cases,158

performance even slightly improves. These results indicate that our method159

does not suffer from catastrophic forgetting of general abilities.”160

2. Causal Interpretation and Intervention Logic161

2.1 Intervention on Correct Samples: The intervention is currently162

applied exclusively to cases where the model produces incorrect answers.163

This implies an assumption that correctly answered instances already pos-164

sess ”human-like” representations. This is neither justified nor validated. The165

authors must analyze the effects of neural-guided interventions on correctly166

answered samples. Does the intervention leave performance unchanged, or does167

it degrade correct reasoning trajectories? If correct responses are robust to168

intervention, the authors’ claims are strengthened; if not, the causal link is169

weakened.170

Response:171

Thank you for this important point. We agree that it is important to justify172

the influence on correctly answered instances and examine the causal link. We173

first clarify that our general-direction intervention is applied to both correctly174

and incorrectly answered questions, and then explain the conceptual rationale175

of only considering incorrect instances for causal examination in the instance-176

specific intervention setting.177

Our general-direction intervention experiments (NARI (gen.), Fig. 4c,h,k)178

apply the brain-guided direction to the entire test set during inference, not only179

to initially incorrect examples. This evaluation therefore necessarily includes180

samples that the model already answers correctly. As shown in Fig. 4h,k,181

applying the brain-derived general direction improves overall test accuracy182

on new problems. While this does not isolate the initially correct subset, it183
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shows that applying the direction broadly does not destabilize model behaviour184

overall.185

For the instance-specific intervention setting, however, it is more compli-186

cated and intervention on already-correct answers cannot serve as a meaningful187

causal test. The main reason is that humans are not perfect (e.g., no subject188

achieves 100% accuracy) and more “human-like” representations are not guar-189

anteed to point to more correct direction for already-correct answers. As shown190

in Fig. S13 for a simplified illustration, suppose that we have a shared decision191

boundary between models and humans for correct and incorrect answers, for192

problems that both humans and models are correct, human representations193

can either be closer or farther to the boundary compared to model represen-194

tations. Thus the direction to human representations can either strengthen the195

model decision or weaken the correct answer toward incorrect ones. Therefore,196

intervention on correct answers can in principle have both outcomes and can-197

not provide a causal examination of shared representational structure in the198

instance-specific setting.199

By contrast, the model-incorrect / human-correct case is the most informa-200

tive setting for testing the causal utility of neural guidance, as we can expect201

the direction toward human representations to guide incorrect points to correct202

ones if they have shared space. If steering toward the human-derived direction203

repairs a model error, this can inversely suggest a causal link. Additionally, for204

the other option, intervention on problems that model is correct while human205

is incorrect, it has trivial possibilities such as the language processing abilities206

of models are broken. Thus, intervention on incorrect answers toward correct207

ones is the only non-trivial case for our purpose.208

For this reason, our instance-specific intervention analyses focus on prob-209

lems that the model initially answers incorrectly, whereas our general-direction210
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Question A
Model correct

Question A
Possible human rep.

Question A
Possible human rep.

Question B
Possible human rep.

Question B
Model incorrect

Not necessarily 
correct direction

Fig. S13 Illustration of the experimental logic. We only intervene on problems that
models are incorrect because for those that models are already correct, human representa-
tions do not necessarily provide correct direction.

intervention is evaluated on the full test set. We do not assume that “correctly211

answered instances already possess ‘human-like’ representation”; instead, we212

design the experiment setting based on the fact that human representations213

are not always perfect.214

Revision215

We have clarified this experimental logic in Supplementary Information216

Section S12 and Fig. S13. We quote the revision below:217

“S12 Extended explanation of experimental logic218

In this section, we further explain the logic of experiment design for only219

problems that the model is incorrect. The main reason is that humans are220

not perfect (e.g., no subject achieves 100% accuracy) and more “human-like”221

representations are not guaranteed to point to more correct direction for222

already-correct answers. As shown in Fig. S13 for a simplified illustration, sup-223

pose that we have a shared decision boundary between models and humans for224

correct and incorrect answers, for problems that both humans and models are225
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correct, human representations can either be closer or farther to the boundary226

compared to model representations. Thus the direction to human representa-227

tions can either strengthen the model decision or weaken the correct answer228

toward incorrect ones. Therefore, intervention on correct answers can in prin-229

ciple have both outcomes and cannot inversely suggest whether human and230

model representations have shared subspace.231

By contrast, the model-incorrect / human-correct case is the most informa-232

tive setting for testing the causal utility of neural guidance, as we can expect233

the direction toward human representations to guide incorrect points to correct234

ones if they have shared space. If steering toward the human-derived direction235

repairs a model error, this can inversely suggest a shared subspace. Addition-236

ally, for the other option, intervention on problems that model is correct while237

human is incorrect, it has trivial possibilities such as the language processing238

abilities of models are broken. Thus, intervention on incorrect answers toward239

correct ones is the only non-trivial case for our purpose.”240

2.2 Mechanism of Signal Effectiveness: The reported noise ceilings of the241

reasoning-related brain regions are relatively low. A more explicit discussion242

is needed to explain how neural activations with limited signal-to-noise ratios243

can act as effective gradient directions or regularization signals.244

Response:245

Thank you for this important point. We first clarify that the reported246

ceiling value is calculated based on cross-subject predictivity under the same247

regression pipeline, following the established practice in NeuroAI [2]. It is248

therefore not a direct estimate of the raw single-trial signal-to-noise ratio of249

single-trial fMRI responses, but rather an upper bound for neural predictivity.250

The results are similar to previous fMRI studies [2] and are not very low (as251

recognized by Reviewer 2).252



Springer Nature 2021 LATEX template

Response 13

More importantly, the effectiveness of our neural guidance does not rely253

on any single voxel/time point being highly reliable in isolation. Instead, the254

neural-guided direction is induced by the joint structure of model and brain255

representations across problems (Supplementary Information Section S5). The256

gradient depends on second-order terms such as YcY
⊤
c , and under this for-257

mulation, zero-mean noise in neural representations can be mitigated under258

expectation, because the expectation of the inner product between two zero-259

mean i.i.d. noise vectors is zero, whereas the shared problem-level structure260

remains and interacts with model representations to induce effective guidance261

directions.262

Therefore, even when single-trial fMRI responses are imperfect, the method263

can still extract task-relevant structural information from the neural data and264

convert it into useful guidance signals.265

Revision266

We have added this discussion of robustness to neural noise in Supplemen-267

tary Information Section S5. We quote the revision below:268

“Additionally, this indicates that our neural-guided direction is, to some269

extent, robust to noises in neural signals for single voxel/time point, because270

it is induced by the joint structure of model and brain representations. The271

noise in neural representations can be mitigated in YcY
⊤
c under expectation,272

while the remaining shared structure across problems can still interact with273

model representation to induce effective guidance directions.”274

2.3 Intercept Ablation: The finding that removing the intercept term b in275

ridge regression improves performance is counter-intuitive. Does this imply that276

the pattern (direction) of neural activity is informative, while the magnitude277

(baseline activation) introduces noise? A deeper discussion is warranted to278

clarify the mechanism of alignment.279
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Response:280

Thank you for this insightful question. We clarify the mechanism more281

explicitly. In our method, we compute intervention/fine-tuning directions from282

the gradient of a similarity objective defined on the transformed representa-283

tion. When the intercept is included, the mapped prediction is Wx+b; when284

it is excluded, it is Wx. Excluding the intercept term in the objective cal-285

culation induces an additional term in the direction (gradient) compared with286

the intercept-inclusive form, which represents systematic shift between model’s287

and human’s mean representations adjusted by the interactive structure288

between model and human representations. For example, taking Sim as the289

negative of MSE, for the intercept-inclusive form Sw/ icpt = Sim(Wx+ b,y),290

the gradient is ∇xSw/ icpt = −W⊤Wx − W⊤b + W⊤y, while the gradient291

for the intercept-exclusive form is ∇xSw/o icpt = −W⊤Wx + W⊤y, where292

W = Y⊤
c Xc

(
X⊤

c Xc + λI
)−1

is induced by the structures from centered model293

and human representations and b = y −Wx (x and y are sample means) is294

a systematic shift between model and human representations (Supplementary295

Information Section S5). This means ∇xSw/o icpt−∇xSw/ icpt = W⊤b so that296

the gradient ascent direction additionally incorporate a direction induced by297

the systematic shift.298

This indicates that not only structures from centered representations299

(covariance) are important but also systematic shift between mean representations300

can contribute to guiding directions when modulated by W from the joint301

structures. It implies that both the pattern of neural activity and magnitude302

of activation are informative.303

Revision304

We have added this expanded discussion in Supplementary Information305

Section S5. We quote the revision below:306
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“Note that we calculate the gradients using the objective S = Sim(Wx,y)307

rather than the intercept-inclusive form Sw/ icpt = Sim(Wx + b,y), which308

empirical results demonstrate yields superior performance (Sec. S10.2). Dif-309

ferent from the intercept-inclusive form that aims to directly encourage the310

similarity between centered model and human representations, this design311

induce an an additional term W⊤b, representing a systematic shift between312

model and human representations (i.e., b) adjusted by the interactive struc-313

ture between model and human representations (i.e., W): for example, taking314

Sim as the negative of MSE, the gradient for the intercept-inclusive form is315

∇xSw/ icpt = −W⊤Wx−W⊤b+W⊤y, while the gradient for the intercept-316

exclusive form is ∇xS = −W⊤Wx + W⊤y, meaning ∇xS − ∇xSw/ icpt =317

W⊤b so that the gradient ascent direction additionally incorporate a direction318

induced by the systematic shift. As shown in Sec. S10.2, neither component319

alone (systematic shift alone or without this term) achieves optimal results.320

This indicates that not only structures from centered representations are321

important but also systematic shift between mean representations can con-322

tribute to guiding directions when modulated by W from the joint structures.323

Our method thus provides a new way to induce directions for improving model324

representations, instead of directly maximizing similarity scores that usually325

measure the similarity for centered data and have been shown not to guarantee326

encoding task-relevant information [10].”327

3. Data Scale, Robustness, and Cross-Subject Generalization328

3.1 The study utilizes a very small fMRI dataset (<70 unique problems from329

10 subjects) to train models evaluated on >50,000 synthetic test problems. This330

mismatch raises concerns about the universality of the extracted signals.331
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Response:332

Thank you for this important question. We agree that the contrast between333

a small fMRI dataset and a large synthetic test set requires clarification.334

In our study, these two components serve different purposes. The335

fMRI dataset is used to derive the neural guidance signal, whereas the336

large-scale synthetic test set is used to evaluate whether that guidance337

generalizes beyond the original neural samples. The large number of test prob-338

lems is our evaluation design for testing the “universality” of extracted signals,339

that is, generalizing to new reasoning problems instead of overfitting to or340

memorizing the specific problems in the fMRI dataset. The large-scale evalua-341

tion minimizes random variance, thereby enabling a more reliable assessment342

of whether the signal learned from a limited number of neural examples reflects343

a shared reasoning-related component that generalizes to held-out problems.344

Therefore, our large synthetic test set represents a more rigorous test of345

universality rather than a methodological mismatch.346

3.2 Leave-One-Subject-Out (LOSO) Analysis: The current method347

aggregates signals from all 10 subjects. To prove that the method captures a348

universal reasoning mechanism rather than overfitting to specific subjects, the349

authors must perform a LOSO analysis (train on N-1 subjects, evaluate on the350

held-out subject).351

Response:352

Thank you for this important suggestion. We agree that it is necessary to353

distinguish a shared reasoning-related signal from subject-specific overfitting.354

Although a literal leave-one-subject-out (LOSO) analysis is not directly355

applicable to our experiments, because our experiments do not predict or356

evaluate subjects’ neural responses at test time, we agree with the reviewer’s357
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underlying concern: the key question is whether the extracted guidance358

generalizes beyond the specific subjects and stimuli used to derive it.359

Our primary evaluation is designed to address this point. Specifically, we360

use neural signals during training for guidance construction, but evaluate the361

resulting models on newly generated reasoning problems under multiple set-362

tings, including out-of-distribution test conditions. This design asks whether363

the learned guidance transfers to held-out reasoning problems, rather than364

remaining tied to the original subject-specific signals or stimulus set. In this365

sense, the observed improvements on new questions argue against simple366

overfitting to the specific subjects or problems in the fMRI dataset.367

As supporting evidence, we also conducted additional subject-robustness368

analyses (see our response to Point 9 below and Fig. S11). These analyses369

show that the performance improvement remains generally stable when the370

number and composition of subjects are varied. Although these analyses are371

not a literal LOSO analysis, they provide further evidence that the method is372

not driven only by specific subjects.373

Taken together, our testing results of generalization and the added subject-374

robustness analyses support the conclusion that the extracted neural guidance375

captures a shared reasoning-related component rather than overfitting to376

specific subjects.377

3.3 External Dataset Validation: Relying on a single dataset (Lytle et378

al., 2020) limits the robustness of the conclusions. Validation on an indepen-379

dent dataset (e.g., HCP Relational Processing Task or Pereira et al., 2018)380

is strongly recommended to demonstrate that the pipeline is not an artifact of381

one specific experimental design.382
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Response:383

Thank you for this valuable suggestion. We agree that validation on an384

independent external dataset is important to demonstrate that the proposed385

pipeline is not an artifact of one specific experimental design.386

To address this concern, we add new experiments on an external dataset,387

HCP Relational Processing Task from the Human Connectome Project [3],388

as shown in Fig. S14. The HCP Relational Processing Task probes relational389

reasoning by comparing relations from two pairs of images, judging whether390

bottom images differ in the attribute that top images differ in (Fig. S14b).391

We adapt it to large language models by presenting language descriptions of392

the attributes of the images to the models (Fig. S14a). Such different modal-393

ities extend our experimental settings to evaluate another abstract relational394

reasoning ability with different stimulus modalities. This dataset differs from395

our original deductive reasoning dataset in both task and stimulus modality,396

thereby providing a meaningful external validation of the overall pipeline.397

We conduct both intervention and fine-tuning experiments on this task410

and dataset using five models from different families (Phi4-mini, Qwen2-411

7B, Llama3-8B, Gemma2-9B, Mistral-7B), and the implementation details412

are presented in Supplementary Information Section S13 (quoted below).413

As shown in Fig. S14c, human neural activations from this dataset can414

also induce effective representation intervention directions, significantly out-415

performing both baselines (model representational structure alone / random416

directions) across perturbation ranges. While the overall intervention success417

rate on this dataset (around 80%) is lower than the original deductive rea-418

soning setting (100%), it is likely due to an increased difficulty introduced419

by the modality shift, which reflects a boundary condition while remaining420
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I will provide descriptions of four images
(A, B, C, D). Image A and Image B differ
in exactly one attribute. Your task is to 
determine whether Image C and Image D 
also differ in that attribute.

Understood.

1. Image A: shape is circle; texture is swirl_hooks.
2. Image B: shape is circle; texture is ring_dots.
3. Image C: shape is square; texture is angular_ticks.
4. Image D: shape is star; texture is knot_weave.
Answer ‘True’ or ‘False’.

True

a b

True False

Large Language Models Human Brain

√ √

c
Sum of five models

dIntervention Intervention, general direction

Phi4-mini Qwen2-7B Gemma2-9B

Train

Test

New questions
Different orders

1. Image A: shape is circle; texture is swirl_hooks.
2. Image B: shape is circle; texture is ring_dots.
3. Image C: shape is square; texture is angular_ticks.
4. Image D: shape is star; texture is knot_weave.
Answer ‘True’ or ‘False’.

1. Image C: color is red; style is natural_photo.
2. Image A: color is green; style is sketch.
3. Image B: color is white; style is sketch.
4. Image D: color is red; style is digital_art.
Answer ‘True’ or ‘False’.

e f Fine-tune, NARF+Label

Differ in texture

Also differ in texture

Visual stimuliLanguage stimuli

398

Fig. S14 Results on the Relational Processing Task from the HCP Dataset. (a-
b) Illustration of the task for LLMs and humans. The task probes relational processing by
comparing relations from two pairs of images, judging whether bottom images differ in the
attribute that top image differ in. LLMs process problems through chat-formatted prompts
with language-based descriptions of image attributes, generating direct linguistic responses.
Human participants view two pairs of images (top and bottom), responding via button
press. (c) Summary results of five LLM models for intervention on their incorrect problems.
NARI achieves much higher success rates than baselines of random signals and the max-
integration of random directions. (d) Results of the general direction on the new test data.
(e) Illustration of the training and testing settings. (f) Testing accuracies of various models
for language-label-only and NARF+Label fine-tuning.
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effective. In addition, Fig. S14d further shows that the general direction is pos-421

sible to transfer to new, out-of-set problems. Finally, in a similar fine-tuning422

setting with evaluation on new questions under different orders (Fig. S14e),423

NARF complements language supervision with consistent gains over language424

supervision alone (Fig. S14f).425

These results on an independent dataset show that the pipeline is not an426

artifact of one specific experimental design. Moreover, they show that our427

framework can extend to another reasoning domain with different stimulus428

modalities, suggesting a promising way to incorporate more potential neural429

signal data.430

Revision431

We have added these new results, discussions, and details in Supplementary432

Information Section S13 and Fig. S14, and briefly introduced this extension in433

the main text (Section 2.2). We quote the revision below.434

The revision in Section 2.2 is:435

“Extension to other neural datasets We further validate our method436

on another independent dataset, HCP Relational Processing Task from the437

Human Connectome Project [48] (Sec. S13, Fig. S14). This task probes rela-438

tional reasoning by comparing relations from two pairs of images, and we439

adapt it to large language models by presenting language descriptions of the440

attributes of the images to the models (Fig. S14a-b). This dataset differs from441

the deductive reasoning dataset in both task and stimulus modality, thereby442

providing a meaningful external validation of the overall pipeline.443

The results show that human neural activations from this dataset can444

also induce effective representation intervention directions, significantly out-445

performing both baselines (model representational structure alone / random446

directions) across perturbation ranges (Fig. S14c), and the general direction447
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of NARI is possible to transfer to new, out-of-set problems (Fig. S14d). At448

the same time, NARF complements language supervision with consistent gains449

(Fig. S14f). Full results and details can be found in Sec. S13.450

The results show that our pipeline is not limited to one specific experimen-451

tal design. Meanwhile, they show that our method can extend to other related452

reasoning tasks with different stimulus modalities, suggesting a promising way453

to incorporate more potential neural signal data.”454

The revision in Supplementary Information Section S13 is:455

“S13 Extension to the HCP relational processing dataset456

In this section, to further validate our method on other independent457

datasets, we extend our experiments to HCP Relational Processing Task from458

the Human Connectome Project [18] (Fig. S14). The HCP Relational Process-459

ing Task probes relational reasoning by comparing relations from two pairs of460

images, judging whether bottom images differ in the attribute that top images461

differ in (Fig. S14b). We adapt it to large language models by presenting lan-462

guage descriptions of the attributes of the images to the models (Fig. S14a).463

Such different modalities extend our experimental settings to evaluate a dif-464

ferent abstract relational processing ability with different stimulus modalities.465

This dataset differs from our original deductive reasoning dataset in both task466

and stimulus modality, thereby providing a meaningful external validation of467

the overall pipeline.468

Details of the fMRI dataset and preprocessing The dataset is469

derived from the relational processing task in the Human Connectome Project470

(publicly available on www.humanconnectome.org), which originally contains471

more than 1,000 human subjects. We randomly select 20 subjects (IDs: 100610,472

103111, 139637, 149236, 162733, 169444, 200008, 200513, 211619, 308129,473

421226, 441939, 529549, 567759, 611938, 727553, 771354, 793465, 872158,474

www.humanconnectome.org
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984472), whose behavioural accuracy ranges from 70% to 100% for this task.475

The dataset probes higher-order relational reasoning using visual stimuli that476

vary in shape and texture. It includes relational and matching (the control477

condition) blocks across two runs for each subject. For the relational block,478

each trial presents two pairs of images, where the top images differ in exactly479

one attribute (shape or texture). Participants are required to judge whether480

the bottom images also differ in that attribute and respond via button press.481

Each subject has a total of 24 relational trials (2 runs, 3 relational blocks each482

run, and 4 trials each block).483

While the dataset follows a block-designed task-fMRI paradigm, we extract484

the stimuli for each trial from the accompanying description file of experimental485

designs for each subject (which describes the file name of each stimuli) and the486

publicly available stimuli files (from the HCP TFMRI scripts). As the stimuli487

files are images, we manually annotate the shape and texture attributes of488

each image and convert them into language descriptions. There are 96 stimuli489

files in the scripts, while we find that only 47 stimuli files appear in fMRI490

experiments of the 20 subjects. There are total six possible shapes and six491

possible textures for images.492

We use the fMRI data preprocessed by the Human Connectome Project,493

and estimate the response to each trial with GLMSingle. We use the average494

response time as the response time in GLMSingle. For the design matrix, we495

consider up to 3 conditions (used for cross-validation in GLMSingle): correct496

answer for questions with “yes” answer, correct answer for questions with “no”497

answer, and wrong answer, and extract single-trial responses for each problem498

with the design matrix.499

We extract voxels from the estimated response based on locations of MD500

regions and the subject-specific functional localization process by contrasting501
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relational blocks over matching blocks. We first use SPM12 to get the t-values502

of all voxels considering the contrast, and then select 10% of the most respon-503

sive voxels within the MD mask. These voxels are considered as vectors of504

brain representations for each human subject.505

Details of model prompting We convert image stimuli to language506

descriptions for LLMs to process. Specifically, we convert the six possible507

shapes into: circle, cross, triangle, square, star, hexagon, and convert the508

six possible textures into: ring dots, angular ticks, zigzag dashes, solid blocks,509

knot weave, swirl hooks. The task prompt for the model is:510

“You are an expert in relational reasoning. I will provide descriptions of511

four images (A, B, C, D), which describe two attributes of each image: shape512

and texture. Image A and Image B differ in exactly one attribute (either shape513

or texture). Your task is to determine whether Image C and Image D also differ514

in that attribute. For example, if Image A and Image B have different shapes,515

then you should determine if Image C and Image D also have different shapes.516

Or if Image A and Image B have different textures, then you should determine517

if Image C and Image D also have different textures. If the statement is true,518

you should answer ‘True’; otherwise answer ‘False’. Only answer ‘True’ or519

‘False’ at the beginning of the response.”520

After the model’s round saying “Understood. I will analyze the attributes521

and perform relational reasoning to judge the statement. I will only answer522

‘True’ or ‘False’ at the beginning of the response.”, we present the descriptions523

as follows:524

“1. Image A: shape is circle, texture is solid blocks.\n 2. Image B: shape525

is circle, texture is ring dots.\n 3. Image C: shape is triangle, texture is526

zigzag dashes.\n 4. Image D: shape is hexagon, texture is zigzag dashes.\n For527

the attribute that Image A and Image B differ in (either shape or texture),528
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do Image C and Image D also differ in that attribute? Only answer ‘True’ or529

‘False’ at the beginning of your response.”530

Then we extract the first token of the model’s response.531

Generated test dataset For testing of LLMs, we generate new ques-532

tions with different descriptions of attribute types and attributes. Specifi-533

cally, we replace “shape” and “texture” by two random attribute type in534

[color, quality, geometry, style], and each of them has the following possible535

attributes: color: [red, green, blue, yellow, black, white]; quality: [normal, noisy,536

blurred, underexposed, overexposed, compressed]; geometry: [rotated, translated,537

zoomed in, zoomed out, flipped, sheared; style: [sketch, watercolor, oil painting,538

digital art, cartoon, natural photo]. There are four conditions: true/false ×539

first/second attribute is different. For the test data, we generate 100 problems540

for each condition, leading to 400 problems; for the validation data for fine-541

tuning, we generate 20 problems for each condition, leading to 80 problems.542

When evaluating fine-tuned models, we also enumerate all possible permu-543

tations for the order of descriptions of four images (Fig. S14e), with finally544

400× 24 = 9600 test data.545

Implementation details of NARI and NARF We leverage the sim-546

ilar experimental settings as the deductive reasoning task. For NARI, the547

maximum gradient descent steps are set as 50. For the general direction of548

NARI, we take the average of successful intervention directions with α = 3549

(for Phi4-mini, we take α = 5), normalize the direction for each layer to the550

standard deviation scale, and the scale γ is searched between 0.5 and 10 with551

the interval 0.5. For the combination of NARF and language labels, we use552

all 96 questions from the HCP stimuli files with only part of them having553

fMRI signals. We select 10 subjects for fine-tuning based on the intervention554

success rate, and only perform guidance for questions that the model can be555
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intervened to the correct answer. We start training of NARF+Label from the556

language-label-trained models, except for Phi4-mini that we find starting from557

the original model has better performance. λnarf is set as 0.1 for Phi4-mini558

and Llama3-8B, 0.05 for Qwen2-7B, and 0.01 for Mistral-7B and Gemma2-9B.559

We also run each experiment for 5 times with the same random seeds: 0, 1, 42,560

1000, 2024, and report statistical significance based on two-sided paired t-test561

among the 5 runs.562

Results We conduct intervention and fine-tuning experiments on this563

task and dataset using five models from different families (Phi4-mini, Qwen2-564

7B, Llama3-8B, Gemma2-9B, Mistral-7B). As shown in Fig. S14c, human565

neural activations from this dataset can also induce effective representation566

intervention directions, significantly outperforming both baselines (model rep-567

resentational structure alone / random directions) across perturbation ranges.568

While the overall intervention success rate on this dataset (around 80%) is569

lower than the original deductive reasoning setting (100%), it is likely due570

to an increased difficulty introduced by the modality shift, which reflects a571

boundary condition while remaining effective. In addition, Fig. S14d further572

shows that the general direction is possible to transfer to new, out-of-set prob-573

lems. Finally, in a similar fine-tuning setting with evaluation on new questions574

under different orders (Fig. S14e), NARF complements language supervision575

with consistent gains over language supervision alone (Fig. S14f).576

These results on an independent dataset show that our pipeline is not577

limited to one specific experimental design. Meanwhile, they show that our578

method can extend to other tasks with different stimulus modalities, suggesting579

a promising way to incorporate more potential neural signal data.”580

4. Domain Shift and Failure Analysis581

4.1 Pseudowords vs. Natural Language: The fMRI task uses pseudowords582
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to isolate logic, but LLMs are pre-trained on natural language. Please discuss583

whether this distribution shift affects the efficiency of the guidance. Does the584

method work equally well on natural language reasoning datasets (e.g., FOLIO)585

compared to the synthetic pseudoword test set?586

Response:587

Thank you for this insightful question. We agree that the potential distri-588

bution shift between pseudoword-based neural stimuli and natural-language-589

pretrained LLMs deserves explicit discussion.590

The use of pseudowords in the deductive reasoning stimuli is intentional,591

because it helps minimize semantic confounds and potential data contamina-592

tion from language pretraining, thereby isolating deductive reasoning ability593

more cleanly from lexical or world-knowledge effects. Similar synthetic pseu-594

dowords have also been used in prior evaluations of LLMs [4], showing that595

LLMs are not limited to natural language. This distribution shift is part of596

the design to better probe true reasoning ability.597

We do not observe evidence that this design has significant affects on guid-598

ance. Meanwhile, for natural language reasoning, we find that NARF improves599

generalization to the FOLIO dataset (Fig. 6b), indicating that representational600

guidance learned from pseudowords can also benefit reasoning expressed in601

natural language.602

As for guidance with natural language reasoning, due to the lack of neural603

data for natural language reasoning, we are unable to evaluate the full pipeline604

in this setting. We hope our work can inspire and encourage the study and605

release of more task-specific neural data for broader future investigation.606

4.2 Granular Failure Analysis: While the authors analyze failure cases607

based on subject performance, a more granular analysis is needed. Are there608
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specific linguistic characteristics (e.g., negation, sentence complexity) or logical609

structures where the fMRI signal consistently fails to steer the model?610

Response:611

Thank you for this important point. We agree that failure analysis is impor-612

tant for understanding the strengths and limits of a method, and we provide613

more analyses.614

For the original deductive reasoning questions from the fMRI dataset,615

NARI ultimately achieves a 100% success rate for intervention. Therefore,616

within this dataset, we do not observe specific linguistic characteristics or617

logical structure that the fMRI signal consistently fails to steer.618

For the newly generated test questions, we performed a more granular624

analysis by reasoning subtype, covering different linguistic characteristic (affir-625

m/negation), different complexity (requiring two of three or all three premises626

for the logic), and different reasoning types (syllositic/transitive). Fig. S7 (Sup-627

plementary Information Section S11.1) presents the performance stratified by628

reasoning subtypes for models before and after various fine-tuning settings.629

While the magnitude of improvement varies across models and subtypes, we630

do not observe specific characteristics for which fMRI signals consistently fails631

to improve models.632

Taken together, our current results indicate no evidence for consistent633

failure characteristics.634

Minor635

5. Computational Cost: Please clarify the additional computational latency636

introduced by the NARI (inference-time intervention) method. Is it feasible for637

real-time applications?638
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Qwen2-1.5B

LLama2-7B Llama3-8B

Qwen2-7B Mistral-7Ba
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LLama2-7B Llama3-8B
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Phi4-mini

619

Fig. S7 More Results on Performance across Reasoning Subtypes after Fine-
tuning. (a) Comparison results between the original and Neural Activation guided
Representation Fine-tuning (NARF) fine-tuned models. (b) Comparison results between the
language-label-only fine-tuned and NARF+Label fine-tuned models.
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Response:639

Thank you for this important question. We provide more detailed clarifi-640

cation. For the general direction of NARI (gen.), the intervention is a simple641

additive steering vector applied to intermediate representations in middle lay-642

ers using precomputed directions. This introduces negligible overhead beyond643

the standard forward pass, and is feasible for real-time applications as other644

steering methods [5]. For the per-instance direction calculation of NARI, we645

apply projected gradient ascent to modify representations based on the objec-646

tive and verify the direction every 5 steps until success or reach maximum647

steps (set as 200 or 50). The gradient ascent for representations only have small648

costs because it mainly involves one linear transformation for the objective649

calculation, while the verification process requires inferring the whole model650

with intervention directions. Therefore, the costs mainly comes from the veri-651

fication process, which can take between 1-40 (or 1-10) times of LLM inference652

time for each fMRI data depending on the difficulty of successful intervention.653

Revision654

We have added this discussion of the computational cost of NARI in655

Supplementary Information Section S6. We quote the revision below:656

“Considering computational costs, for the general direction of NARI (gen.),657

the intervention is a simple additive steering vector applied to intermediate658

representations in middle layers using precomputed directions. This introduces659

negligible overhead beyond the standard forward pass, and is feasible for real-660

time applications as other steering methods [11]. For the per-instance direction661

calculation of NARI, the gradient ascent for representations only have small662

costs because it mainly involves one linear transformation for the objective cal-663

culation, while the verification process requires inferring the whole model with664

intervention directions. Therefore, the costs mainly comes from the verification665
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process, which can take between 1-40 (or 1-10) times of LLM inference time666

for each fMRI data depending on the difficulty of successful intervention.”667

6. Visualization: Figure 3 (Methodology) is somewhat cluttered. The dis-668

tinction between the ”Intervention” path and the ”Fine-tuning” path could be669

made visually distinct (e.g., different color coding for data flows).670

Response:671

Thank you for this valuable suggestion. We have revised Fig. 3 to improve672

readability by visually separating the Intervention and Fine-tuning parts with673

different background colors. We quote the figure in Fig. 3.674
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Fig. 3 Illustration of the Methods to Steer Large Language Models (LLMs)
with Human Neural Activations. (a) We induce directions at the model representation
space of each layer for problems with incorrect responses. We calculate gradients of model
representations x to maximize a similarity metric between functional magnetic resonance
imaging (fMRI) signals and x transformed to the fMRI space via weights from ridge regres-
sion, which encodes the structures of model and fMRI representations. (b) We apply these
directions to modify representations through inference-time intervention without parameter
updates, correcting model outputs. (c) The directions that induce successful intervention are
used to fine-tune model parameters, injecting representational knowledge into the param-
eters. (d) The neural-derived directions complement output language supervision during
fine-tuning through the combination of objectives. (e) The models improve test performance
on new deductive reasoning problems.
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7. Terminology: The terms ”Deductive Reasoning Network” and ”Logic Net-688

work” appear to be used interchangeably. Consistent terminology would improve689

readability.690

Response:691

Thank you for this suggestion. We have thoroughly check the manuscript692

and ensure that no “Logic Network” is used, with consistent terms of693

“deductive reasoning network” (or shorten for “reasoning network”).694

8. Statistical Significance: In the OOD generalization results (Fig. 6),695

please ensure that statistical significance tests are reported for the performance696

gaps between ”Language SFT” and ”NARF”.697

Response:698

Thank you for this valuable suggestion. Here we additionally conduct more699

experiment runs for each model under each fine-tuning setting with the same700

random seeds, and updated Fig. 6 in the main text as well as Fig. S8 in701

the Supplementary Information to report statistical significance based on two-702

sided paired t-test over 5 runs. This enhances the statistical rigor of our results.703

Revision723

We have updated Fig. 6 and Fig. S8, as well as the descriptions of the724

results and experiment details in the main text (Sections 2.2.3, 4.4, and 4.6)725

and Supplementary Information (Section S6). We quote the revision below.726

The details in Sections 4.4, 4.6 and Supplementary Information Section S6727

are:728

“For fine-tuning experiments, statistical testing also employs two-sided729

paired t-tests comparing NARF+Label and Label under the same random730

seeds.”731

“We run each experiment for 5 times under the same random seeds for732

statistical significance test. We apply Low-Rank Adaptation (LoRA) [65] to733
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Fig. 6 Results of Combining NARF with Language Supervision. Statistical tests
are reported based on two-sided paired t-test over five runs of experiments under same ran-
dom seeds. (a) Testing accuracies (mean±std) of various models (1.5B–70B parameters) for
language-label-only and hybrid (NARF+language labels) fine-tuning, ordered based on mod-
els’ original test accuracy. (b) Testing performance (mean) comparison on diverse reasoning
data. Improvements on syllogistic and transitive problems generalize to propositional rea-
soning and the FOLIO dataset with first-order logic in natural language. (c) Visualization
of the layer-wise reasoning trajectories (layer outputs from the 1/4-th layer to the 3/4-th
layer) in the representation space shows enhanced separation between paths for correct and
incorrect logics after hybrid fine-tuning compared to the original and label-only fine-tuned
models.
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Fig. S8 Ablation Analysis of NARF when Combined with Language Supervi-
sion. RSRF replaces fMRI signals with random data, which eliminates the effect of human
neural activations and is only induced by the representational structures of models. LSRF
replaces fMRI signals with one-hot encodings of label signals, representing the joint effect
by the representational structures of models and labels. Results are ordered based on the
models’ original test accuracy.
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718

719

720

721

722

the parameters of attention modules in the same middle layers and utilize the734

Adam optimizer to update them (learning rate 1e− 4, no weight decay), with735

accumulated gradients from all training problems. Models are trained for 100736

epochs and validated every epoch (for Qwen2-72B-Instruct and Llama3.3-70B-737

Instruct, we train the models for 50 epochs). λnarf is set as 0.1 for most models738

and 0.01 for Qwen2-1.5B-Instruct. For the baseline of language label fine-739

tuning alone, it keeps the same setting and can be viewed as taking λnarf =740

0.”741

“We run each experiment for 5 times with the same random seeds: 0, 1, 42,742

1000, 2024, and report statistical significance based on two-sided paired t-test743

among the 5 runs.”744

The updated description of the results in Section 2.2.3 is:745
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“The results show that augmenting language supervision with NARF yields746

consistent, statistically significant gains (Fig. 6a), with 2.2% average accu-747

racy gain in average (range 0.5–6.4%) on test problems with all premise-order748

permutations.”749

“For instance, on propositional problems, Mistral-7B-Instruct is improve750

by 13.2% considering the max performance under five runs (83.7%) over the751

max performance of language-only fine-tuning (70.5%).”752

9. Regarding Individual Differences and Insufficient Robustness753

Analysis: The paper notes significant variability in intervention success rates754

across subjects (Fig. S5), which correlates with subjects’ behavioural accuracy.755

This suggests that the effectiveness of neural guidance may be highly dependent756

on the quality of individual neural representations. We recommend a further757

analysis to clarify whether the method is primarily effective only for signals758

from “high-performing subjects”. Crucially, it should be investigated whether759

signals from subjects with lower alignment or performance could introduce760

noise and potentially degrade model performance. Addressing this is essen-761

tial for assessing the generalizability and practical robustness of the proposed762

guidance approach.763

Response:764

Thank you for this valuable suggestion. Here we supplement analysis exper-765

iments of NARI (gen.) and NARF+Label with different number of subjects.766

We vary the number of subjects from 1 to 10 by gradually including subjects767

with two directions: from high-performing to low-performing subjects and vice768

versa. As shown in Fig. S11a-b, increasing the number of subjects gradually769

improves the performance of NARI (gen.), where high-performing subjects770

generally have slightly better performance, while including low-performing771

subjects does not degrade the performance. As shown in Fig. S11c, it is also772
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a bNARI (gen.), syllogistic

c d

NARI (gen.), transitive
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780

Fig. S11 Analysis Results of the Influence of Different Human Subjects on
NARI (gen.) and NARF+Label. (a-b) Test performance of NARI (gen.) on syllogistic
and transitive problems with varying number of subjects in two directions: from high-
performing to low-performing subjects and vice versa. (c) Test performance of NARF+Label
with varying number of subjects in two directions: from high-performing to low-performing
subjects and vice versa. (d) Test performance of NARF+Label for each subject.
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784

785

786

similar for NARF+Label that including high-performing subjects have better773

performance while including low-performing subjects given high-performing774

subjects does not degrade the performance. Fig. S11d further demonstrates775

the performance for each subject, showing that the method is not only effective776

for high-performing subjects, and while not all subjects have uniform gains,777

including these subjects does not degrade model performance. There results778

verify the robustness of our method.779
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Revision787

We have added these robustness analysis results and discussions in Sup-788

plementary Information Sections S10.4, S11.6, and Fig. S11. We quote the789

revision below:790

“S10.4 Analysis results of subject-wise robustness791

We further analyze the robustness of human subjects. We conduct experi-792

ments of NARI (gen.) with different number of subjects by varying the number793

of subjects from 1 to 10 through gradual inclusion of subjects with two direc-794

tions: from high-performing to low-performing subjects and vice versa. As795

shown in Fig. S11a-b, increasing the number of subjects gradually improves796

the performance of NARI (gen.), where high-performing subjects generally797

have slightly better performance, while including low-performing subjects does798

not degrade the performance. There results verify the robustness of the our799

method.”800

“S11.6 Analysis results of subject-wise robustness801

We also analyze the robustness of human subjects for NARF+Label. We802

vary the number of subjects from 1 to 10 through gradual inclusion of sub-803

jects with two directions: from high-performing to low-performing subjects804

and vice versa. As shown in Fig. S11c, it is also similar for NARF+Label that805

including high-performing subjects have better performance while including806

low-performing subjects given high-performing subjects does not degrade the807

performance. Fig. S11d further demonstrates the performance for each subject,808

showing that the method is not only effective for high-performing subjects,809

and while not all subjects have uniform gains, including these subjects does810

not degrade model performance. There results verify the robustness of the our811

method.”812
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10. Regarding Temporal Resolution and Compatibility with Chain-813

of-Thought Models: The fMRI signals used are slow hemodynamic814

responses, while chain-of-thought reasoning is a dynamic, sequential process.815

Aligning these integrated fMRI signals with an averaged representation of the816

thinking tokens presents a potential neuro-temporal mismatch. We recommend817

explicitly acknowledging this limitation in the Discussion section. It would be818

valuable to discuss future directions that could address this, such as utilizing819

neuroimaging techniques with higher temporal resolution (e.g., MEG or EEG)820

to capture the fast dynamics of reasoning processes, potentially enabling more821

fine-grained alignment with intermediate reasoning steps.822

Response:823

Thank you for this important point. We agree that task-fMRI reflects a824

temporally integrated hemodynamic response, whereas chain-of-though rea-825

soning may unfold as a fast, token-by-token dynamic process. Our current826

implementation therefore aligns fMRI signals with an aggregated represen-827

tation (averaged thinking-token representations), while future works can828

investigate modalities with higher temporal resolution such as MEG or EEG829

to better track intermediate reasoning steps and potentially enable more830

fine-grained guidance with multi-step trajectories.831

Revision832

We have added the following discussion in the Discussion section:833

“As fMRI signals are slow hemodynamic responses that may not reflect834

fast dynamical processes of chain-of-thought reasoning, we only consider aggre-835

gated representations, while future investigation on modalities with higher836

temporal resolution such as MEG or EEG is possible to overcome this lim-837

itation by tracking fast intermediate steps for potentially more fine-grained838

guidance.”839
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11. I did not find the source code in the supplementary.840

Response:841

Thank you for pointing out this. In the previous submission, the source842

code was provided as a zip file in the supplementary materials, which may843

have issues for accessing. In this revision, we provide the link to the source844

code: https://github.com/pkuxmq/Brain-guided LLM, which has also been845

included in the code availability statement.846

https://github.com/pkuxmq/Brain-guided_LLM
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2.3 To Reviewer 2847

We sincerely thank the reviewer for the thoughtful and constructive evaluation848

of our work, and for recognizing the conceptual contribution, broad evalua-849

tion, and careful experimental design. In this revision, we have substantially850

strengthened the manuscript by adding new experiments, analyses, and expla-851

nations to address all concerns. Below we provide a detailed point-by-point852

response.853

W1. While the authors frame this as a “paradigm shift” toward854

cognitively principled AI, the long-term scalability of the approach855

is questionable. Given the high cost and logistical difficulty of acquiring high-856

quality fMRI data, it is unclear if this method can truly compete with large-scale857

behavioural fine-tuning or synthetic data generation. The authors should clarify858

the “neural data-efficiency” of their model – specifically, how much brain data859

is required to achieve gains that cannot be replicated through standard machine860

learning techniques.861

Response:862

Thank you for this important point. We agree that the long-term scalabil-863

ity, comparison with standard machine learning techniques, and neural data864

efficiency deserve clearer discussion discussions.865

First, we would like to clarify that the proposed approach does not aim866

to replace standard machine learning techniques; instead, we suggest neural867

signals as an additional and complementary source of supervision that can868

provide information not directly contained in behavioural languages. This is869

already reflected in our experiments of NARF+Label (Fig. 6), where neural870

guidance yields additional generalization gains beyond language supervision.871

Moreover, to further evaluate the synergy of NARF and other tech-872

niques such as synthetic data, here we add a new experiment combining873
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Fig. S12 Results of Combining NARF with Synthetic Data. Data ratio refers to
the ratio of training data (problems from the fMRI dataset plus new synthetic data) over
original problems from the fMRI dataset.

886

887

888

NARF+Label with additional synthetic training data (implementation details874

in Supplementary Information Section S11.6, quoted below). In this setting,875

only the original fMRI-derived problems contribute neural guidance, whereas876

the added synthetic data provide language supervision only. Fig. S12 presents877

the results of performance under different data ratio (total problems divided878

by instances from the fMRI dataset), showing that neural guidance con-879

tinues to provide gains over language-only supervision across data ratios,880

even with limited fMRI data. The results suggest that the benefit of neu-881

ral signals is orthogonal to synthetic data, and the proposed method aims to882

collaborate and complement rather than compete with large-scale behavioural883

fine-tuning or synthetic data generation.884

With regard to the “neural data efficiency”, our results show that even lim-889

ited data can provide gains. In our current study, the neural signals are derived890

from only 70 deductive reasoning problems, and for each model only a small891

subset of those problems (around 3-20 problems that answered incorrectly by892

the model while correctly by human) directly contributes to guidance. Despite893

this limited scale, experiments still show measurable gains from neural guid-894

ance, demonstrating certain “data efficiency”. While this is an initial empirical895



Springer Nature 2021 LATEX template

Response 41

indication rather than a full scaling law, as limited task-specific fMRI data pre-896

vents us from investigating a larger scale of data, we view the current results897

as evidence that limited neural data can be useful.898

Considering the long-term scalability, while we acknowledge the difficulty of899

acquiring high-quality fMRI data, we expect our study can inspire and encour-900

age the investigation and release of more task-specific brain data. Given that901

even limited task-fMRI data is possible to provide orthogonal improvement902

over behaviours for the task, we may expect the potential for scaling with more903

cognitive tasks as richer diverse task-specific neural datasets become available904

in the future, and we leave full characterization of neural-data scaling to future905

work.906

Revision907

We have added the new results and discussions in Supplementary Informa-908

tion Section S11.7 and Fig. S12, and clarified this complementary role more909

explicitly in Introduction and Discussion. We quote the revision below:910

In Introduction:911

“Taken together, our findings indicate that LLMs and the human brain912

share partially overlapping mechanisms for deductive reasoning, evident both913

in correlational representational alignment and in the functional gains achieved914

when neural signals are used to guide models. This work introduces a brain-915

signal-guided pathway to advance LLMs by integrating the structure of human916

cognitive neural data, complementary to behavioural supervision, marking a917

significant step towards cognitively principled and capable AI systems.”918

In Discussion:919

“Our work provides an alternative perspective on learning intermediate920

representations directly from human neural signals rather than solely through921

language behaviour, offering a different possibility for “process supervision”.922
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This approach doesn’t compete with, but rather complements language923

behaviour supervision (Fig. 6; Sec. S11.7).”924

In Supplementary Information:925

“S11.7 Combination with synthetic data926

We suggest neural signals as an additional source of information for repre-927

sentations that is complementary to common behavioural supervision, and the928

proposed method aims to collaborate and complement rather than compete929

with common machine learning techniques. To further evaluate the potential930

synergy of NARF and other techniques, we evaluate combining NARF+Label931

with additional synthetic data. Specifically, we generate synthetic data simi-932

lar to the generation of test problems, while using different pseudowords and933

adjectives. The list of adjectives for syllogistic reasoning is: ancient, modern,934

fierce, gentle, elegant, clumsy, swift, lazy, curious, mysterious, fragile, sturdy,935

noisy, silent, graceful, awkward, clever, foolish, generous, selfish, and the list of936

comparative adjectives for transitive reasoning is: easier, busier, noisier, safer,937

riskier, wiser, cleverer, luckier, healthier, cheaper, costlier, earlier, later, rarer,938

simpler, stricter, looser, fairer, nearer, further. We also generate the same939

number of questions for all groups for a balanced data distribution. As the940

original fMRI dataset contains 70 problems, we generate 32, 64, 96, 128, 160,941

and 192 questions by gradually adding new instances to study the performance942

under different training data ratio over the original data. These questions only943

have language labels for supervision. We use the same training setting to train944

Mistral-7B for Label and NARF+Label under the same random seed, keeping945

the gradient accumulation step the same as 70.946

Fig. S12 presents the results of performance over data ratio, showing that947

neural guidance continues to provide gains over language-only supervision948
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across data ratios, even with limited fMRI data. The results suggest that neu-949

ral signals can provide orthogonal gains over common methods, with certain950

“neural data efficiency”.”951

W2. The study’s empirical breadth is limited by the use of a single952

fMRI dataset for both alignment and validation. While task-specific fMRI953

data for reasoning is scarce, the reliance on a singular source raises concerns954

regarding domain-generality. To establish NARI/NARF as robust NeuroAI955

tools, the authors should demonstrate their efficacy in other cognitive domains956

(e.g., language processing or speech), where larger, diverse neural datasets are957

more readily available. This would clarify whether the method captures a gen-958

eral principle of brain-AI integration or is specifically tuned to the unique959

structures of formal logic.960

Response:961

Thank you for this valuable suggestion. We agree that validation on other962

fMRI datasets is important to demonstrate that our method is not specific to963

one experimental design.964

To address this concern as directly as possible within the scope of the965

present study, here we add new experiments on an external dataset, HCP Rela-966

tional Processing Task from the Human Connectome Project [3], as shown in967

Fig. S14. The HCP Relational Processing Task probes relational processing by968

comparing relations from two pairs of images, judging whether bottom images969

differ in the attribute that top images differ in (Fig. S14b). We adapt it to970

large language models by presenting language descriptions of the attributes971

of the images to the models (Fig. S14a). Such different modalities extend972

our experimental settings to evaluate another abstract relational processing973
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ability with different stimulus modalities. This dataset differs from our origi-974

nal deductive reasoning dataset in both task and stimulus modality, thereby975

providing a meaningful external validation of the overall pipeline.976

We conduct both intervention and fine-tuning experiments on this task989

and dataset using five models from different families (Phi4-mini, Qwen2-990

7B, Llama3-8B, Gemma2-9B, Mistral-7B), and the implementation details991

are presented in Supplementary Information Section S13 (quoted below).992

As shown in Fig. S14c, human neural activations from this dataset can993

also induce effective representation intervention directions, significantly out-994

performing both baselines (model representational structure alone / random995

directions) across perturbation ranges. While the overall intervention success996

rate on this dataset (around 80%) is lower than the original deductive rea-997

soning setting (100%), it is likely due to an increased difficulty introduced998

by the modality shift, which reflects a boundary condition while remaining999

effective. In addition, Fig. S14d further shows that the general direction is pos-1000

sible to transfer to new, out-of-set problems. Finally, in a similar fine-tuning1001

setting with evaluation on new questions under different orders (Fig. S14e),1002

NARF complements language supervision with consistent gains over language1003

supervision alone (Fig. S14f).1004

These results on an independent dataset show that the pipeline is not1005

limited to one specific experimental design. Moreover, they show that our1006

framework can extend to another reasoning-related task with different stimulus1007

modalities, suggesting a promising way to incorporate more potential neural1008

signal data.1009

As our present study focuses on the reasoning domain that goes beyond1010

pure language processing, and our core claim in the paper is for reasoning, we1011

mainly evaluate the related task rather than language processing or speech.1012
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I will provide descriptions of four images
(A, B, C, D). Image A and Image B differ
in exactly one attribute. Your task is to 
determine whether Image C and Image D 
also differ in that attribute.

Understood.

1. Image A: shape is circle; texture is swirl_hooks.
2. Image B: shape is circle; texture is ring_dots.
3. Image C: shape is square; texture is angular_ticks.
4. Image D: shape is star; texture is knot_weave.
Answer ‘True’ or ‘False’.

True

a b

True False

Large Language Models Human Brain

√ √

c
Sum of five models

dIntervention Intervention, general direction

Phi4-mini Qwen2-7B Gemma2-9B

Train

Test

New questions
Different orders

1. Image A: shape is circle; texture is swirl_hooks.
2. Image B: shape is circle; texture is ring_dots.
3. Image C: shape is square; texture is angular_ticks.
4. Image D: shape is star; texture is knot_weave.
Answer ‘True’ or ‘False’.

1. Image C: color is red; style is natural_photo.
2. Image A: color is green; style is sketch.
3. Image B: color is white; style is sketch.
4. Image D: color is red; style is digital_art.
Answer ‘True’ or ‘False’.

e f Fine-tune, NARF+Label

Differ in texture

Also differ in texture

Visual stimuliLanguage stimuli

977

Fig. S14 Results on the Relational Processing Task from the HCP Dataset. (a-
b) Illustration of the task for LLMs and humans. The task probes relational processing by
comparing relations from two pairs of images, judging whether bottom images differ in the
attribute that top image differ in. LLMs process problems through chat-formatted prompts
with language-based descriptions of image attributes, generating direct linguistic responses.
Human participants view two pairs of images (top and bottom), responding via button
press. (c) Summary results of five LLM models for intervention on their incorrect problems.
NARI achieves much higher success rates than baselines of random signals and the max-
integration of random directions. (d) Results of the general direction on the new test data.
(e) Illustration of the training and testing settings. (f) Testing accuracies of various models
for language-label-only and NARF+Label fine-tuning.
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We agree that evaluating the method on other cognitive domains is important1013

future direction. Our new results indicate that the method is possible to be1014

extended to other tasks, suggesting the potential for investigation of more1015

cognitive tasks in future work.1016

Revision1017

We have added these new results, discussions, and details in Supplementary1018

Information Section S13 and Fig. S14, and briefly introduced this extension in1019

the main text (Section 2.2). We quote the revision below.1020

The revision in Section 2.2 is:1021

“Extension to other neural datasets We further validate our method1022

on another independent dataset, HCP Relational Processing Task from the1023

Human Connectome Project [48] (Sec. S13, Fig. S14). This task probes rela-1024

tional reasoning by comparing relations from two pairs of images, and we1025

adapt it to large language models by presenting language descriptions of the1026

attributes of the images to the models (Fig. S14a-b). This dataset differs from1027

the deductive reasoning dataset in both task and stimulus modality, thereby1028

providing a meaningful external validation of the overall pipeline.1029

The results show that human neural activations from this dataset can1030

also induce effective representation intervention directions, significantly out-1031

performing both baselines (model representational structure alone / random1032

directions) across perturbation ranges (Fig. S14c), and the general direction1033

of NARI is possible to transfer to new, out-of-set problems (Fig. S14d). At1034

the same time, NARF complements language supervision with consistent gains1035

(Fig. S14f). Full results and details can be found in Sec. S13.1036

The results show that our pipeline is not limited to one specific experimen-1037

tal design. Meanwhile, they show that our method can extend to other related1038
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reasoning tasks with different stimulus modalities, suggesting a promising way1039

to incorporate more potential neural signal data.”1040

The revision in Supplementary Information Section S13 is:1041

“S13 Extension to the HCP relational processing dataset1042

In this section, to further validate our method on other independent1043

datasets, we extend our experiments to HCP Relational Processing Task from1044

the Human Connectome Project [3] (Fig. S14). The HCP Relational Process-1045

ing Task probes relational reasoning by comparing relations from two pairs of1046

images, judging whether bottom images differ in the attribute that top images1047

differ in (Fig. S14b). We adapt it to large language models by presenting lan-1048

guage descriptions of the attributes of the images to the models (Fig. S14a).1049

Such different modalities extend our experimental settings to evaluate a dif-1050

ferent abstract relational processing ability with different stimulus modalities.1051

This dataset differs from our original deductive reasoning dataset in both task1052

and stimulus modality, thereby providing a meaningful external validation of1053

the overall pipeline.1054

Details of the fMRI dataset and preprocessing The dataset is1055

derived from the relational processing task in the Human Connectome Project1056

(publicly available on www.humanconnectome.org), which originally contains1057

more than 1,000 human subjects. We randomly select 20 subjects (IDs: 100610,1058

103111, 139637, 149236, 162733, 169444, 200008, 200513, 211619, 308129,1059

421226, 441939, 529549, 567759, 611938, 727553, 771354, 793465, 872158,1060

984472), whose behavioural accuracy ranges from 70% to 100% for this task.1061

The dataset probes higher-order relational reasoning using visual stimuli that1062

vary in shape and texture. It includes relational and matching (the control1063

condition) blocks across two runs for each subject. For the relational block,1064

each trial presents two pairs of images, where the top images differ in exactly1065

www.humanconnectome.org
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one attribute (shape or texture). Participants are required to judge whether1066

the bottom images also differ in that attribute and respond via button press.1067

Each subject has a total of 24 relational trials (2 runs, 3 relational blocks each1068

run, and 4 trials each block).1069

While the dataset follows a block-designed task-fMRI paradigm, we extract1070

the stimuli for each trial from the accompanying description file of experimental1071

designs for each subject (which describes the file name of each stimuli) and the1072

publicly available stimuli files (from the HCP TFMRI scripts). As the stimuli1073

files are images, we manually annotate the shape and texture attributes of1074

each image and convert them into language descriptions. There are 96 stimuli1075

files in the scripts, while we find that only 47 stimuli files appear in fMRI1076

experiments of the 20 subjects. There are total six possible shapes and six1077

possible textures for images.1078

We use the fMRI data preprocessed by the Human Connectome Project,1079

and estimate the response to each trial with GLMSingle. We use the average1080

response time as the response time in GLMSingle. For the design matrix, we1081

consider up to 3 conditions (used for cross-validation in GLMSingle): correct1082

answer for questions with “yes” answer, correct answer for questions with “no”1083

answer, and wrong answer, and extract single-trial responses for each problem1084

with the design matrix.1085

We extract voxels from the estimated response based on locations of MD1086

regions and the subject-specific functional localization process by contrasting1087

relational blocks over matching blocks. We first use SPM12 to get the t-values1088

of all voxels considering the contrast, and then select 10% of the most respon-1089

sive voxels within the MD mask. These voxels are considered as vectors of1090

brain representations for each human subject.1091
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Details of model prompting We convert image stimuli to language1092

descriptions for LLMs to process. Specifically, we convert the six possible1093

shapes into: circle, cross, triangle, square, star, hexagon, and convert the1094

six possible textures into: ring dots, angular ticks, zigzag dashes, solid blocks,1095

knot weave, swirl hooks. The task prompt for the model is:1096

“You are an expert in relational reasoning. I will provide descriptions of1097

four images (A, B, C, D), which describe two attributes of each image: shape1098

and texture. Image A and Image B differ in exactly one attribute (either shape1099

or texture). Your task is to determine whether Image C and Image D also differ1100

in that attribute. For example, if Image A and Image B have different shapes,1101

then you should determine if Image C and Image D also have different shapes.1102

Or if Image A and Image B have different textures, then you should determine1103

if Image C and Image D also have different textures. If the statement is true,1104

you should answer ‘True’; otherwise answer ‘False’. Only answer ‘True’ or1105

‘False’ at the beginning of the response.”1106

After the model’s round saying “Understood. I will analyze the attributes1107

and perform relational reasoning to judge the statement. I will only answer1108

‘True’ or ‘False’ at the beginning of the response.”, we present the descriptions1109

as follows:1110

“1. Image A: shape is circle, texture is solid blocks.\n 2. Image B: shape1111

is circle, texture is ring dots.\n 3. Image C: shape is triangle, texture is1112

zigzag dashes.\n 4. Image D: shape is hexagon, texture is zigzag dashes.\n For1113

the attribute that Image A and Image B differ in (either shape or texture),1114

do Image C and Image D also differ in that attribute? Only answer ‘True’ or1115

‘False’ at the beginning of your response.”1116

Then we extract the first token of the model’s response.1117
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Generated test dataset For testing of LLMs, we generate new ques-1118

tions with different descriptions of attribute types and attributes. Specifi-1119

cally, we replace “shape” and “texture” by two random attribute type in1120

[color, quality, geometry, style], and each of them has the following possible1121

attributes: color: [red, green, blue, yellow, black, white]; quality: [normal, noisy,1122

blurred, underexposed, overexposed, compressed]; geometry: [rotated, translated,1123

zoomed in, zoomed out, flipped, sheared; style: [sketch, watercolor, oil painting,1124

digital art, cartoon, natural photo]. There are four conditions: true/false ×1125

first/second attribute is different. For the test data, we generate 100 problems1126

for each condition, leading to 400 problems; for the validation data for fine-1127

tuning, we generate 20 problems for each condition, leading to 80 problems.1128

When evaluating fine-tuned models, we also enumerate all possible permu-1129

tations for the order of descriptions of four images (Fig. S14e), with finally1130

400× 24 = 9600 test data.1131

Implementation details of NARI and NARF We leverage the sim-1132

ilar experimental settings as the deductive reasoning task. For NARI, the1133

maximum gradient descent steps are set as 50. For the general direction of1134

NARI, we take the average of successful intervention directions with α = 31135

(for Phi4-mini, we take α = 5), normalize the direction for each layer to the1136

standard deviation scale, and the scale γ is searched between 0.5 and 10 with1137

the interval 0.5. For the combination of NARF and language labels, we use1138

all 96 questions from the HCP stimuli files with only part of them having1139

fMRI signals. We select 10 subjects for fine-tuning based on the intervention1140

success rate, and only perform guidance for questions that the model can be1141

intervened to the correct answer. We start training of NARF+Label from the1142

language-label-trained models, except for Phi4-mini that we find starting from1143

the original model has better performance. λnarf is set as 0.1 for Phi4-mini1144
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and Llama3-8B, 0.05 for Qwen2-7B, and 0.01 for Mistral-7B and Gemma2-9B.1145

We also run each experiment for 5 times with the same random seeds: 0, 1, 42,1146

1000, 2024, and report statistical significance based on two-sided paired t-test1147

among the 5 runs.1148

Results We conduct intervention and fine-tuning experiments on this1149

task and dataset using five models from different families (Phi4-mini, Qwen2-1150

7B, Llama3-8B, Gemma2-9B, Mistral-7B). As shown in Fig. S14c, human1151

neural activations from this dataset can also induce effective representation1152

intervention directions, significantly outperforming both baselines (model rep-1153

resentational structure alone / random directions) across perturbation ranges.1154

While the overall intervention success rate on this dataset (around 80%) is1155

lower than the original deductive reasoning setting (100%), it is likely due1156

to an increased difficulty introduced by the modality shift, which reflects a1157

boundary condition while remaining effective. In addition, Fig. S14d further1158

shows that the general direction is possible to transfer to new, out-of-set prob-1159

lems. Finally, in a similar fine-tuning setting with evaluation on new questions1160

under different orders (Fig. S14e), NARF complements language supervision1161

with consistent gains over language supervision alone (Fig. S14f).1162

These results on an independent dataset show that our pipeline is not1163

limited to one specific experimental design. Meanwhile, they show that our1164

method can extend to other tasks with different stimulus modalities, suggesting1165

a promising way to incorporate more potential neural signal data.”1166

W3. The functional utility of NARI is partially obscured by the1167

results in Figures 4h and 4k. For certain models, the performance gains1168

over ”Random Direction” baselines appear marginal. If a stochastic perturba-1169

tion of the same magnitude performs comparably to a brain-derived direction,1170



Springer Nature 2021 LATEX template

52 Response

it suggests that NARI might be acting as a generic form of representation-1171

space regularization rather than a specific cognitive guide. Further clarification1172

is needed on how test accuracy scales as a function of the intervention parame-1173

ter (α) for these random directions. The alignment of the brain-trained models1174

actually also decreases in some cases (Fig. S8).1175

Response:1176

Thank you for this important point. First, following your suggestion, we1177

supplement how test accuracy changes as a function of the intervention param-1178

eter α for both brain-derived directions and random directions in Fig. S6. As1179

shown in the results, random directions produce little or no change in perfor-1180

mance across α, while brain-derived direction mostly has significant influence1181

(typically, performance improves at moderate scales and then declines due to1182

over intervention when α becomes too large). This suggests that brain-derived1183

directions acts in a more reasoning-relevant subspace, which differs from ran-1184

dom directions, and NARI is not merely a regularization similar to stochastic1185

perturbation.1186

Second, we agree that the gains in Fig. 4h and 4k are not uniform across all1187

models. We would like to clarify that this variability is consistent with the liter-1188

ature in representation steering, whose effectiveness has been shown to depend1189

on the model and is not uniformly reliable [6, 7]. We therefore interpret the1190

phenomenon that certain models do not have good performance as reflecting1191

a model-dependent limitation of steering methods, rather than evidence that1192

the brain-derived direction behaves like stochastic perturbation. This is pos-1193

sibly a shared limitation of steering methods and may be improved by more1194

advanced steering methods in the future work. While in this work, we mainly1195

aim to verify the plausibility of brain guidance through both intervention and1196

fine-tuning experiments.1197
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a Qwen2-1.5B, syllogistic Qwen2-1.5B, transitive b Llama2-7B, syllogistic Llama2-7B, transitive

c Llama3-8B, syllogistic Llama3-8B, transitive d Phi4-mini, syllogistic Phi4-mini, transitive

e DeepSeek-R1-Distill-Qwen-1.5B
syllogistic

DeepSeek-R1-Distill-Qwen-1.5B
transitive

1209

Fig. S6 Analysis Results of General Direction Intervention Experiments. Test
accuracy of NARI (gen.) and random direction with different scales for various models.

1210

1211

Finally, for the alignment score of brain-trained models, we would like1198

to clarify that more accurate model does not necessarily have higher global1199

alignment with human. This is because 1) humans are not perfect (no sub-1200

ject achieves 100% accuracy; the average of human accuracy in the dataset is1201

86.4%) and 2) functional guidance and global alignment metrics are not neces-1202

sarily monotonically coupled. Our method applies neural guidance primarily to1203

model’s incorrect problems, whereas standard alignment score compute Pear-1204

son correlation over all samples. As a result, this score does not necessarily1205

increase, while the sample-wise cosine similarity (our objective) increases. It is1206

reasonable that some alignment score decreases, which does not influence the1207

effectiveness of brain-derived directions.1208

Revision1212

We have added the analysis results and discussions of NARI (gen.) in Sup-1213

plementary Information Section S10.3 and Fig. S6. We have also extended the1214
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discussion of alignment scores in Supplementary Information Section S11.3.1215

We quote the revision below:1216

“S10.3 Analysis results of NARI (gen.) over intervention scale1217

In this section, we further provide analysis results of how test accuracy1218

of NARI (gen.) scales as a function of the intervention scale α. As shown in1219

Fig. S6, random directions produce little or no change in performance across α,1220

while brain-derived direction mostly has significant influence (typically, perfor-1221

mance improves at moderate scales and then declines due to over intervention1222

when α becomes too large). This suggests that brain-derived directions acts1223

in a more reasoning-relevant subspace, which differs from random directions.1224

We also notice that the applicability of representation steering varies for1225

different models. Actually, it has been shown that the effectiveness of repre-1226

sentation steering depends on the model and is not uniformly reliable [6, 7]. It1227

may be improved by more advanced steering methods in the future work.”1228

And the revision in Supplementary Information Section S11.3 is:1229

“Indeed, more accurate model does not necessarily have higher global align-1230

ment with human, because 1) humans are not perfect (no subject achieves1231

100% accuracy; the average of human accuracy in the dataset is 86.4%) and1232

2) functional guidance and global alignment metrics are not necessarily mono-1233

tonically coupled. Our method applies neural guidance primarily to model’s1234

incorrect problems, whereas standard alignment score compute Pearson cor-1235

relation over all samples. As a result, this score does not necessarily increase,1236

while the sample-wise cosine similarity increases.”1237

W4. To quantify neural predictivity, the authors take the maximum align-1238

ment across all evaluated layers as the final ”brain-score,” following Schrimpf1239

et al. (2021). However, this approach has been iterated on since to resolve issues1240

regarding the “oracle” nature of selecting the best layer on the test set itself1241
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which might inflate predictivity scores. Contemporary studies in NeuroAI mit-1242

igate this selection bias by either i) utilizing functional localizers [1] to isolate1243

model units that are specifically selective for a given functionality (e.g., deduc-1244

tive reasoning), mirroring how functional regions are identified in the human1245

brain; or ii) using a validation or ”layer-selection” set to commit to a specific1246

layer before evaluating performance on a held-out test set. These approaches1247

ensure that the final evaluation is independent of the layer or unit selection pro-1248

cess, thereby providing a more scientifically valid estimate of representational1249

alignment. In our experience, with a sufficiently large dataset these results will1250

be consistent but since this is a new domain of NeuroAI inquiry, we feel it is1251

worthwhile to double-check.1252

Response:1253

Thank you for this valuable suggestion. We agree that using the maximum1254

alignment across layers can introduce potential selection bias, and a more1255

scientifically valid estimate is important.1256

Following your suggestion, we have re-calculated neural predictivity using1257

a functional localization procedure following recent NeuroAI practice [8, 9]1258

(details in Methods and Supplementary Information Section S3.1, quoted1259

below), and updated the corresponding results in Fig. 2 as well as Supplemen-1260

tary Information Fig. S2 (we still report layerwise results in Supplementary1261

Information). The overall pattern and main conclusions remain unchanged.1262

Specifically, while the absolute alignment scores are slightly lowered (e.g., for1263

all reasoning questions, from 0.9 (average of previously six models) to 0.761264

(average of updated ten models)), all previous results still hold: (1) across all1265

trials, predictivity is significantly higher in reasoning and MD regions than in1266

language regions, (2) analyzing reasoning types separately, ceiling-normalized1267

predictivity drops for each type (to around 0.27), (3) predictivities of trained1268
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models are significantly higher than untrained models, (4) each type remains1269

regionally specific (deductive reasoning ≥ language and MD). We believe that1270

this updated analysis further strengthens the validity our conclusions.1271

Revision1272

We have updated neural predictivity results in Fig. 2 and Supplementary1273

Information Fig. S2 based on the latest functional localization procedure, and1274

also updated related descriptions in Methods and Supplementary Information1275

Section S3.1. We quote the revision below.1276

In Methods:1292

“Neural predictivity is calculated based on functionally localized model1293

units following the latest practice [38, 39]. The calculation process involves1294

the following steps. First, we localize model units responsive to deductive1295

reasoning by constrasting activations between the reasoning condition and a1296

control condition (only reading premises; Sec. S3.1). We choose top-N most1297

responsive units from both attention outputs and layer outputs [23] at the last1298

token, where N corresponds to the width of the model’s layer. The activations1299

from these units for each problem are extracted as model representations. In1300

addition to this, we also investigate representations from each layer.”1301

In Supplementary Information Section S3.1:1302

“S3.1 Prompt for the control condition1303

To functionally localize model units responsive to deductive reasoning for1304

neural predictivity calculation, we further design a control condition to only1305

read premises. Under this condition, the task prompt of syllogistic premises to1306

the model is:1307

“I will present three premises that describe a series of relationships among1308

monosyllabic pseudowords and adjectives. You should just read the descriptions1309

and do nothing. Only respond ‘I have read the premises’ after my messages.”1310
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Fig. 2 Results of Neural Predictivity. (a) Neural predictivity calculation pipeline: Fit-
ting ridge regression to map model representations to brain activations, and computing
held-out correlation scores divided by ceiling values (median across voxels and participants).
(b) Neural predictivity scores of different models across brain regions (deductive reasoning,
multiple-demand (MD), language) for all reasoning problems (both syllogistic and transi-
tive), showing significantly higher alignment in deductive reasoning and MD regions (error
bars: inter-subject variability for each model’s results and inter-model variability for the
Average results). (c) Anatomical locations of deductive reasoning, MD, and language regions.
(d) Type-specific predictivity scores (syllogistic or transitive). (e) Comparison between
trained and untrained (weights randomly initialized) models, showing significantly higher
predictivity of trained models. (f) Regional predictivity scores stratified by reasoning type.
(g) Representational analysis revealing type separation among model and brain represen-
tations. This separation largely accounts for the high predictivity under all questions. (h)
Layer-wise predictivity scores under various settings.
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For transitive premises, the description is also slightly different as above.1311

After the model’s round saying “Understood.”, only the three premises are1312

presented.”1313

W5. The remarkably high neural predictivity observed in untrained1314

models (Figure 2e) is a potential ”red flag” that may point to methodolog-1315

ical artifacts. Our intuition is that randomly initialized weights should not,1316

in principle, align closely with complex human reasoning. This might suggest1317

train-test contamination within the k-fold cross-validation, potentially caused1318

by shuffling samples with strong temporal or contextual dependencies. If sam-1319

ples from the same stimulus block appear in both sets, the regression may be1320

fitting to low-level signal characteristics or scanner noise rather than genuine1321

neural representations.1322

Response:1323

Thank you for this important point. We agree that high neural predictivity1324

in untrained models requires more detailed explanation.1325

First, we note that the predictivity of untrained models is largely reduced in1326

the updated neural predictivity results calculated based on functional localiza-1327

tion (shown in Fig. 2). In particular, when syllogistic and transitive reasoning1328

are analyzed separately, the neural predictivity of untrained models becomes1329

near zero, whereas trained models remain substantially higher. This pattern1330

makes it unlikely that the results are driven by low-level scanner noise or a1331

generic artifact in the regression pipeline.1332

Second, for the setting of all reasoning questions, the above-1333

zero predictivity for untrained models is likely driven by the1334

separation between reasoning types. As shown in Fig. 2g, brain representa-1335

tions exhibit certain type separation. At the same time, the untrained models1336

in our analysis retain the trained tokenizer (our untrained model refers to1337
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untrained weights for the main model), so coarse linguistic differences between1338

descriptions of syllogistic and transitive questions may still induce a corre-1339

sponding separation in model representations. This potential confounder leads1340

to above-zero predictivity score of untrained models. Despite this, trained1341

models have much larger scores than untrained models, indicating that models1342

capture brain representations beyond these confounding and noisy causes.1343

Revision1344

We have added this discussion of results of untrained models in Supple-1345

mentary Information Section S7. We quote the revision below:1346

Discussion on results of untrained models We note that while1347

untrained models have near zero neural predictivity for each type of reason-1348

ing, they have above-zero predictivity scores under the setting of all reasoning1349

questions (Fig. 2e). This is likely driven by the separation between reasoning1350

types. As shown in Fig. 2g, brain representations exihibit certain type separa-1351

tion. At the same time, the untrained models in our analysis retain the trained1352

tokenizer, so coarse linguistic differences between descriptions of syllogistic and1353

transitive questions may still induce a corresponding separation in model rep-1354

resentations. This potential confounder leads to above-zero predictivity score1355

of untrained models. Despite this, trained models have much larger scores1356

than untrained models, indicating that models capture brain representations1357

beyond these confounding and noisy causes.1358

W6. The PCA and KDE visualizations (e.g., Figure 5c) primarily1359

illustrate the consequences of fine-tuning (i.e., better class separa-1360

tion) rather than the mechanisms of neural guidance. These plots1361

confirm that the model’s accuracy has improved, but they do not sufficiently1362

explain how the neural signals steered the model toward a more robust logical1363

manifold.1364
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Response:1365

Thank you for this important question. We agree that the PCA and KDE1366

visualization in Fig. 5c primarily illustrate the consequence of fine-tuning1367

rather than the steering process.1368

To clarify this distinction, we note that the steering mechanism of our1369

method is most directly reflected in the intervention setting, where the brain-1370

guided direction is explicitly computed and applied in the model representation1371

space. In particular, Fig. 4g and Supplementary Information Fig. S4 visualize1372

the actual neural-guided steering direction and its effect for intervention in the1373

model representation space. These figures provide the most direct illustration1374

of how neural signals steer the model.1375

On the other hand, in fine-tuning experiments, the representational knowl-1376

edge provided by neural guidance is internalized into model parameters rather1377

than applied as an explit steering vector. For this reason, it is much harder1378

to directly visualize. Therefore, Fig. 5 and Fig. 6 mainly show the result-1379

ing representational reorganization as the consequence of fine-tuning, showing1380

that model parameters have learned to optimize the representation space with1381

neural guidance.1382

P1. There is a lack of uniformity in the models presented across1420

the primary figures. Figure 4 focuses on Qwen2 and Llama2/3; Figure 51421

adds Mistral; and Figure 6 introduces a wide array of Instruct-tuned models1422

(Phi, Gemma, etc.). This shifting selection makes it difficult to assess the1423

consistency and robustness of the results across the entire study.1424

Response:1425

Thank you for this important point. We agree that a clearer and more1426

consistent presentation is important for the entire study. In the revised1427

manuscript, we have updated Fig. 2, Fig. 4, and Fig. 5 to include more models.1428
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Specifically, Fig. 2 now presents neural predictivity results of all ten mod-1429

els considered in this work (as in Fig. 6). We also supplement the results of1430

Phi-4-mini-Instruct to Fig. 4 and Fig. 5, as well as to the related supplemen-1431

tary figures (Figs. S5, S7, and S9), so that these figures consistently report1432

results for six models. This six-model subset was chosen for an evaluation rea-1433

son: they have incorrect answers for both syllogistic and transitive questions1434

from the fMRI dataset. This enables better evaluation and analysis of steer-1435

ing for different reasoning types. The remaining four models, on the other1436

hand, only have incorrect answers for transitive questions, and we include1437

them in NARF+Label experiments to demonstrate the general applicability1438

and generalization of neural guidance.1439

Revision1440

We have updated Fig. 2, Fig. 4, Fig. 5, and Supplementary Information1441

Figures S5, S7, and S9. We have also updated the description of models in1442

Results, and we quote the revision below.1443

In Section 2.1:1444

“In parallel, we evaluate ten open-source LLMs spanning 1.5B-72B parame-1445

ters from different families: Qwen2-1.5B-Instruct, Qwen2-7B-Instruct, Qwen2-1446

72B-Instruct [31], Qwen3-4B [32], Llama2-7B-Chat [33], Llama3-8B-Instruct,1447

Llama3.3-70B-Instruct [34], Mistral-7B-Instruct [35], Phi-4-mini-Instruct [36],1448

and Gemma2-9B-it [37]”1449

In Section 2.2.1:1450

“We consider six models (Qwen2-1.5B/7B-Instruct, Mistral-7B-Instruct,1451

Llama2-7B-Chat, Llama3-8B-Instruct, Phi-4-mini-Instruct) that have errors in1452

both syllogistic and transitive questions. The results of six models demonstrate1453

that NARI achieves a 100% success rate ...”1454
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P2. Figure S8 indicates that in some instances, the alignment of1474

brain-trained models actually decreases. This counterintuitive finding1475

deserves a more thorough discussion in the main text, as it complicates the1476

narrative that alignment and performance are linearly coupled.1477

Response:1478

Thank you for this important point. We agree that the relation between1479

reasoning performance and brain alignment deserves more discussions.1480

We clarify that more accurate model does not necessarily have higher1481

global alignment with human, because 1) humans are not perfect (no sub-1482

ject achieves 100% accuracy; the average of human accuracy in the dataset1483

is 86.4%) and 2) functional guidance and global alignment metrics are not1484

necessarily monotonically coupled. First, our method applies neural guid-1485

ance primarily to model’s incorrect answers, inducing a task-relevant guidance1486

on the subset of cases that require correction rather than maximizing a1487

global correlation metric, whereas standard alignment score compute Pearson1488

correlation over all samples. As a result, the global score does not necessar-1489

ily increase, while the sample-wise cosine similarity (our objective) increases1490

(Fig. S9a). Second, the decrease of the Pearson-correlation-based alignment1491

is also observed in language-supervision-based fine-tuning (Fig. S9b), further1492

supporting that, given imperfect humans, performance and global alignment1493

metrics are not necessarily monotonically coupled.1494

Revision1495

We have added this extended discussion in Supplementary Information1496

Section S11.3, with reference in the main text. We quote the revision below:1497

In Section 4.6 (Methods):1498

“This objective induces a task-relevant neural guidance on the subset1499

of cases that require correction rather than maximizing a global correlation1500
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metric, and therefore is not necessarily monotonically coupled with global1501

alignment with humans but related to sample-wise similarity (Sec. S11.3).”1502

In Supplementary Information:1503

“Indeed, more accurate model does not necessarily have higher global align-1504

ment with human, because 1) humans are not perfect (no subject achieves1505

100% accuracy; the average of human accuracy in the dataset is 86.4%) and1506

2) functional guidance and global alignment metrics are not necessarily mono-1507

tonically coupled. Our method applies neural guidance primarily to model’s1508

incorrect problems, whereas standard alignment score compute Pearson cor-1509

relation over all samples. As a result, this score does not necessarily increase,1510

while the sample-wise cosine similarity increases.”1511

Q1. Was there a theoretical or empirical rationale for focusing the1512

intervention exclusively on the outputs of the attention modules1513

and layers, rather than including the outputs of the Feed-Forward Networks1514

(FFNs) for example?1515

Response:1516

Thank you for this insightful question. Our previous choice to perform1517

intervention on attention outputs was motivated primarily by the prior1518

inference-time intervention practice [5, 10], as well as the role of attention in1519

modeling token relationships that is critical for deductive reasoning. It is also1520

possible to intervene in other components, such as the layer outputs or FFN1521

outputs. In additional experiments, we test intervention on layer outputs and1522

we find that we can similarly achieve 100% intervention success rate together1523

with similar improvements for the general direction setting. This suggests that1524

our method is not limited to the attention output. Future work can investigate1525

more refined designs.1526
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Revision1527

We have added this discussion in Supplementary Information Section S6.1528

We quote the revision below:1529

“We primarily followed the prior practice of inference-time intervention1530

[11, 12] to performance intervention on attention outputs. It is also possible to1531

intervene in other components, such as the layer outputs or FFN outputs. We1532

test intervention on layer output and we can similarly achieve 100% interven-1533

tion success rate together with similar improvements for the general direction1534

setting. This suggests that our method is not limited to the attention output.”1535

Q2. The results in Figure S5d are really interesting if signifi-1536

cant. Could the authors provide a formal statistical test for the significance1537

of this result and explain why such a notable finding was relegated to the1538

Supplementary Information?1539

Response:1540

Thank you for this important suggestion. Here we perform a formal1541

statistical test for the updated subject-level analysis results (with inclu-1542

sion of Phi4-mini). The resulting correlation and statistical significance is1543

r = 0.61, p = 0.059 across the 10 subjects. Additionally, we find that this1544

correlation is sensitive to model families, where Llama2-7B and Llama3-8B1545

contribute most to the overall correlation (r = 0.68 for Llama2-7B, r = 0.501546

for Llama3-8B, and r = 0.09 for the sum of remaining four models). There-1547

fore, we consider these results are suggestive for the correlation, while not1548

statistically significant or sufficiently robust. For this reason, we briefly men-1549

tion the suggestive correlation in the main text while leaving the results in the1550

Supplementary Information.1551
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Revision1552

We have added this statistical result and discussion in Supplementary1553

Information Section S10.2. We quote the revision below:1554

“Considering the sum of six models, the subject-specific success rate shows1555

quite strong positive correlation with individual human accuracy across the1556

10 subjects (r = 0.61, p = 0.059, Fig. S5d), suggesting that higher-performing1557

subjects can not only provide more guiding problems (they answered correctly)1558

for intervention but also induce more effective neural-guided directions for1559

model representations. While we also find that this correlation is sensitive1560

to model families, where Llama2-7B and Llama3-8B contribute most to the1561

overall correlation (r = 0.68 for Llama2-7B, r = 0.50 for Llama3-8B, and r =1562

0.09 for the sum of remaining four models). These results suggest a potential1563

while sensitive correlation.”1564
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Premises:  1. All goms are black. 2. All black things are fast. 3. Max is not a gom.
Conclusion: Max is not black.

Deepseek-R1-Distill-Qwen-1.5B

<think> Alright, let's try to figure out this ....... 
Wait, but the conclusion is about Max not being black. 
Since all goms are black, and Max isn't a gom, does 
that mean Max isn't black? It seems like it. Because if 
Max were black, it would have to be a gom, but it's not. 
So, Max can't be black. ......
Wait, but if Max isn't a gom, and all goms are black, 
then Max isn't a gom, so it doesn't have to be black. 
So, the conclusion that Max isn't black seems to follow 
logically. ......
So, I think the conclusion that Max isn't black is valid 
based on the premises. </think>

<think> Alright, let's try to figure out this ....... 
Wait, but the conclusion is about Max not being black. 
Since all goms are black, and Max isn't a gom, does 
that mean Max isn't black? It seems like it. Because if 
Max were black, it would have to be a gom, but it's not. 
So, Max can't be black. ......
Wait, but if Max isn't a gom, and all goms are black, 
then Max isn't a gom, so it doesn't have to be black. 
It could be something else that's black, but the 
premises don't specify. So, we can't conclude that Max 
isn't black based on the premises. 
Therefore, the conclusion that Max is not black doesn't 
logically follow from the premises. ......</think>

Original After Intervention

√×

Phi4-mini

1383

Fig. 4 Results of Representation Intervention Experiments. (a) Illustration of the
representation intervention paradigm. Effective directions in the representation space can
guide the representation of incorrect responses toward correct model outputs, with smaller
required modification ranges indicating higher precision of the direction. (b) Different fMRI
signals from various human subjects may result in diverse intervention results. We integrate
all human subjects and consider a problem successful if a valid intervention exists. (c) We
integrate successful directions into a general direction, enabling performance improvement
on new test problems through inference-time intervention. (d) Summary results of six LLM
models for intervention on their incorrect problems. Our Neural Activation guided Repre-
sentation Intervention (NARI) achieves a 100% success rate and much higher rates in small
range restrictions than baselines of random signals (eliminate the structure of fMRI repre-
sentations and only relies on model representational structures) and the max-integration of
random directions. (e) Comparison results of different brain regions. Deductive reasoning
regions yield higher success rates than MD and language networks. (f) Comparison results
of different objectives for direction calculation (i.e., gradients), including cosine similarity
(Cos. Sim.), mean square error (MSE), pearson r (Pear. r), and their conterpart with inter-
cept (icpt.). (g) Visualization of the intervention process for Qwen2-1.5B-Instruct in the
representation space (attention output of the 3/4-th layer). The joint effect of the structures
of model and fMRI representations leads to successful intervention directions. (h) Results of
the general direction on the new test data. (i) Demonstration of adapting NARI to chain-
of-though reasoning models, enabling intervention on the language thinking process. (j)
Intervention results on incorrect problems of the thinking model DeepSeek-R1-Distill-Qwen-
1.5B. (k) General direction results on the thinking model DeepSeek-R1-Distill-Qwen-1.5B.
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1. All rogs are green.
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3. Mac is not tall.
Conclusion:
Mac is not a rog.
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1. Don is bigger than Abe.
2. Abe is bigger than Pam.
3. Pam is bigger than Rex.
Conclusion:
Pam is not bigger than Don.

Transitive

Test

New questions
Different orders More premises Propositional

Premises: 
1. Nod is darker than Wek.
2. Wek is darker than Bren.
3. Bren is darker than Fen.
Conclusion:
Fen is not darker than Nod.

Premises: 
1. Bren is darker than Fen.
2. Nod is darker than Wek.
3. Wek is darker than Bren.
Conclusion:
Fen is not darker than Nod.

Premises: 
1. Pal is richer than Bren.
2. Bren is richer than Fex.
3. Fex is richer than Vek.
4. Vek is richer than Lyn.
Conclusion:
Lyn is not richer than Pal.

......

Premises: 
1. waf is dull or 
    yuj is clean.
2. waf is not dull.
Conclusion:
yuj is clean.

Ex. disjunction elimination

Phi4-mini

1407

Fig. 5 Results of Parameter Fine-tuning Experiments. (a) Illustration of the train-
ing and testing settings. Training data includes syllogistic and transitive reasoning problems
from the fMRI dataset, while we test models on new stimuli with varying premise orders,
extended premise numbers, and different reasoning types. (b) Persistent testing accu-
racy improvement of various models on new data across different premise configurations,
demonstrating robust generalization. (c) Kernel-density-estimation-based visualization of
the model representations (attention output of the 3/4-th layer) on testing data reveals
increased separation between problems with “True” and “False” labels in the representa-
tion space after fine-tuning. (d) Testing results on different subtypes of reasoning problems
demonstrate consistent improvements (full results in Fig. S7). (e) Test results on proposi-
tional reasoning problems. Improvements of the model’s behaviour generalize to other types
of reasoning.
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Qwen2-7B
(Instruct)

Qwen2-7B
(Base)

Llama2-7B
(Instruct)

Llama2-7B
(Base)

All questions Syllogisms Transitive

a b

c

1455

Fig. S2 Comparison Results of Neural Predictivity between the Instruction-
tuned and Base Models. (a) Neural predictivity results for different brain regions
considering all reasoning problems. (b) Neural predictivity results for different reasoning
types. (c) Layer-wise neural predictivity results.
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a bSum of six models Sum of six models

c d

1460

Fig. S5 More Analysis Results of Representation Intervention Experiments. (a)
Results with the additional systematic shift term during direction calculation. “Rand. Sig.
w/ fMRI Mean” refers to replacing fMRI signals with random signals whose mean vector
keeps the same as fMRI signals. (b) Results without the additional systematic shift term,
i.e., calculating similarity metrics with the intercept term. (c) Subject-specific success rate
of different human subjects. It is also the sum of five models. (d) The relation between
subject-specific success rate and the accuracy of human subjects.
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a

b
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1468

Fig. S9 Results of Similarity Metrics with Human Neural Activations after
Fine-tuning. (a) Results of the intercept-excluded similarity metric (our objective), which
removes the intercept term and is based on cosine similarity. (b) Results of the similarity
metric following the predictivity calculation, which includes the intercept term and is based
on Pearson r correlation among data samples.
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We sincerely thank the Editor for handling our manuscript and the two13

reviewers for their careful evaluation, insightful comments, and constructive14

suggestions. In response to remaining reviewer comments, we have revised the15

manuscript and Supplementary Information to address all comments. Below,16

we provide a point-by-point response to each comment.17

1 To Reviewer 118

We sincerely thank the reviewer for the thoughtful and constructive assess-19

ment of our work, and we are glad that our revision has resolved most points.20

We have further revised Supplementary Information to address the remaining21

small additions.22

1. An empirical sanity check: apply instance-specific NARI to a random23

sample of initially-correct problems and report the flip-to-incorrect rate.24

Response:25

Thank you for this valuable suggestion. To address this comment, we sup-26

plement an empirical sanity check for Qwen2-1.5B-Instruct. We apply a similar27

instance-specific NARI procedure to initially-correct problems with 50 itera-28

tions and different α, and report the average flip-to-incorrect rate (mean across29

subjects). The results show moderate flip-to-incorrect rates (1.6% for α = 1,30

13.0% for α = 2, 23.6% for α = 3, 28.9% for α = 4, 32.0% for α = 5, 33.5%31

for α = 6, 35.1% for α = 7, 36.6% for α = 8, 37.0% for α = 9, and 37.6% for32

α = 10), which is consistent with our explanation of experimental logic that33

intervention on correct answers can in principle have both outcomes. The flip34

rate is dependent on the relative position of model and human representations35

compared to the decision boundary, as well as the robustness of the model. It36

cannot suggest meaningful conclusions.37
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Revision38

We have added the results in Supplementary Information Section S12. We39

quote the revision below:40

“For sanity check, we also apply a similar instance-specific NARI procedure41

to initially-correct problems with 50 iterations and different α, and report42

the average flip-to-incorrect rate (mean across subjects). The results show43

moderate flip-to-incorrect rates (1.6% for α = 1, 13.0% for α = 2, 23.6%44

for α = 3, 28.9% for α = 4, 32.0% for α = 5, 33.5% for α = 6, 35.1% for45

α = 7, 36.6% for α = 8, 37.0% for α = 9, and 37.6% for α = 10), which46

is consistent with our explanation of experimental logic that intervention on47

correct answers can in principle have both outcomes. The flip rate is dependent48

on the relative position of model and human representations compared to the49

decision boundary, as well as the robustness of the model, and cannot suggest50

conclusions.”51

2. Per-subtype paired statistical tests accompanying Fig. S7, so that52

the ”no consistent failure mode” conclusion is quantitatively supported.53

Response:54

Thank you for this valuable suggestion. To address this comment, we55

perform one-sided paired t-tests over different models (n = 6) for NARF56

> Original under each reasoning subtype. The results show that NARF57

results are significantly higher than original results for almost all subtypes58

(Syll 2 affirm: p = 0.101; Syll 3 affirm: p = 0.022; Syll 2 negate: p = 0.004;59

Syll 3 negate: p = 0.001; Tran 2 affirm: p = 0.004; Tran 3 affirm: p = 0.007;60

Tran 2 negate: p = 0.033; Tran 3 negate: p = 0.027). For Syll 2 affirm, p-61

value is not significant because of the small sample size and small improvement62

under originally high accuracy for some models, while five of six models show63
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improvement (up to 12.4%). These results support the conclusion that there64

is no consistent failure mode to improve the model across reasoning subtypes.65

Revision66

We have added the results and discussion in Supplementary Information67

Section S11.1. We quote the revision below:68

“To quantify this, we perform one-sided paired t-tests over different mod-69

els (n = 6) for NARF > Original under each reasoning subtype, and the70

results show that NARF results are significantly higher than original results71

for almost all subtypes (Syll 2 affirm: p = 0.101; Syll 3 affirm: p = 0.022;72

Syll 2 negate: p = 0.004; Syll 3 negate: p = 0.001; Tran 2 affirm: p = 0.004;73

Tran 3 affirm: p = 0.007; Tran 2 negate: p = 0.033; Tran 3 negate: p = 0.027).74

For Syll 2 affirm, p-value is not significant because of the small sample size75

and small improvement under originally high accuracy for some models, while76

five of six models show improvement (up to 12.4%). These results suggest that77

there is no subtype that NARF consistently fails to improve.”78

3. A brief mechanistic discussion of the design choices that plausibly79

underlie NARF’s resistance to catastrophic forgetting.80

Response:81

Thank you for this valuable suggestion. We agree that a brief discus-82

sion would enrich the paper and we have supplemented a discussion in83

Supplementary Information as quoted below.84

Revision85

We have added this discussion in Supplementary Information Section S11.5.86

We quote the revision below:87

“This stability is possibly due to both a general property of LLMs that88

task-specific fine-tuning on limited data typically preserves broad capabilities,89
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and the design of NARF in which the neural-guided signal enters the objective90

with directionally-bounded targets or constraints from language labels.”91

4. An explicit note in the text that Fig. S11 plays the role of a LOSO92

equivalent subject-robustness analysis93

Response:94

Thank you for this valuable suggestion. We have added an explicit note in95

the text to clarify that Fig. S11 serves as a LOSO equivalent subject-robustness96

analysis, as quoted below.97

Revision98

We have added this note in Supplementary Information Section S10.4 and99

S11.6. We quote the revision below:100

“This experiment also serves a similar purpose to the Leave-One-Subject-101

Out (LOSO) analysis, namely examining whether models overfit to specific102

subjects.”103

2 To Reviewer 2104

We sincerely thank the reviewer for the thoughtful and constructive evaluation105

of our work, and we are glad that our revision has addressed all concerns.106

We have also made some small revisions in response to the comments.107

1. It does seem like the alpha parameter is again quite specific to108

the model though, so this is important to highlight as a sensitivity109

of the method.110

Response:111

Thank you for this valuable suggestion. We agree that it is important to112

highlight this sensitivity and we have supplemented a discussion of sensitivity113

in Supplementary Information as quoted below.114
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Revision115

We have added a discussion in Supplementary Information Section S10.3.116

We quote the revision below:117

“We also notice that the applicability of representation steering varies for118

different models, and the α parameter is sensitive and specific to models. Actu-119

ally, it has been shown that the effectiveness of representation steering depends120

on the model and is not uniformly reliable [15, 16]. It may be improved by121

more advanced steering methods in the future work.”122

2. The second part or your answer gives a key insight into how you123

think about the modeling, and I think this should be stated explicitly124

in the introduction: you view the neural data as a tool to improve125

core ML capabilities, but improved neural alignment is itself not the126

goal (it is for my research, so I incorrectly assumed it would be for127

you as well; hence I think good to clarify upfront).128

Response:129

Thank you for this valuable suggestion. We agree that it is important to130

clarify this perspective and we have revised the Introduction for clarification,131

as quoted below.132

Revision133

We have revised the Introduction to clarify this perspective. We quote the134

revision below:135

“Building on this partial alignment, we introduce an approach to actu-136

ally enhance Large Language Model (LLM) reasoning using human neural137

data. In essence, we guide the model’s internal representations—that will pro-138

duce incorrect responses—toward directions informed by the joint structure139
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of model and brain representations, viewing neural data as a tool for perfor-140

mance improvement rather than treating global model–brain alignment as the141

ultimate goal.”142
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