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Abstract

Parameter-efficient fine-tuning (PEFT) reduces
trainable parameters, yet head-sparse PEFT
still requires deciding which attention heads
should receive updates. We introduce SIGHT,
Sparse Identification of Gaze-aligned Heads
for Tuning, a gaze-guided head selector for
head-sparse PEFT. Using eye-tracking data dur-
ing reading comprehension tests, SIGHT ranks
heads by correlating word-level gaze metrics
with the attention heads of large language mod-
els. Specifically, the comprehension question
appears either before or after the passage so
that the readers either read the passage with a
clear goal or for general understanding. The
eye-tracking data from these two conditions
are both correlated with attention heads and are
fused by an offline-calibrated layer-wise gating
module. When applied to Qwen3-based mod-
els, updating only the top 10% SIGHT-selected
heads generally outperforms other head selec-
tors and all-head PEFT references on reason-
ing and syntax benchmarks. These results sug-
gest that gaze information during human read-
ing can move beyond post hoc interpretation
and serve as an external criterion for allocating
adaptation capacity.

1 Introduction

Parameter-efficient fine-tuning (PEFT) has made
large language models (LLMs) easier to adapt by
updating small modules, low-rank factors, activa-
tion scales, or localized representations instead of
the full checkpoint (Albert et al., 2025; Hayou
et al., 2024; Wu et al., 2024; Yin et al., 2024).
Yet PEFT alone does not specify where adaptation
should occur. As PEFT becomes more localized,
from modules to individual attention heads, adapta-
tion becomes an allocation problem: under a fixed
update budget, which components should receive
task-specific updates? This question is explicit in
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head-sparse PEFT, where only selected heads are
allowed to adapt.

Existing head selectors usually answer this ques-
tion with model-internal signals, such as attention
mass (Michel et al., 2019), causal effects (Arora
et al., 2024), or feature activations (Marks et al.,
2025). Although more faithful localization meth-
ods, including CausalGym (Arora et al., 2024),
Causal Head Gating (Nam et al., 2025), and rele-
vance patching (Jafari et al., 2025), address known
limits of attention-only explanations (Jain and Wal-
lace, 2019; Serrano and Smith, 2019; Wiegreffe
and Pinter, 2019), they still mainly identify heads
involved in the current frozen computation, rather
than heads best suited for future adaptation under a
sparse budget.

This limitation motivates our research question:
can human reading behavior better allocate head-
sparse PEFT capacity than model-internal signals
alone? Human reading behavior provides one such
external source: eye movements record how read-
ers distribute processing effort over words during
comprehension. Gaze metrics such as first-pass
dwell, reread counts, and total dwell have been
linked to integration difficulty, reanalysis, and read-
ing goals (Rayner et al., 2000; Kaakinen et al.,
2002; Warren et al., 2009). Recent work further
shows that reading behavior depends on task goals,
context, and structural integration rather than on a
single universal attention pattern (Oh et al., 2024;
Bolliger et al., 2025; Hadar et al., 2026). We there-
fore use gaze not as evidence of cognitive equiv-
alence between humans and LLMs, but as behav-
ioral evidence of processing effort under matched
reading conditions.

We propose SIGHT, Sparse Identification of
Gaze-aligned Heads for Tuning, a head selector
that uses human gaze to allocate head-sparse PEFT
capacity. SIGHT uses two reading orders: question-
first reading reflects goal-directed evidence search,
while passage-first reading reflects general passage
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comprehension. For each head, SIGHT separately
computes a question-first and a passage-first gaze-
attention alignment score by comparing passage-
word attention with the corresponding gaze metrics.
It then fuses the two condition scores with a layer-
wise gate calibrated only on gaze data and ranks
heads before downstream PEFT.

Across three Qwen3-based backbones, two
PEFT operators, and four reasoning/syntax bench-
marks, updating only the top 10% SIGHT-selected
heads generally outperforms gaze-free sparse head
selectors and matches or exceeds all-head PEFT
references in most settings. Deletion and ablation
analyses show that SIGHT-selected heads carry
predictive support before head-sparse PEFT and
that the gains depend on condition-matched gaze-
attention alignment rather than head-sparse PEFT
alone. These results suggest that human reading
signals can serve as an external criterion to allocate
sparse adaptation capacity.

Our contributions are as follows.

* We frame head-sparse PEFT as an allocation
problem and propose human reading behavior as an
external selection signal complementary to model-
internal head-importance scores.

* We introduce SIGHT, which ranks heads by
condition-matched gaze-attention alignment from
two reading orders, using a layer-wise fusion gate
calibrated only on gaze data.

e We evaluate SIGHT across three Qwen3
backbones, two head-sparse PEFT operators, and
four reasoning/syntax benchmarks, with deletion,
condition-mismatch, gaze-shuffling, and surface-
control analyses testing the role of matched human-
reading signals.

2 Related Work

2.1 Human Reading Signals and Model
Behavior

Recent NLP work increasingly uses human reading
behavior as a behavioral signal to compare humans
and language models, rather than only as psycholin-
guistic evidence (Hollenstein et al., 2020). This
direction has been strengthened by eye-tracking
datasets that move beyond natural reading to task-
oriented settings such as reading comprehension,
machine-generated text reading, and information
seeking (Hollenstein et al., 2020; Ribeiro et al.,
2024; Bolliger et al., 2025; Hadar et al., 2026).
These resources make it possible to test whether
model-derived quantities align with human pro-

cessing effort under different reading goals and
comprehension demands.

Previous work shows that such model-human
alignment is conditional. The relation between
model predictions and gaze measures varies with
lexical frequency, information-seeking goals, and
structural integration demands (Oh et al., 2024;
Clark et al., 2025; Gruteke Klein et al., 2024;
Bianchi et al., 2025). Other studies use gaze as su-
pervision or guidance for downstream systems, in-
cluding code summarization, response reward mod-
eling, and chart understanding (Zhang et al., 2024;
Loépez-Cardona et al., 2025; Rekimoto, 2025). Re-
cent vision-language work uses gaze in different
roles: Gaze-VLM (Pani and Yang, 2025) regular-
izes visual attention during task training, whereas
GazeVLM (Mathew et al., 2026) treats gaze-target
and gaze-object understanding as downstream pre-
diction tasks. These findings suggest that gaze can
provide behavioral information not fully captured
by text labels or model-internal scores. In contrast
to these approaches and work that trains models
to imitate gaze or uses gaze as an auxiliary loss,
we use reading gaze only as a pre-PEFT selection
signal for ranking attention heads in a text-only
LLM.

2.2 Head Localization and PEFT

Work on attention heads has shown that heads
differ substantially in function and importance.
Some heads track positional, syntactic, or task-
relevant patterns, while many can be pruned with
limited immediate performance loss (Michel et al.,
2019; Voita et al., 2019). This has motivated a
range of methods to rank or localize important
heads. Early work often relied on attention mag-
nitude or pruning sensitivity, but the debate on
attention-explanation cautions against treating at-
tention weights alone as causal evidence (Jain and
Wallace, 2019; Serrano and Smith, 2019; Wiegr-
effe and Pinter, 2019). Later methods therefore
use stronger model-internal signals, including rele-
vance propagation (Chefer et al., 2021), relevance
patching (Jafari et al., 2025), causal interventions
and head gating (Arora et al., 2024; Nam et al.,
2025), and sparse feature circuits (Marks et al.,
2025). These methods make head-level analysis
more precise, but they primarily estimate which
components matter for the behavior of a frozen
model.

Head-sparse PEFT turns this analysis problem
into an allocation problem. PEFT methods such
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1. Human reading conditions
and gaze signals

2. Condition-matched LLM
forward passes

3. Human-reading alignment
scoring

4. Layer-adaptive fusion
and head ranking
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Figure 1: Overview of SIGHT. The method uses two reading conditions, extracts condition-matched attention
vectors, scores heads by word-level gaze-attention alignment, and uses an offline-calibrated layer-wise gating

module to rank heads for head-sparse PEFT.

as adapters (Houlsby et al., 2019), prompt tuning
(Lester et al., 2021), LoRA and its variants (Hu
et al., 2022; Hayou et al., 2024; Albert et al., 2025),
and (IA)? (Liu et al., 2022) reduce adaptation cost
by restricting trainable parameters. When PEFT is
applied only to selected attention heads, one must
decide not only how to adapt the model, but where
to place the limited trainable capacity (Michel et al.,
2019; Chen et al., 2025). Existing head-sparse
PEFT selectors typically answer this question by
reusing model-internal importance signals, such as
attention magnitude, pruning sensitivity, relevance
scores, or causal effects (Michel et al., 2019; Voita
et al., 2019; Chefer et al., 2021; Arora et al., 2024;
Nam et al., 2025).

This reuse of internal importance scores assumes
that a head’s current contribution to the frozen
model is a reliable proxy for its usefulness as an
adaptation target. We argue that the two properties
are related but not identical. A head may strongly
affect a frozen prediction while offering little use-
ful capacity for downstream adaptation, whereas
another head may better match the behavioral de-
mands of the target task. SIGHT addresses this gap
by complementing model-internal importance with
an external behavioral signal: condition-matched
human reading behavior.

3 Method

As shown in Figure 1, SIGHT takes LLM atten-
tion patterns and eye-tracking data from the same
reading-comprehension items as input, and returns
a ranking over attention heads. The resulting rank-

ing is used for head-sparse PEFT.

3.1 Eye-Tracking Data

We use the reading-comprehension eye-tracking
dataset of Zou et al. (2023), which contains 800
high-school-level English multiple-choice items
adapted from RACE (Lai et al., 2017). Each item
contains a passage, a question, and four answer
options, exactly one of which is correct. Eye move-
ments were collected from 25 participants under
two reading orders: question-first and passage-first.
These orders induce different reading goals, allow-
ing SIGHT to derive gaze-attention alignment sig-
nals for evidence search and general passage com-
prehension.

For each passage word, we average each gaze
metric across participants within the same read-
ing order, yielding word-level first-pass dwell (FP),
reread count (RR), and total dwell (TD) measures
for each item and condition. In the question-first
(QF) condition, the reader knows the question be-
fore reading the passage; SIGHT therefore uses RR
and TD to capture rereading and cumulative pro-
cessing during evidence search. In the passage-first
(PF) condition, the reader processes the passage
before seeing the question; SIGHT uses FP and TD
to capture early processing and cumulative alloca-
tion during general comprehension. These pairings
follow standard eye-movement measures of early
processing, rereading, and cumulative allocation
(Rayner, 1998; Warren et al., 2009).
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3.2 Condition-matched Gaze-attention
Alignment

Let M denote the LLLM and let z index a reading-
comprehension item. For question-first reading,
the model input is [Q., P, O], where @, is the
question, P, is the passage, and O, contains the an-
swer options. For passage-first reading, the model
input is [P;] alone. These settings correspond to
two different comprehension processes in human
reading.

Given the input for the reading condition ¢ €
{QF,PF}, a forward pass through M yields the
head-specific attention tensor:

L,h,M 1L,h,M
(K" (o7

ALM () = softmax z
” ( Vi

(1
where [ indexes layers, h indexes heads, and dj, is
the head dimension. We write AIZ}; ,s(c) for the
attention weight from target token ¢ to the source
token s. To align token-level attention with word-
level gaze metrics, we aggregate attention over pas-
sage words by summing attention mass over source
subword tokens.

For the question-first condition, SIGHT extracts
predicted-option-to-passage attention, where the
target side is the model-predicted answer option.
Let 0, be the model-argmax option for item z, and
let O, denote its option token positions in the input

prompt. Using word-level attention AZ t Hl(QF)
the question-first attention vector is then obtained
by averaging over the predicted-option tokens:

Nz

th

alhM(QF) = |—— ST A QR |

‘OZ| tEOz i=1

2)
where nz is the number of passage words. This
vector a5 (QF) reflects the passage words that
are accessed when the model evaluates the selected
answer.

For the passage-first condition, SIGHT extracts
later-to-earlier passage attention. Let R ; contain
the passage token positions that occur after the ¢-th
passage word. Using the same word-level attention

~LhM . .
AL (PF), the passage-first attention vector is

Nz

th
Z Azt—n )

tG’RZ i

th(PF

=1

3)

where the final position is excluded from the sub-
sequent Spearman correlation calculation within
the item because R, ,,, = &. And al™M (PF) cap-
tures which earlier passage words are re-accessed
by later passage context during passage-level inte-
gration.

For the gaze metric m € {FP,RR, TD} and the
reading condition ¢ € {QF, PF}, let Z. denote the
set of reading comprehension test items in condi-
tion ¢, and g, (¢, m) denote the vector of word-level
gaze metrics for item z. The gaze-attention align-
ment score is the average within-item Spearman
rank correlation between model attention and hu-
man gaze metrics.

Sl,h,M(

ps (a1 (0), g, (c;m) )
“
where p;(-, -) denotes Spearman rank correlation.
Following Section 3.1, the question-first score
averages the reread count and total dwell:

ZEZ

SLRM(QF, RR) + SHM(QF, TD)

2
)
And the passage-first score averages the first-
pass dwell and total dwell:

QFl’h’M —

SLM(PE FP) +

SLhM(PF, TD)
5 :

(6)
SIGHT fuses the two condition-specific scores
with an offline-calibrated layer-wise gate:

SIGHT""M = 5 QF-"M 4 (1 — ) PFHMM
m=o(B)- (7

pELM _

Here, (; is an unconstrained layer parameter, o
maps it to [0, 1], and a larger 7; gives more weight
to the question-first score. We learn 1; offline using
only gaze-attention alignment scores. Specifically,
we randomly sample 30% of the gaze-scoring items
as a gate-calibration subset and optimize the layer-
wise QF/PF mixture on this subset, with a small
smoothness regularizer across adjacent layers. Af-
ter calibration, the gate is fixed for downstream
head-sparse PEFT, and the heads are ranked by
their calibrated SIGHT""** scores. Full calibra-
tion details are provided in Appendix A.

3.3 Head-sparse PEFT with Selected Heads

Given a head rank, we select the top k percent of
heads and denote the set by Hy,. Head-sparse PEFT
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Role Dataset #Tune / Rank  #Test
Head-sparse PEFT  UltraChat 207,865 /
Eval MMLU 99,842 14,042
Eval CSQA 9,741 1,221
Eval BLiMP 33,500 33,500
Eval BB Syn. 143 143

Table 1: Dataset sample counts used in our experiments.

operators are attached only to the attention heads
in Hj,. We instantiate SIGHT with two head-sparse
PEFT operators, Low-Rank Adaptation (LoRA, Hu
et al., 2022) and Infused Adapter by Inhibiting and
Amplifying Inner Activations ((IA)3, Liu et al.,
2022). LoRA adds low-rank update modules to
the query, key, value, and output projection slices
of selected heads, and (IA)? learns multiplicative
rescaling vectors for the activations associated with
selected heads. Across both operators, SIGHT uses
the selected head set Hy. Implementation details
about head-to-slice mapping are provided in Ap-
pendix B. This construction makes SIGHT a se-
lector for head-sparse PEFT rather than a gaze-
supervised training objective.

4 Experimental Setup

4.1 Models, Datasets, and Baselines

We use Qwen3-8B, Qwen3-4B, and Qwen3-1.7B
(Yang et al., 2025) as the main backbones. Ul-
traChat (Ding et al., 2023) is used for instruction
tuning, and evaluation covers two reasoning bench-
marks, MMLU (Hendrycks et al., 2021a,b) and
CommonsenseQA (CSQA; Talmor et al., 2019),
and two syntax benchmarks, BLIMP (Warstadt
et al., 2020) and a syntax subset of BIG-Bench
tasks (BB Syn.; Srivastava et al., 2023).

Table 1 reports the sample counts actually used
in our experiments: for UltraChat, #Tune/Rank
denotes instruction-tuning examples; for evaluation
datasets, it denotes examples used for head ranking,
while #Test denotes examples used only for final
evaluation. CSQA is evaluated on its validation
split because official test labels are unavailable. For
BLiMP and BB Syn., which lack official training
splits, we split the labeled set into disjoint ranking
and evaluation halves.

We compare SIGHT with seven head-selection
baselines: Causal Head Gating (CHG; Nam et al.,
2025), Layer-wise Relevance Propagation (LRP;
Chefer et al., 2021; Jafari et al., 2025), Atten-
tion Localization and Pruning Strategy (ALPS;
Chen et al., 2025), Layer Consistency selection
(LC), Magnitude, Random, and LayerMatched-

Tuning family ~ Trainable unit Main hyperpa- LR  Epoch
rameters
LoRA Q/K/V/O head slices rank 8 241
0, cad slices alpha 16 C-
1A3 selected-head K/V scalle. vectors 8e-4 1
init 1.0

Table 2: Hyperparameters for head-sparse PEFT opera-
tors.

Random (LM-Random). CHG, LRP, and ALPS use
each evaluation dataset’s #Tune/Rank split to com-
pute head rankings. LC selects heads with a uni-
form layer-wise budget, Magnitude uses passage-
word attention mass, Random samples heads uni-
formly from all head, and LM-Random controls
for SIGHT’s layer distribution by sampling within
the same layer-wise budget.

4.2 Head-sparse PEFT and Evaluation

Unless otherwise stated, all head-sparse PEFT
methods select the top 10% of attention heads, fol-
lowing prior work that reports a strong efficiency-
performance trade-off at this budget (Chen et al.,
2025). To isolate the effect of head ranking, all
head-sparse PEFT methods use the same training
data, backbone, budget, and optimization settings.
For each head-sparse PEFT operator, we also in-
clude an all-head reference under the same training
configuration. Table 2 summarizes the trainable
units and operator-specific hyperparameters; all
runs use a per-device batch size of 2 and a max-
imum sequence length of 1024. Further details
on hyperparameter search, budget matching, and
parameter scale are provided in Appendix C.

We evaluate all models with log-probability scor-
ing, without task-specific classifiers, in a zero-
shot inference setting with no in-context demon-
strations or task-specific exemplars. For MMLU
and CSQA, each candidate option y; is scored by
length-normalized conditional log probability un-
der the evaluation prompt x:

|y;]

score(y; | ) = vl Zlogp(yj,t |2, Yj<t) -
Il =1
@)

The predicted answer is the option with the highest
normalized score. For BLiIMP, we use minimal-pair
acceptability: an example is correct when the gram-
matical sentence has higher log probability than the
ungrammatical one, i.e., Aprivp = 108 P(Sgood |
x) —log p(spad | ©) > 0. For BB Syn., an instance
is correct only when every gold answer in the se-
quence receives the highest log probability among
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Model MMLU CSQA BLiMP BB Syn.
Qwen3-8B 7159 8026 7658 39.51
SIGHT-LoRA 10% 76137 84477  81.86"  63.03
CHG-LoRA 10% 7348 8174  79.40 37.20
LRP-LoRA 10% 73.61 8296  76.88 58.18
ALPS-LoRA 10% 7468 8295  80.23 61.47
LC-LoRA 10% 7452 8246 7921 57.63
Magnitude-LoRA 10% 73.09 8133  78.94 5434
Random-LoRA 10% 7440  82.88  78.64 56.98
LM-Random-LoRA 10%  74.62  83.05  78.81 57.23
All-head LoORA 7453 8198  79.20 61.47

Table 3: Downstream accuracy under LoRA with differ-
ent head-selection strategies on Qwen3-8B. Bold indi-
cates the best mean score in each column.  indicates
that SIGHT is significantly better than every comparator
in the same column under the test defined in Section 4.3.

its candidates. Prompt templates and licenses are
provided in Appendix D.

4.3 Statistical Test

We report mean accuracy over five training seeds.
For Random and LM-Random, each seed-level
score averages 10 sampled head sets. We test sig-
nificance with a paired hierarchical bootstrap using
10,000 resamples over training seeds and evalua-
tion examples, preserving paired predictions be-
tween SIGHT and each comparator and resampling
random head sets within each seed. We apply Holm
correction across all pairwise comparisons within
each column. A dagger indicates that SIGHT is
significantly better than every comparator in that
column with Holm-corrected p < 0.05.

5 Results

The results show that human gaze metrics provide a
useful head-selection signal for head-sparse PEFT.
We first compare SIGHT with other head selec-
tors under LoRA and (IA)3, and use deletion and
ablations to examine functional support and gaze-
attention alignment.

5.1 Head-sparse PEFT

Table 3 compares head-selection strategies under
LoRA with a fixed 10% head budget on Qwen3-
8B. SIGHT achieves the best accuracy on all
four benchmarks, outperforming the strongest non-
SIGHT sparse selector by 1.45 points on MMLU,
1.42 on CSQA, 1.63 on BLiMP, and 1.56 on BB
Syn. This indicates that SIGHT provides a sig-
nal beyond model-internal sparse-selection crite-
ria. Since LM-Random controls for SIGHT’s layer-
wise selection distribution, SIGHT’s gains cannot
be explained solely by favorable layer choices. In-

Backbone Operator ~ Setting MMLU CSQA BLiMP BB Syn.

- Base 7159 8026  76.58 39.51

LoRA SIGHT 10% 76137 84477 81.86"  63.03

Qwen3-8B All-head 7453 8198  79.20 61.47
(AP SIGHT 10%  74.657 82417 7594 57.28"

All-head 7286  81.12 7871 54.21

- Base 7133 7754 80.17 29.65

LoRA SIGHT 10%  74.02F 79147  81.34" 54711

Qwen3-4B © All-head 7345 7832 79.65 52.32
Ay SIGHT 10% 76417  83.97"  80.957  49.38'

All-head 73.41 82.04  79.05 47.20

- Base 53.51 6833 7452 16.25

LoRA SIGHT 10% 5533  74.64' 76.68"  16.93

Qwen3-1.7B All-head 5267 7225 7542 15.27
1Ay SIGHT 10% 5342  73.05'  76.027  16.62°

All-head 5410 7158  74.88 15.84

Table 4: Cross-backbone and cross-operator compari-
son of SIGHT-selected head-sparse PEFT and all-head
PEFT references. Bold indicates the better result be-
tween SIGHT-selected 10% head-sparse PEFT and the
corresponding all-head PEFT reference under the same
backbone, PEFT operator, and task. t indicates that
SIGHT is significantly better than the corresponding
all-head PEFT reference, with significance testing de-
scribed in Section 4.3.

stead, they point to the value of gaze-based within-
layer ranking. SIGHT also slightly outperforms
all-head LoRA while updating only 10% of heads,
suggesting that targeted allocation can partly offset
a much smaller trainable-head budget.

Table 4 extends the comparison across Qwen3
backbones and head-sparse PEFT operators. For
each backbone and operator, we compare SIGHT-
selected 10% head-sparse PEFT with the corre-
sponding all-head reference under the same task
and training configuration. The Qwen3-8B LoRA
rows are repeated from Table 3 for completeness,
and bold numbers mark the better result within
each SIGHT-all-head pair.

Across three backbones and two PEFT opera-
tors, SIGHT remains competitive with and, in most
cases, outperforms the corresponding all-head ref-
erence. This suggests that gaze-attention alignment
is a reusable criterion for allocating head-sparse
PEFT capacity across model scales and operators.
Full selector comparisons for smaller Qwen3 back-
bones and (IA)3 are reported in Appendix E.

5.2 Functional Deletion Evidence

We next test whether SIGHT-selected heads pro-
vide target support before head-sparse PEFT. At
deletion ratio ¢, heads are masked according to
each ranking and the target support L, is recom-
puted. For MMLU and CSQA, L, is the length-
normalized log probability of the gold option; for
BLiMP, it is the grammaticality margin from Sec-
tion 4.2; and for BB Syn., it is the aggregate log-
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a. Head Deletion Effect

b. Question/Passage-first Score
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Figure 2: Functional effects and layer-wise structure of SIGHT. Panel a shows target log-probability changes
after deleting heads according to representative rankings. Panel b shows layer-wise question-first and passage-first
gaze-attention scores. Panel c shows the learned layer-wise fusion weights 7.

probability support over the required answer po-
sitions. A sharper decline in L, — Lg indicates
that the deleted heads carry more predictive sup-
port. We report the Qwen3-8B analysis and plot
the five selectors with the highest average accuracy
in Table 3: SIGHT, ALPS, LM-Random, LRP, and
LC.

Figure 2a shows that, when heads are deleted
from highest to lowest according to each selector’s
ranking, SIGHT-ranked heads cause the steepest
and most consistent degradation across reasoning
and syntax benchmarks. This suggests that SIGHT-
selected heads already carry stronger target support
in the base model before head-sparse PEFT. The
comparison with LM-Random is especially infor-
mative because it preserves SIGHT’s layer-wise se-
lection distribution while randomizing heads within
each layer. The larger degradation from SIGHT
therefore attributes the effect to SIGHT’s within-
layer head ranking rather than to favorable layer
selection, although head deletion may also induce
non-specific distributional damage, as discussed in
Appendix F.

Figures 2b and 2c illustrate how SIGHT forms
the fused ranking. Passage-first scores dominate
more in early layers, whereas question-first scores
become more prominent in later layers. The
learned fusion weights 7; adapt to this layer-wise
shift, allowing SIGHT to combine passage-level in-
tegration and goal-directed evidence access rather
than using a fixed average.

5.3 Ablations and Surface Confound Controls

Ablation. We use ablations to test whether
SIGHT’s gains come from condition-matched hu-

Variant Ablation type MMLU CSQA BLiMP BB Syn.
Full SIGHT ~ none 7613"  84.47"  81.86¢"  63.03
QF-only condition 74.13 82.95 79.42 57.88
PF-only condition 73.55 82.23 79.12 59.16
Swapped condition mismatch ~ 73.62 81.96 78.91 55.74
LastPos condition mismatch 74.32 82.61 79.63 55.81
SelfAttn condition mismatch 73.91 82.03 79.54 52.33
NoTD gaze metric 73.81 82.02 79.03 57.21
Shuffled gaze  gaze alignment 73.11 81.54 78.32 51.16

Table 5: Ablations under the LoRA instantiation. Full
SIGHT uses matched question-first and passage-first
gaze-attention alignment scores. Bold indicates the bet-
ter result in each column, and T indicates that SIGHT is
significantly better than every other compared method.

man reading signals rather than from head-sparse
PEFT alone. Since LoRA gives the clearest and
most controllable setting in Table 4, all ablations
use SIGHT-LoRA with a 10% head budget. Table 5
reports the main Qwen3-8B results, with Qwen3-
4B and Qwen3-1.7B results in Appendix G.

We compare Full SIGHT with three groups of
variants. QF-only and PF-only keep only one
reading condition, testing whether the two condi-
tions are complementary. Swapped, LastPos, and
SelfAttn disrupt condition matching: Swapped ex-
changes the QF/PF gaze-attention pairing; LastPos
keeps the question-first input but replaces predicted-
option-to-passage attention with attention from the
final prompt position to passage words; SelfAttn
keeps the passage-first input but replaces later-to-
earlier attention with passage-level self-attention
averaged over passage token positions. No TD re-
moves total dwell time, and Shuffled gaze randomly
permutes word-level gaze values while preserving
their marginal distribution.

Table 5 shows that Full SIGHT performs best
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Two-axis profile of Qwen3 variants
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Figure 3: Reading-alignment profile of Qwen3-based
variants. The x-axis reports passage-first gaze alignment,
and the y-axis reports question-first gaze alignment.

across all datasets. QF-only and PF-only both de-
grade performance, while same-metric controls in
Appendix Table 5 indicate that both reading regime
and condition-matched metric choice contribute.
These variants and No TD also produce substan-
tially different selected head sets from Full SIGHT.
Performance drops when condition matching is dis-
rupted, especially on BB Syn. Finally, Shuffled
gaze performs worse than Full SIGHT, suggesting
that the gains are not explained by head-sparse
PEFT alone, attention mass, or marginal gaze
statistics. Overall, the ablations support condition-
matched word-level alignment as the main source
of SIGHT’s advantage.

Surface Confound Controls. We test whether
SIGHT mainly reflects shallow lexical or positional
confounds. We recompute gaze-head alignment af-
ter residualizing gaze values with respect to word
position, word length, frequency, punctuation, and
sentence-boundary indicators. The controlled rank-
ing slightly reduces performance relative to Full
SIGHT but still outperforms the strongest gaze-free
baselines, suggesting that SIGHT’s signal is not re-
ducible to these surface factors. Detailed results
are reported in Appendix Table 6 and Appendix H.

6 Diagnostic Analysis

Beyond evaluating SIGHT as a head selector, we
next test whether the same two-axis gaze-alignment
space can diagnose several model variants modified
by syntax supervision, retrieval augmentation, and

vision-language continued training. For model M,
we aggregate the two condition scores over layers
and heads:

QF (M) = mean, j, QF-"M

PF(M) = mean; ;, PF"M ®

The pair [PF (M), QF (M)] maps a model into
a shared reading-alignment space, where the two
axes measure passage-first and question-first align-
ment, respectively.

We use Qwen3-8B as the base model (Yang
et al., 2025). Base-GTCA adds a gated tree cross-
attention (GTCA) branch that reads cached con-
stituency chunk memory (Gao et al., 2026). We
then construct three variants that modify Base-
GTCA along different dimensions: Base-GTCA-
Syntax adds a lightweight BIO chunking head
trained on CoNLL 2000 (Tjong Kim Sang and
Buchholz, 2000); Base-GTCA-RAG keeps Base-
GTCA fixed and adds a generated evidence snippet
at inference time; and Base-VL-GTCA attaches
GTCA to Base-VL-Thinking (Bai et al., 2025) and
continues training on UAIT (Ling and Ding, 2026).
Details of the RAG prompt, generator, and VL
model are provided in Appendix I.

Figure 3 places each variant in this two-axis
alignment space: question-first alignment captures
goal-directed evidence use, while passage-first
alignment captures passage-level understanding.
Across both goal-directed and passage-level read-
ing tasks, attention signals from all four models
achieve correlations above 0.45 with human read-
ing times and consistently outperform those from
the base Qwen3 model. Base-GTCA moves away
from the base model, with Base-GTCA-RAG shift-
ing mainly upward and Base-GTCA-Syntax mainly
rightward, suggesting that generated evidence and
chunk supervision affect distinct reading-profile
dimensions. Base-VL-GTCA lies between these
shifts, indicating a different effect from multimodal
pretraining and grounded continued training. Over-
all, added mechanisms change not only task ac-
curacy but also attention allocation over passage
words, making this space a useful secondary diag-
nostic for reading-related behavior.

7 Conclusion

This paper examined whether human reading be-
havior can guide head-sparse PEFT allocation in
LLMs. We introduced SIGHT, a gaze-guided
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head selector that ranks attention heads by align-
ing passage-word attention with word-level gaze
metrics under question-first and passage-first read-
ing, and uses the ranking only to place head-sparse
PEFT modules. Across Qwen3-based models, up-
dating the top 10% SIGHT-selected heads improves
over other sparse selectors and remains competi-
tive with, and often outperforms, all-head PEFT
references on reasoning and syntax benchmarks.
Deletion and ablation analyses indicate that these
gains depend on condition-matched gaze-attention
alignment rather than head sparsity, attention mag-
nitude, or layer-wise selection effects. Additionally,
the word-level attention signals produced by our
models can serve as proxies for reading effort. All
four models proposed in this study predict human
reading times with correlation coefficients above
0.45, consistently outperforming the base Qwen3
model. Overall, SIGHT supports human reading
behavior as an external signal for allocating adapta-
tion capacity, while broader generalization beyond
the studied models and tasks remains future work.

Limitations

SIGHT has several limitations. First, the current
study is limited to reading-centric language under-
standing. The selector is derived from eye-tracking
data collected during reading comprehension, and
the evaluations focus on multiple-choice reason-
ing and syntax benchmarks. The results therefore
do not show whether the same criterion transfers
to tool use and mathematical reasoning. Second,
the method depends on the availability and qual-
ity of gaze data. The current experiments use an
English dataset with two controlled reading or-
ders, and extending SIGHT to other languages, do-
mains, reader populations, and reading interfaces
will require new or adapted resources. Reusing
one backbone-specific ranking amortizes but does
not remove this acquisition cost. Synthetic eye
movements are a promising future direction, but
we have not established whether a gaze generator
preserves the goal-dependent QF/PF differences re-
quired here. Third, SIGHT selects attention heads
rather than finer-grained mechanisms. This gran-
ularity supports head-sparse PEFT, deletion, and
cross-operator transfer, but may miss mechanisms
distributed across MLPs, residual streams, token
representations, or sparse features.

Ethics Statement

We use previously released eye-tracking and bench-
mark datasets and do not collect new human-
subject data. The human reading data used in this
work come from the eye-tracking study of Zou
et al., 2023, Human attention during goal-directed
reading comprehension relies on task optimization.
As reported in the original publication, the experi-
mental procedures were approved by the Research
Ethics Committee of the College of Medicine, Zhe-
jiang University (approval number 2019-047), and
participants provided written consent and were
compensated. Our work is a secondary analysis
of the released data and does not involve recruit-
ing participants, collecting new gaze recordings, or
interacting with human subjects.

The released eye-tracking data have been
anonymized, and our method uses only aggregate
word-level gaze statistics rather than participant-
level traces. We do not attempt to infer individ-
ual traits, abilities, identities, or other sensitive
attributes from gaze behavior. Because gaze traces
can encode behavioral and potentially sensitive in-
formation, we restrict their use to head-selection
analysis and parameter-allocation experiments.
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A Layer-wise Gate Calibration via
Discrete Dynamic Programming

This section describes the calibration procedure for
the layer-wise fusion gate used in SIGHT. The goal
is to select a bounded gate value n; € [0, 1] for
each layer [, where a larger 7; gives more weight
to the question-first score and a smaller 7; gives
more weight to the passage-first score. The sig-
moid parameterization in the main text is used to
emphasize that the gate is bounded; in calibration,
we optimize the bounded gate value 7; directly.
For each layer [, let

qf = {QF"™MYL,,  plf = {PFMMYL,

ey
where H is the number of attention heads in one
layer. The fused score for head h in layer [ is
computed from the question-first and passage-first

alignment scores:

m € [0, 1].
(2

Calibration subset. We randomly sample 30%
of the available gaze-scored items in each read-
ing condition as the gate-calibration subset. Since
passage-first reading was collected for 96 items in
Experiment 4 of Zou et al. (2023), the PF condition
uses these 96 items, whereas the QF condition uses
the full 800-item set. The sampling is stratified by
reading order so that the question-first and passage-
first conditions have the same proportions in the
calibration subset. The remaining 70% of the gaze-
scored items are used to compute the final SIGHT
head scores after the layer-wise gates have been
selected. No downstream task labels, validation
accuracy, deletion performance, or PEFT feedback
are used during gate calibration.

On the calibration subset, we compute condition-
specific head scores qfal and pfal. For each can-
didate value of 7;, we obtain the fused calibration
score vector

sth(m) = ma'y + (1= n)pih

spl(m) = maf™ + (1 — m)pf. (3)

The layer-wise local objective is the average fused
alignment score of the top-scoring heads in layer [:

1
Jilm) = - Z sihm), @)
heTop,y, (s7* (m))

where Top,,, (+) returns the indices of the m highest-
scoring heads within layer [. We set m =
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max(1, [0.1H]), matching the 10% head-sparse
PEFT budget. Thus, the local objective favors the
QF/PF mixture that produces the strongest gaze-
aligned candidate heads in that layer.

Global calibration objective. The layer-wise
gates are selected by optimizing the QF/PF mixture
on the gate-calibration subset while discouraging
unstable layer-to-layer oscillations:

{m}e, = arg max

L
 max [; Ji(m)
L
—py (m— m_1)2] :

=2

&)

The smoothness coefficient is set to © = 0.05. Be-
cause the smoothness term couples adjacent layers,
the gates are not selected independently per layer.

Discrete dynamic programming. We optimize
the constrained gate values on a fixed grid

G ={0,0.05,0.10,...,1.00}. (6)

For every layer [ and every grid value v € G,
we first compute J;(v) using the top-m objective
above. The remaining optimization problem is a
chain-structured discrete maximization, which we
solve exactly by dynamic programming.

Let G = {vy,..., vk} with K = 21. We define

D1(j) = Ji(vy), (7)
andforl =2,... L,

Dy(5) = Ji(vj)

2
+ie{rilll,é.),{K} vi)°]

®)
For each state (I,j), we store the maximizing
predecessor index. After filling the dynamic-
programming table, we select the final-layer grid

value by

[Di-1(i) = p(v;

Jp = argmax D (j), ©

and recover the optimal gate sequence 77, ..., 7]
by backtracking through the stored predecessors.
This procedure gives the exact maximizer of the
discrete calibration objective over the 21-point grid.

Final SIGHT scoring. After calibration, the se-
lected gate sequence is fixed for all downstream
head-sparse PEFT experiments. We then recom-
pute the question-first and passage-first head scores

Backbone Config All-head LORA  10% LoRA  All-head (IA)*  10% (IA)?

Qwen3-8B 97.3M ~9.TM 73.7K ~7.4K

L =36
Ho/Hxv = 32/8

L
Qwen3-4B Ho/Hxv = 32/8 61.9M ~6.2M 73.7K ~7.4K
L =28

Qwen3-1.7B 23.4M ~2.3M 573K ~5.7K

Ho/Hkv =16/8

Appendix Table 1: Approximate trainable PEFT pa-
rameter counts for the head-indexed LoRA and (IA)3
operators. LoRA uses rank » = 8 and o = 16. The
10% columns report proportional budget estimates; in
implementation, K/V parameters are counted once per
unique K/V head induced by the selected query heads.

on the remaining gaze-scored items and obtain the
final fused SIGHT score:

SIGHT"™M = prQFMM 4 (1 — pf ) PEHM,
(10)
Heads are ranked by this final fused score, and the
top-ranked heads are used only to place the head-
sparse PEFT modules.

B Head-To-Slice Mapping Under GQA

Qwen3 backbones use grouped-query attention
(GQA), with Hg query heads and H iy key/value
heads per layer. Let d be the hidden size, dj, be the
attention-head dimension, and g = Hg/Hgy be
the number of query heads sharing one key/value
head. SIGHT ranks query attention heads. For a
selected query head h, the corresponding key/value

head index is
h
sk(h)=|—1|.
=]

LoRA is attached to the query-output slice of
q_proj for head h, the output-input slice of o_proj
for head h, and the key/value slices of k_proj and
v_proj indexed by x(h). When multiple selected
query heads share the same key/value head, the
K/V LoRA modules are instantiated only once and
shared by all selected query heads in that GQA
group. The same convention is used for (IA)3:
selected query heads induce a set of unique K/V
heads, and one pair of K/V scale vectors is learned
for each unique induced K/V head.

(11)

C Hyperparameter Search, Budget and
Parameter Scale

Hyperparameter search. The all-head PEFT
rows are same-recipe references rather than ex-
haustively tuned upper bounds. To check that the
comparison was not driven by a clearly poor all-
head recipe, we performed a small hyperparameter
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search around the settings in Table 2. For LoRA,
we searched learning rates in {le—4, 2e—4, 4de—4}
with rank 8 and a = 16. For (IA)3, we searched
learning rates in {4e—4, 8e—4, 1.6e—3} with scale
vectors initialized to 1.0. In both cases, we con-
sidered one or two training epochs and selected
recipes using UltraChat validation loss rather than
downstream evaluation accuracy. The final re-
ported all-head references use the same training
data, optimizer, evaluation protocol, and selected
recipe as the corresponding head-sparse runs, so
they should be interpreted as matched-recipe ref-
erences rather than separately optimized upper
bounds.

Compute Budget and Software Versions. Train-
ing was implemented in PyTorch using Distributed-
DataParallel (DDP) across 8 GPUs per run. The to-
tal compute budget was approximately 3000 GPU-
hours, including gaze-based head scoring, head-
sparse PEFT training, ablations, and evaluation.
For the reported PEFT training runs, we used bf16
mixed precision and the AdamW optimizer.

The main backbone models were Qwen3-8B,
Qwen3-4B, and Qwen3-1.7B, with approximately
8.2B, 4.0B, and 1.7B parameters, respectively. Rel-
evant software versions were CUDA 12.8, cuDNN
9.10.2, PyTorch 2.8, NCCL 2.27.3.

Parameter counting. Let S; be the set of se-
lected query heads in layer [, and let U; = {k(h) :
h € 8;} be the induced set of unique K/V heads.
With LoRA rank r, the number of trainable head-
indexed LoRA parameters is

L
Niora = 2r(d+dp) > (IS + 4]),  (12)
=1

where the two terms correspond to Q/O slices and
K/V slices, respectively. For (IA)3, which learns
K/V scale vectors, the number of trainable parame-
ters is

L
Naays = 2dp, » U] (13)
=1

For all-head references, S; contains all Hg query
heads and U/, contains all Hgy key/value heads in
every layer. Under the 10% head-sparse budget,
the exact parameter count depends slightly on how
many unique K/V heads are induced by the selected
query heads; shared K/V heads are always counted
once. The resulting trainable parameter counts are
summarized in Appendix Table 1.

D Prompt Templates, Licenses and Terms
of Use

All evaluations use log-probability scoring without
demonstrations. The following templates define the
context x used by the scorer. Candidate answers
are scored as continuations of the corresponding
prompt, and the candidate with the highest length-
normalized log probability is selected.

MMLU.

Question: {question}
A. {option_a}

B. {option_b}

C. {option_c}

D. {option_d}
Answer:

The candidate continuations are the option labels A,
B, C, and D followed by the corresponding option
text.

CSQA.

Question: {question}
A. {choice_a}

B. {choice_b}

C. {choice_c}

D. {choice_d}

E. {choice_e}
Answer:

The candidate continuations are the five answer
choices. Scores are length-normalized to avoid
favoring shorter choices.

BLiMP.

Sentence:

For each minimal pair, the acceptable sentence and
the unacceptable sentence are scored as alternative
continuations after the same prefix. The prediction
is correct when log p(sg00d | ) > log p(sbad | ).

BB Syn.
Complete the following syntactic judgment
task.
Input: {input_text}
Candidates: {candidate_set}
Answer:

For tasks with multiple answer positions, an ex-
ample is counted as correct only when each gold
continuation has the highest log probability among
the candidates for that position.
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Model MMLU CSQA BLiMP BB Syn. Model MMLU CSQA BLiMP BB Syn.
Qwen3-8B 7159 8026 7658 3951 Qwen3-8B 7159 8026  76.58 39.51
SIGHT-LoRA 10% 76137  84.477  81.86"  63.03" SIGHT-(IA)? 10% 74657 82417 7594 57.28"
CHG-LoRA 10% 7348 8174  79.40 3720 CHG-(IA)® 10% 7252 8164 7621 075
LRP-LoRA 10% 73.61 82.96 76.88 58.18 LRP-(IA)® 10% 72.91 82.18 76.54 53.46
ALPS-LoRA 10% 74.68 82.95 80.23 61.47 ALPS—(IA)3 10% 73.16 82.25 76.72 55.91
I%AC'L‘?RQ* ‘BV;A 0% ;ggg gf‘s‘g 335}1 gz-gi LC-(IA)® 10% 7284 8172 7638 5274
agnitude-Lo ¢ : : : : Magnitude-(IA)* 10% 7244 8092 7633 49.11
Random-LoRA 10% 7440 82838 7864 5698 3
! Random-(IA) 10% 72.88 8147 7626  51.62
LM-Random-LoRA 10%  74.62  83.05 7881 57.23 5 3
All-head LoRA 7453 8198 7920 6147 LM-Random-(IA)° 10%  73.02 8195 7631 52.88
All-head (IA) 7286  81.12 7871 54.21
Qwen3-4B 7133 7754 80.17  29.65
SIGHT-LoRA 10% 74020 79.04' 8134 sa7tt Quen3-4B 7133 7754 BOAT o 29.65
LRP-LoRA 10% 73.18 7862  80.12 48.26 CHG-(IA)” 10% 73.66 82.21 79.63 46.12
ALPS-LoRA 10% 7352 7874  80.88 5247 LRP-(IA)* 10% 7408 8296  79.84 4574
LC-LoRA 10% 7331 7848  80.56 4891 ALPS-(IA)* 10% 7435  83.18  80.06  43.54
Magnitude-LoRA 10% 7264 7795 8034  51.06 LC-(IA)? 10% 7392 8275  79.68  43.48
Random-LoRA 10% 7281 7820 7992 5173 Magnitude-(IA)? 10% 7322 8145 7928  46.03
LM-Random-LoRA 10%  73.28 78.55 80.22 51.84 Random-(IA)® 10% 73.74 82.58 79.51 46.16
All-head LoRA 7345 7832 79.65 52.32 LM-Random-(IA)® 10%  74.02  82.80  79.66 45.78
Qwen3-1.7B 5351 6833  74.52 16.25 All-head (1A)° 7341 82.04  79.05 47.20
SIGHT-LoRA 10% 55.331 74.64" 76.68" 16.93 Qwen3-1.7B 53.51 68.33 74.52 16.25
CHG-LoRA 10% 5439 7218 7552 1591 SIGHT-(IA)* 10% 342 73.050  76.020  16.621
LRP-LoRA 10% 5462 7334 7595 16.38 3
CHG-(A)® 10% 5291  71.84 7531 15.98
ALPS-LoRA 10% 5488 7376  176.10 16.51 A
LC-LoRA 10% 5470 7342 7578 1624 LRP-(IA)” 10% 307 7236 75,58 1624
Magnitude-LoRA 10% 5411 7196 7523 1576 ALPS-(IA)” 10% 5328 7268 7575 1639
Random-LoRA 10% 5476 7358 7574 16.12 LC-(A)" 10% 5304 7218 7535 16.05
LM-Random-LoRA 10% 5482  73.61  75.86 16.18 Magnitude-(IA)” 10% 5276 7129 75.05 15.66
All-head LoRA 5267 7225 7542 1527 Random-(IA)® 10% 5298 7205 @ 75.22 1591
LM-Random-(IA)® 10%  53.08 7222 7534 16.02
All-head (IA)? 5410 7158  74.88 15.84

Appendix Table 2: Full LoRA selector comparison
across Qwen3 backbones. The Qwen3-8B block
matches Table 3; additional rows for smaller backbones
are included for completeness. Bold indicates the best
mean score in each column within each backbone block,
and ' denotes significance as defined in Section 4.3.

Artifact Licenses and Terms of Use. We used
publicly available benchmark datasets, pretrained
checkpoints, and released eye-tracking data, and
followed their original licenses, recommended ci-
tations, and terms of use. The Qwen3-8B, Qwen3-
4B, and Qwen3-1.7B checkpoints (Yang et al.,
2025) are used under the Apache-2.0 license.

The benchmark and head-sparse PEFT datasets
are used under their respective public terms. Specif-
ically, UltraChat (Ding et al., 2023) and Common-
senseQA (Talmor et al., 2019) are used under the
MIT license, BLiMP (Warstadt et al., 2020) un-
der CC-BY, BIG-Bench (Srivastava et al., 2023)
under Apache-2.0, and RACE-derived reading-
comprehension materials for non-commercial re-
search use. MMLU (Hendrycks et al., 2021b,a)
and the eye-tracking dataset of Zou et al. (2023)
are used according to their original public distribu-
tion terms and access conditions.

We do not redistribute the content of the dataset,
individual-level gaze records, or pretrained model
weights. Any derived models produced in this work
are intended solely as research prototypes for con-

Appendix Table 3: Full (IA)3 selector comparison
across Qwen3 backbones. The SIGHT and all-head
rows match Table 4; additional selector rows are in-
cluded for completeness. Bold indicates the best mean
score in each column within each backbone block, and
T denotes significance as defined in Section 4.3.

trolled evaluation, consistent with the access condi-
tions of the underlying resources.

E Full Selector Comparisons

This section reports the full results. The LoRA
results are reported in Appendix Table 2, and the
(IA)3 results are reported in Appendix Table 3. Val-
ues in both tables are means over five training seeds,
for Random, the values additionally average over
ten independently sampled head sets. Bold num-
bers mark the best result within each backbone and
head-sparse PEFT operator block.

Appendix Table 3 gives the corresponding (IA)?
comparison under the same backbone order and
evaluation metrics.

F Deletion Selectivity and Non-Specific
Distributional Damage

The deletion curves in Section 5.2 are intended
as functional evidence rather than causal proof.
Deleting attention heads can degrade the model
for two reasons: the removed heads may provide
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target-relevant support, or the intervention may sim-
ply induce non-specific distributional damage. We
therefore conduct additional qualitative selectivity
checks.

First, for multiple-choice tasks, we compare the
change in the gold-option score with the change
in the decision margin between the gold option
and the strongest competing option. The same
qualitative pattern holds under the margin-based
view: deleting SIGHT-ranked heads reduces the
model’s preference for the correct candidate more
strongly than deleting heads selected by random,
layer-matched random, and most model-internal
selectors. This suggests that the observed drop
is not merely a uniform decrease in all candidate
scores.

Second, we inspect the candidate-level output
distribution before and after head deletion. If the
SIGHT curve were explained only by generic dis-
ruption, we would expect SIGHT deletion to pro-
duce a uniformly larger distributional shift across
all answer candidates. Instead, the degradation
is concentrated in the target-support and decision-
margin quantities used by the evaluation. This in-
dicates that SIGHT-ranked heads are more target-
selective under deletion, rather than only more glob-
ally disruptive.

Third, we compare top-ranked deletion with
bottom-ranked deletion under the same head bud-
get. Deleting the bottom-ranked heads according to
SIGHT produces a much smaller effect than delet-
ing the top-ranked heads. This top—bottom asym-
metry is substantially weaker for random and layer-
matched random rankings. This provides a sanity
check that the deletion effect reflects information
in the SIGHT ranking, not simply the number or
layer positions of deleted heads.

Overall, these checks support a cautious interpre-
tation of Figure 2: SIGHT-selected heads appear to
provide stronger target-relevant functional support
in the base model. We do not interpret the dele-
tion experiment as proving that these heads are the
sole causal mechanism behind the final prediction,
since head deletion remains an intervention that
can affect the model distribution more broadly.

G Additional Selector Ablations

The selector-ablation results for Qwen3-4B and
Qwen3-1.7B under the LoRA 10% setting are re-
ported in Appendix Table 4. The variants are the
same as those in the main text: QF-only, PF-only,

Backbone Variant MMLU CSQA BLiMP BB Syn.
Full SIGHT  74.02" 79.147 81.34" 54711
QF-only 7336  78.62 80.72 5031
PF-only 7294 78.14 80.54 51.77
Swapped 72.88 7792 8023  50.05
Qwen3-4B 1. tPos 7342 7839 80.81 5274
SelfAttn 73.15 77.86 80.68 51.03
No TD 73.04 7798 8027 52.16
Shuffled gaze 7235 77.41 79.96  52.88
Full SIGHT 55.33" 74.64" 76.68" 16.93
QF-only 5476 7350 76.10 16.54
PF-only 5441 7292 7586 1661
Swapped 54.18 7241 7554  15.86
Qwen3-1.7B 1 . tPos 5492 7321 7605 16.10
SelfAttn 5455 7266 7592 15.63
No TD 5446 7275 7561 16.03
Shuffled gaze 53.98 72.04 7522 15.19

Appendix Table 4: Additional selector ablations un-
der the LoRA 10% setting. Full SIGHT remains best
across both smaller backbones, while condition mis-
match, attention-direction mismatch, and shuffled gaze
weaken performance. Bold indicates the best mean
score in each column within each backbone block, and
t denotes significance as defined in Section 4.3.

Variant QF metrics PF metrics MMLU CSQA BLiMP BB Syn.
Full SIGHT RR+TD FP+TD 76.13 84.47 81.86 63.03
QF-TD TD - 74.28 8274 79.55 57.96
PF-TD - TD 73.91 82.49 79.36 59.04
Fused-TD TD TD 75.39 83.68 80.88 61.57

Shared-all
Metric-swapped

FP+RR+TD FP+RR+TD  75.66 83.89 81.19 62.07

FP+TD RR+TD 74.66 83.04 80.14 59.73

Appendix Table 5: Controls separating reading regime
from gaze-metric choice under Qwen3-8B LoRA with
a 10% head budget.

swapped condition matching, final-position atten-
tion in the question-first condition, averaged self-
attention in the passage-first condition, removal of
total dwell, and shuffled word-level gaze values.

H Surface-Controlled Gaze Alignment

To test whether SIGHT is explained by shallow
lexical or positional factors, we recompute gaze-
attention alignment after controlling for word posi-
tion, word length, log word frequency, punctuation,
and sentence-boundary indicators. For each item
z, we form a covariate matrix X, over passage
words and residualize both the gaze vector and the
attention vector:

AL — gbhM X G,
(14)
The controlled alignment score is then computed
by replacing (g, a%") with (g.,a%™) in the
Spearman-correlation scoring step. The resulting
controlled comparison is reported in Appendix Ta-

ble 6.

gz =82 — Xzéga
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Backbone Selector MMLU CSQA BLiMP BB Syn.

Full SIGHT-LoRA 10% 76131 84.47" 81.86" 63.03
Qwen3-8B  Controlled SIGHT-LoRA 10% 75.86" 84.101 81.48" 62.531
Best gaze-free sparse baseline  74.68  83.05 80.23  61.47

Full SIGHT-LoRA 10% 74,021 79.14" 81341 54711
Qwen3-4B  Controlled SIGHT-LoRA 10% 73.93" 79.04" 81217 54.02¢
Best gaze-free sparse baseline  73.52  78.74 80.88  52.47

Full SIGHT-LoRA 10% 55331 74.64" 76.68" 1693
Qwen3-1.7B Controlled SIGHT-LoRA 10% 55.047 74.18" 76357  16.80
Best gaze-free sparse baseline  54.88  73.61 76.10  16.51

Appendix Table 6: Surface-controlled SIGHT results.
Residualizing lexical and positional covariates slightly
reduces the scores but preserves the advantage over the
strongest gaze-free sparse baseline. T indicates that the
corresponding SIGHT variant significantly outperforms
the best gaze-free sparse baseline under the test defined
in Section 4.3.

I RAG and VL Diagnostic Variant Details

The Base-GTCA-RAG diagnostic variant uses a
short generated evidence snippet at inference time.
The generator is Deepseek-R1 (Guo et al., 2025)
with greedy decoding, maximum generation length
96 tokens, and temperature 0.0. The Base-GTCA
parameters are kept fixed, only the input is aug-
mented with the generated evidence.

Evidence-generation prompt.

You are given a reading-comprehension passage and a

< question. Write one short evidence snippet from the
< passage that would help answer the question. Do not
< answer the question. Do not introduce facts that are
< not supported by the passage.

Passage:
{passage}

Question:
{question}

Evidence snippet:

The generated snippet is inserted before the orig-
inal question in the diagnostic input:

Evidence: {generated_evidence}
Question: {question}

Passage: {passage}

Options: {options}

Answer:

This diagnostic setting is used only for the reading-

alignment profile and is not used for the head-
sparse PEFT experiments.

VL diagnostic backbone. For Base-VL-GTCA,
we use Qwen3-8B-VL-Thinking (Bai et al., 2025)
as the VL backbone and attach the same GTCA
branch before continued training on UAIT.
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