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Abstract

Large Language Models (LLMs) achieve re-
markable performance through pretraining on
extensive data. This enables efficient adapta-
tion to diverse downstream tasks. However,
the lack of interpretability in their underlying
mechanisms limits the ability to effectively
steer LLMs for specific applications. In this
work, we investigate the intrinsic mechanisms
of LLMs from a cognitive perspective using
eye movement measures. Specifically, we ana-
lyze the layer-wise correlation between human
cognitive indicators and LLM representations.
Building on these insights, we propose a heuris-
tic approach for selecting the optimal steering
layer to modulate LLM semantics. To this end,
we introduce an efficient selective layer inter-
vention based on prominent parameter-efficient
fine-tuning methods, which conventionally ad-
just either all layers or only the final layer. Ad-
ditionally, we present an implicit layer con-
trastive intervention during inference to steer
LLMs away from toxic outputs. Extensive ex-
periments on natural language understanding,
reasoning, and generation tasks, conducted on
GPT-2, Llama2-7B, and Mistral-7B, demon-
strate the effectiveness and efficiency of our
approach. As a model-agnostic framework, it
enhances the interpretability of LLMs while
improving efficiency for safe deployment.

1 Introduction

Large Language Models (LLMs) (Dubey et al.,
2024; Yang et al., 2024; Guo et al., 2025) have
demonstrated strong capabilities in natural lan-
guage understanding and reasoning (Zhao et al.,
2024, 2023; Wei et al., 2022; Yin et al., 2025; Zeng
et al., 2025) through pretraining on large datasets,
followed by instruction tuning and alignment with
human values (Wei et al., 2021; Ouyang et al.,
2022). Consequently, LLMs achieve excellent per-
formance on downstream tasks with fine-tuning.
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Figure 1: Demonstration of CogSteer Intervention.
For an N-layer LLM, we first heuristically find the opti-
mal layer M for semantic intervention. The upper block
represents an adapter that is fine-tuned and inserted into
the frozen layer M. The bottom block illustrates the
operation of the attention module in M to steer the se-
mantic direction towards safer outputs during inference.

However, their lack of interpretability and trans-
parency limits the development of efficient fine-
tuning and inference methods.

To understand intrinsic mechanisms of LLMs,
previous work has introduced various interpretabil-
ity methods, including training linear classifiers as
probes on top of hidden representations (Belinkov,
2022), projecting representations into vocabular-
ies (Geva et al., 2022), and intervening in the com-
putation path, such as knowledge neurons (Dai
et al., 2022) and circuits (Conmy et al., 2023; Ghan-
deharioun et al., 2024). However, these methods,
which focus on a limited set of predefined classes,
concepts, or prompts, have practical limitations in
terms of scalability and generalization.

In this work, we introduce a novel interpretabil-
ity analysis method that leverages eye movement
data (Luke and Christianson, 2018; Hollenstein
et al., 2020; Colman et al., 2022) collected by cog-
nition researchers to study human reading behav-
iors. Through correlation experiments, we find
that LLM hidden states exhibit a strong correlation
with human gaze, peaking in the middle layers. Us-
ing eye movement measures such as fixation and
regression (Rayner, 1998) as human-interpretable



indicators, we observe a hierarchical progressioimvolved in full-layer ne-tuning. Moreover, in
in LLMs, from initial syntactic and semantic pro- experiments on generation tasks, language toxi ca-
cessing to deeper integration and nal predictiontion (Dementieva et al., 2025), and detoxi cation
Additionally, a comparison of correlation results (Leong et al., 2023), our method achievesla85%
between natural reading and task-speci ¢ readingmprovement in toxi cation compared to full-layer
suggests that the upper layers of LLMs are more cantervention and &13.45%improvement in detox-
pable of reasoning. Furthermore, advanced LLMg cation as compared to last-layer intervention.
such as Llama, which incorporate instruction tun- Ourmain contributions are as follows:
ing and reinforcement learning from human feed- (1) We are the rst to propose leveraging eye
back (RLHF), demonstrate enhanced reasoning ceaovement measures to analyze the layer-wise be-
pabilities, even in the middle layers. havior of LLMs. We publicly release the probing
LLM intervention (Poth et al., 2023; Dong et al., code’ to facilitate further research on interpretabil-
2024) refers to ne-tuning or applying inference ity from a cognitive perspective. (2) Through corre-
methods to steer their semantics to align with spdation analysis, we demonstrate a hierarchical pro-
ci ¢ tasks and data distributions. In addition to gression in LLMs and introduce a heuristic steering
enhancing the understanding of LLM behavior, ourlayer selection method for ef cient layer interven-
interpretability analysis reveals that different layerstion. (3) Extensive experiments validate the effec-
serve distinct functions, with middle layers playing tiveness of our proposed method across various
a crucial role in deeper syntactic and semantic prdanguage understanding, reasoning, and generation
cessing. This enables us to rst identify the mosttasks, contributing to the development of ef cient
suitable layer for intervention, thereby improving and explainable foundation models.
task-speci ¢ performance. Based on these insights,
we propose a heuristic approach for selecting th2 Related Work
optimal steering layer for semantic intervention. - _ _
To achieve this, we re ne prominent Parameter_lnterpretablllty research is essential for uncov-

Ef cient Fine-Tuning (PEFT) methods, which tra- ering the mechanisms of LLMs and ensuring th.eir
ditionally adjust either all layers or only the last S&f¢ and trustworthy deployment as foundation

layer. As shown in Figure 1, our proposgdgSteer models. Various studies have analyzed how knowl-

framework rst identi es the most suitable layer €d9€ IS stored in LLMs (Goldowsky-Dill et al.,
M for semantic intervention based on the task. In2023; Stolfo et al., 2023; Rai et al., 2_024; Bills
stead of ne-tuning all layers or only the last layer, €t &l 2023; Geva et al., 2022), focusing on con-
our method ne-tunes only the selected layer, enS€PtS such as knowledge neurons (Dai et al., 2022)
abling LLMs to better adapt to speci ¢ tasks and and circuits (Conmy et al., 2023; Yao et al., 2024).

datasets. The number of learnable parameters fjoreover, Wang et al. (2024a) reveal that GPT-
CogSteetis signi cantly reduced, requiring only 2 predicts tokens more similarly to humans than

1=N of the parameters in LLMs, thereby improv_shallow language models but lacks engagement
ing parameter ef ciency. Furthermore, we propose”ith LLMs. Oh and Schuler (2023) analyzes how
animplicit layer contrastive interventiomethod ~M0del scale and training data in uence surprisal-
during inference, which ef ciently identi es and P@sed predictions of reading time. Gao et al. (2023)
steers semantics toward safer generation directior/gvestigates the alignment between model and hu-
to evaluate the effectiveness of our proposed selef1an attention. Unlike previous works, our method
tive layer intervention. mvestlg_ates the mter_prgtabmty of LLMs through
Through extensive evaluations across diversUman-interpretable indicators based on eye move-
tasks and datasets, we demonstrate that the pfg€nt theory, enabling a more precise understanding
posed selective layer intervention method achieve@nd control of model behavior (see 8 3and 4.1).

comparable or even superior performance Witkbarameter—Ef cient Semantic Steering PEFT
fewer parameters compared to the full-layer inter(l_|an et al., 2024: Wang et al., 2023), including

vention baseling. Speci cally, we observed an aVAdapter (Houlsby et al., 2019; Poth et al., 2023)
erage absolute improvement-ef.7on the GLUE and LORA (Hu et al., 2022), has gained popular-

benghmark for Llama2-78B, and an average absci)t'y due to its ability to maintain a large number of
lute improvement o#5.8on the GLUE benchmark

for Mistral-7B, with only3.1% of the parameters https://github.com/Ethanscuter/CogSteer



Figure 2:Correlation Results Comparison: Natural Reading (NR) vs. Task-Speci ¢ Reading (TSRjorrelation

results are shown for GPT-2 Large NR (36 layers, top-left), GPT-2 Large TSR (36 layers, bottom-left), Llama2-7B
NR (32 layers, top-right), and Llama2-7B TSR (36 layers, bottom-right). Green, blue, and orange boxes indicate the
premature, middle, and mature buckets, respectively.

frozen parameters in LLMs for generality while in- Models. Correlation studies are conducted on
troducing only a small number of trainable paramethe GPT-2 model (Radford et al., 2019) at different
ters per task. Our method for semantic steering vigizes (12-layer small, 24-layer medium, 36-layer
ne-tuning enhances PEFT methods by incorporatlarge) and the 32-layer Llama2-7B (Touvron et al.,
ing a selective layer intervention strategy, reducind2023). Both GPT-2 and Llama2-7B use a decoder-
computational costs while achieving superior peronly transformer architecture. Comparing earlier
formance (see § 4.2). Furthermore, steering semahtMs, such as GPT-2, with more advanced models
tics during inference offers an even more ef cientlike Llama2 provides valuable insights into their
approach. Contrastive decoding (Li et al., 2023similarities and differences while also enhancing
Sennrich et al., 2024; Wang et al., 2024b) guideshe robustness and generalizability of our ndings.

the generation process by comparing two output Eye-movement Experiments and Datasets.
distributions. In contrast, our proposed |mpI|C|tWe conduct a correlation ana|ysis under two ex-
Iayer contrastive intervention ef Ciently identi es perimenta| conditions: natural reading and task-
and steers the semantics of LLMs toward safe dgpeci c reading. For natural reading, we use the
rections during inference (see § 4.3). Provo (Luke and Christianson, 2018), GECO (Col-

, man et al., 2022), and ZuCo 2.0 (Hollenstein et al.,
3 From Human Gaze to LLM Behavior 2020) datasets. The ZuCo 2.0 dataset also in-

Recent studies (Geva et al., 2021; Schuster et af/Ud€s task-speci c reading experiments. In task-
2022) suggest that feed-forward networks (FFNs?p_eC' c reading, partlglpants_are requ_|red to det(_ar—
function similarly to neural memory networks, cap-mine whether a speci c relation type is present in
turing syntactic and semantic features as well a SeNntence. Relation detection is a high-level se-
factual knowledge (Chuang et al., 2023: Zhand‘nantlc and reasoning task that involves complex
et al., 2024). Meanwhile, research in cognitive sci09Nitve processing. _
ence (Rayner, 1998) has shown that eye movement Correlation Analysis. Let S denote thg -th

human readers to process syntax, semantics, afi@®’ €ach wordw; in sentenceS;, we con-
integrate information. Motivated by these ndings, sider ve eye movement measuresa,(k);k 2
we leverage eye movement measures to analyZesfd ffd; gd; trt; gptyg, where each measure repre-
their correlation with the hidden states of FFNssents a scalar value. The hidden state at layer
across different layers of LLMs. of the LLM for word w; is denoted a&; 2 RY,



whered is the dimensionality of the hidden states.increase in correlation signi es deeper syntactic
To analyze the relationship between eye moveand semantic processing, with the peak indicating

ment measures and LLM hidden states, we conthe integration of linguistic features. In the

pute thePearson correlatiorbetween each eye | the secondary peak likely re ects the nal

movement measure and the corresponding hiddeantegration of information for word prediction.

states at each layer. Speci cally, we concatenate The gverall trend across the three buckets is sim-

hidden states and eye movement measures acrqgg for GPT-2 and Llama2-7B. For a detailed anal-

all words in the dataset and appyincipal com-  ys;s of eye movement measures and additional nd-
ponent analysito obtain a scalar representation Ofings, please refer to Appendix D.

hidden states, ensuring alignment with eye move-
ment measures (see Appendix D for details). Thg
correlation is then de ned as:

Finding 1. (Layer-wise functionality)

LLM hidden states exhibit a strong correlatig
R © with human gaze, characterized by three dis-
- hi g™ e tinct rises across layers. This pattern sugges{s a
e = & S - @ hierarchical progression from initial syntactic
"Rral 2 NRtal (K) K) 2 . ; ;
hii e’ & and semantic processing to deeper integratjon
and nal prediction.

= 3

i=1 i=1

whereh,; represents the processed hidden states
aligned with the eye movement measures, land

) . Results and Finding 2.Empirically, LLMs are
ande(k) are their respective means. d P Y

o . trained with the next-token prediction objective.
Resu!ts a_nd Finding 1.Based on the correlatpn Modern LLMs demonstrate strong language under-
calculation in Eq. 1, we rst a_nalyze the correl_a_tlon standing and reasoning abilities, raising the ques-
results for the natural reading task. To facilitate; . are | [ Ms merely next-token predictors, or are
@nterpretation, we divide the layers of both modelsthey task reasonersRigure 2 presents a compari-
into three equal groupsaremature > and son between natural reading and task-speci c read-

: The tripartite division of layers into pre- ing. The correlation patterns suggest that LLMs

mature, middle, and mature buckets is mot'\""‘tequnction as both next-token predictors and reason-

by recent interpretability studies (Geva et al., 2021érs, as the trends in task-speci ¢ reading closely
Schuster et al., 2022; Chuang et al.

) ) , 2023; Zh"’mpesemble those observed in natural reading.
et al., 2024), which consistently observe a coarse-

grained functional structure in LLMs: lower layers Notably, for both GPT-2 and Llama2-7B mod-
predominantly capture syntactic patterns, midd|&!S: the correlation values in the dur-
layers encode semantic and contextual informdP9 task-speci ¢ reading are higher than those ob-

tion, and upper layers are often involved in reasons€ved during natural reading. In particular, for
ing and factual retrieval. Figures @gped and 7 the Llama2-7B model, these values remain con-
present the correlation results between various ey&Stently higher in task-speci ¢ reading. We hy-
movement measures and the hidden states of tmpthesae that this indicates Llama2-7B is better
LLMs, illustrating how these values evolve acrossSuited for reasoning tasks and that the layers in
layers. the and are activated

The results indicate that the hidden states of difVNen processing complex tasks, as itis trained on a
ferent LLM layers exhibit a clear and strong cor-/a79€r text corpus and incorporates more advanced
relation with human gaze, peaking in the middlePOSt-training techniques.
bucket and reaching a secondary peak in the ma-
ture bucket. This trend is consistent across differen e Rle AR RV R [ede/gre e sl Rl s
eye movement measures and LLMs with varying LGRS ElfEle e S eI
layer sizes. Considering the nature of these ey | | Ms function as both next-token predictors
movement measures, the increase in correlatio anq reasoners, with overall correlation trengls
in the premature buckesuggests that LLMs be- | 3jigning with human cognition indicators. Ad-

gin processing tokens by integrating syntactic an¢ \anced training methods enhance their ability
semantic features, re ecting an initial focus onto{ {5 reason and handle complex tasks.

ken processing. In the sithe further




4 Method layer intervention via ne-tuning to steer semantics

- . . in LLM and predicts the next token as follows:
4.1 Heuristic Steering Layer Selection P

A better understanding of LLM mechanisms will  y(x,) =softmax logit .  FFN ™ (x)j F¥ (x)iya @ (3

help in precisely and ef ciently controlling their N .
behaviors, particularly for semantic steering. WeHere,FF_N (xt) represen_ts the hidden state of
the FFN in the nal layer with frozen parameters

argue that the predominant parameter-ef cient ne- -~
tuning (PEFT) methods (Han et al., 2024), which (), used for token prediction over a yocabulqry.
by default intervene in the last layer or across all'c\ill tden(_)tezttr)l € EeSt Itqyerliowrl sema_ntC;_c |ntt er\{;n'ilon,
layers, are not optimal Instead, we propose an 9 ¢/min€d by Equation & (xt) indicates tha

ef cient heuristic steering layer selection strategythe fusion layer in the LLM integrates new parame-

for intervention, based on our cognition-inspiredterS () from the newly added block, aligned with

interpretability analysis detailed in Section 3. theofrozen pgameter_s( )d lective | int
For semantic steering in LLMs, the layers in the . ur cognitive-inspired selective layer interven-

middle bucket are the most suitable candidates fotllon method is an adaptive ne-tuning strategy that

intervention. These layers handle further token pro'—oIentl es the best layer for both effective semantic

cessing, information integration, and preliminarySteerlng and task performance. Moreover, as our

reasoning. Additionally, the residual connectionsmethOd only operates on a single layer rather than

(He et al., 2016) in transformer layers allow thedll lavers, 'tds'tgm Canél)l/ re<|juces ngputattlor:al r(ra]j
semantic intervention to ow and evolve gradu—fsourc,;_S anL |m(i,vlv '2333S_OL§V?' Ilng(;;2a4as rophic
ally, avoiding abrupt changes in the nal prediction orgetting (Luo etal., cLetal, )-
(Chuang et al., 2023). _ 4.3 Layer Intervention during Inference
From a task-orle_nted perspective, we appIyEf cient semantic steering can be achieved via ne-
PEFT methods and inference-only methods to the " :
) ) , . uning. However, an even more ef cient approach
candidate layers in the middle bucket, using a smal . o
. . s is to steer the semantics of LLMs during inference
portion of data, like the validation set, to search for

and select the best-performing layer that suits th%\/ithoUt Introducing additional parameters. Mo-
task scenario. Formally, givevl as the best layer vated by Li et al. (2023); Leong et al. (2023),

) . . which contrast outputs from either a less capable
for intervention,J represents a set of candidate P P

layers in the middle bucket’% M 2N model or outputs induced by a negative prompt,

L 3 we propose aimplicit layer contrastive interven-
denotes the validation set. We search for the layer prop plicit'ay .
0 ) tion method during inference. First, we ne-tune

M “that yields the best task score or loss perfor- . .
. a contrast model that generates either the desired
mance, as follows: ; "
output or the output we aim to mitigate. In our case,
. _ to mitigate toxic token generation, we ne-tune a
M"=argmax Score(D;P ( jxi;1): (2)  toxic LLM as the contrast model. Unlike Li et al.
(2023); Leong et al. (2023), which contrast the

Later, we will demonstrate the effectiveness Ofoutputs explicitly in the last layer, our method op-

the heuristic steering layer selection approach "brates on the contextualized value vectors derived

language understanding, reasoning, and generatiqn, . ihe weight matricek , Q, V of the attention

tasks, as discussed in Section 5. modules within LLMs. We perform this operation

4.2 Layer Intervention via Fine-tuning on the best layer for intervention as described in

Equation 2. Formally, our layer intervention during

PEFT approaches, such as additive ne-tuninq ) ) L
, . .. Anference nds the semantic steering direction by
(i.e., adapters) and reparameterized ne-tuning (i.e

_contrasting the value vectors as follows:
LoRA), are among the most popular due to their g
ef ciency, as they require only a small set of new
parameters for task-speci ¢ ne-tuning. Let the pa-

rameters of an LLM consist of a set of pre-trainedwherev™ andv) are the contextualized value
frozen parameters() and a set of newly intro- vectors of the contrast LLM and the original LLM
duced parameters in the inserted blogk). Our  at the best layel for semantic intervention. The

2Recent work (Yu et al., 2023) on ne-tuning speech trans-context_ual'Zed value vectors (Elhage et al., 2021)
lation models also supports our hypothesis. are derived as follows:

AR @



VAL-SET

Model

MNLI-M  MNLI-MM  MRPC ONLI QQP RTE SST-2 WNLI  Avg.
GPT2-L 78.0 79.5 85.5 83.3 80.6 71.1 92.9 53.5 78.1

82.1 83.5 83.1 85.2 82.6 70.4 93.6 53.5 79.2
Llama2-78 86.4 87.1 86.5 89.3 83.3 75.5 95.8 56.4 82.5

89.0 89.3 86.3 91.9 85.6 65.3 96.7 56.3 82.5
. 87.3 88.1 86.9 91.4 84.6 80.1 95.8 56.3 83.8
Mistral-7B

89.5 89.7 82.2 81.7 78.1 58.9 96.7 56.3 79.1
Model TEST-SET

MNLI-M  MNLI-MM  MRPC ONLI QQP RTE SST-2 WNLI  Avg.
GPT2-L 79.3 79.3 83.0 84.1 65.6 64.6 92.4 58.9 75.8

82.6 83.0 82.7 85.6 65.6 62.6 93.5 61.6 77.1
Llama2-78 82.9 86.3 83.4 88.5 68.8 74.7 95.2 64.4 80.5

89.5 88.8 80.5 92.1 71.6 58.2 93.5 55.5 78.7
. 87.1 87.5 86.6 91.7 70.5 81.0 95.9 65.8 83.2
Mistral-7B

89.7 89.4 80.4 81.3 62.7 52.3 97.3 65.1 77.3

Table 1: Evaluation on GLUE Benchmark. MRPC and QQP are reported using F1, while the other tasks
are reported using Accuracy. A indicates that the single-layer intervention outperforms the full-layer
intervention, an denotes comparable performance, and a indicates slightly lower performance.

guage Understanding Evaluation (GLUE) bench-

0 C W 1w T ! mark (Wang et al., 2019), applying selective layer
AT = B ° AN VIR intervention. Speci cally, we focus on eight GLUE
d=H tasks coveringentiment analysiéSST-2),para-
(5) phrase identi cation(MRPC, QQP), ancahatural
D . . } X language inferenc@VINLI-M, MNLI-MM, QNLI,
a= A" x 'wS€h owg"= vihwg": it
- - RTE, WNLI). Additionally, to assess our methods

(6) inthe context of language generation, we examine
. . their effectiveness in natural language toxi cation
Specically, x W," represents the attention- and detoxi cation. To train toxic adapters and con-
weighted, context-sensitive value vector for headrast models, as described in Sections 4.2 and 4.3,
h.v;" 2 RYis the contextualized value vector atwe utilize the Toxic Comment Classi cation Chal-
positioni. We then update the value vector in thelenge Dataset (Jigsaw, 2018). (See Appendix A)

layerM of the original LLM: Evaluation For the evaluation on the GLUE
benchmark, we report both validation-set and test-
v = v e VM (7)  setF1 scoredor QQP and MRPC, whilaccuracy

Here, nom = 1+ WM is a normalization is used for gll_ other tasks. Additionally, we use
{he RealToxicityPrompts (RTP) dataset (Gehman

term that adaptively regulates the steering effect,

and is a hyperparameter that further controls thet al., 2020). Following prior work (Li et al., 2023;

steering strength. Finally, we preserve the updatebeong etal., 2023), we sample 2,122 toxic prompts.

steering direction and renormalize the adapte(!lzor eazcsh toxu? prompt n thde RTIID datazet_, we gen-
value vector to ensure its representation is clossr"_"te h cPontlnua:_lonsAgn ﬁ_vﬁ uat(_et elrttox.|C|ty
to the original vector: using the Perspective AP] which assigns a toxic-

ity score to each continuation, with higher scores
WM indicating a greater likelihood of toxicity. Finally,
RV kz: (8)  we use theverage maximum toxicigys our eval-
uation metric. Speci cally, we compare the tox-
icity scores and detoxi cation margins obtained
5.1 Datasets and Evaluation by applying our methods to different layers of the
models.

v o=y

5 Experiments

DatasetsWe evaluate our proposed ef cient se-
mantic steering methods using the General Lan- 3https://iperspectiveapi.com/
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