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Abstract
We introduce and publicly release
VLFEEDBACK-EEG, the first dataset pair-
ing EEG recordings from 21 participants with
Large Vision-Language Models (LVLMs)
preference annotations, enabling future research
on physiological signals as implicit feedback for
multimodal alignment. Our analysis suggests that
EEG features under pairwise evaluation contain
preference information, aligning more closely
with human judgments than with AI-generated
annotations. An exploratory fusion with pre-
trained reward models does not yet surpass
RM-only baselines, but real EEG consistently
outperforms noise controls, suggesting that
physiological signals provide complementary
information for preference modelling. We release
VLFEEDBACK-EEG publicly to support future
research on cognitively-grounded multimodal
alignment.

1. Introduction
LVLMs (Murad et al., 2025; OpenAI, 2024), which ex-
tend Large Language Models (LLMs) beyond purely textual
inputs to incorporate visual information, have been gain-
ing popularity partly due to their capacity to enable richer
cross-modal understanding and generation (Yin et al., 2024).
However, many of the core challenges that affect LLMs
remain, and often become more pronounced with the ad-
dition of a visual modality. Issues such as human align-
ment, hallucination control, and robust multimodal integra-
tion are unresolved challenges to date (Casper et al., 2023).
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Although current LVLMs achieve strong performance on
standardized benchmarks, these benchmarks are typically
misaligned with real users’ attentional focus and intentions.
As a result, responses can be imprecise or unhelpful in ev-
eryday contexts (Yan et al., 2024), with hallucinations being
particularly severe (Yin et al., 2024). Addressing these chal-
lenges centrally requires robust alignment methods: while
Reinforcement Learning from Human Feedback (RLHF)
has become the dominant approach, its reliance on explicit
human annotation introduces annotator biases, and, as we
show, may not fully capture the cognitive signals underlying
human preference.

Bridging the gap between the human brain and language
processing has become an important area of research (Mu-
rad et al., 2025; Lopez-Cardona et al., 2025), with cog-
nitive signals showing promise in enriching datasets with
user-derived behavioural information (Lopez-Cardona et al.,
2025; Ding et al., 2022). For example, recent studies have
been leveraging Eye-tracking (ET) as implicit feedback
to enhance LLMs (Lopez-Cardona et al., 2024; Kiegeland
et al., 2024; Galliamov et al., 2025). Less explored are neu-
roimaging techniques, which may provide high throughput
neural information. For instance, Ye et al. (2025) employed
functional Magnetic Resonance Imaging (fMRI) to improve
language generation. Electroencephalography (EEG), on
the other hand, stands out as a non-invasive and portable
method capable of capturing electrical activity from the
scalp with high temporal resolution, making it suitable for
studying real-time neural dynamics, despite typical sources
of noise (Babu et al., 2025). There is a growing convergence
between LLMs and EEG research, enabling new directions
in neural decoding, brain-computer interfaces (BCIs), and
affective computing (Babu et al., 2025). These data have
also been combined with ET to improve Natural Language
Processing (NLP) performance in works such as (Zhang
et al., 2024; Ren & Xiong, 2021), with initial approaches
for language generation emerging (Mishra et al., 2025; Tao
et al., 2025). However, despite recent advancements, it
remains unclear how EEG can be leveraged to study hu-
man responses in the context of LVLMs, leaving a gap in
our understanding of how neural signals can best support
multimodal model alignment.
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To address this gap, we collect and release VLFEEDBACK-
EEG, the first EEG dataset recorded during LVLM prefer-
ence annotation. Our main contributions are:

• A novel dataset: VLFEEDBACK-EEG comprises
EEG recordings from 21 participants as they read and
evaluated model-generated responses from VLFEED-
BACK (Li et al., 2023; 2024a), yielding the first re-
source of its kind for cognitively-grounded multimodal
alignment (Section 3).

• Preference decoding: Via classifier training (Sec-
tion 4), we show that EEG features carry preference
information, aligning more closely with human judg-
ments than with AI-generated annotations.

• Reward model fusion: An exploratory fusion with
pretrained Reward Models (RMs) (Section 5) shows
that real EEG consistently outperforms noise controls,
providing a proof-of-concept for physiological signals
as complementary preference feedback.

2. Related work
2.1. LVLMs

Existing LVLMs extend pre-trained LLMs by incorporat-
ing visual encoders through adapter modules (Zhu et al.,
2025), enabling language models to interpret and generate
grounded descriptions of visual inputs (Zhou et al., 2024).
Despite recent advances, key challenges remain, such as
visual hallucinations and modality degradation (Zhou et al.,
2024; Li et al., 2024b).

Most LVLMs follow a two-stage training pipeline: (1)
modality alignment via large-scale, image-text pre-training,
and (2) instruction tuning to improve reasoning and prefer-
ence alignment (Ouyang et al., 2022). For the second stage,
RLHF (Ouyang et al., 2022) and Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023) are widely adopted,
relying on preference triplets (x, yw, yl). To reduce an-
notation cost, Reinforcement Learning from AI Feedback
(RLAIF) (Bai et al., 2022) replaces human feedback with
LLM-generated supervision and is employed in VLFEED-
BACK (Li et al., 2023), the dataset used in this work.

Reward modelling. Central to both RLHF and RLAIF is
the RM, which provides the scalar signal that drives prefer-
ence optimisation; its quality directly bounds how well the
resulting LVLM aligns with human intent. Multimodal RMs
for LVLMs follow three main approaches: model-as-judge,
where a model is prompted to score responses directly (Ya-
sunaga et al., 2025; Xiong et al., 2025); reward-head re-
gression, where a lightweight head on top of latent repre-
sentations outputs a scalar (Zang et al., 2025); and critique-
then-score, where the model generates an intermediate rea-

soning step before scoring (Zhang et al., 2025b;a). These
are evaluated on benchmarks such as VL-RewardBench (Li
et al., 2025) and Multimodal RewardBench (Yasunaga et al.,
2025). We use LLaVA-Critic (Xiong et al., 2025) and MM-
RLHF-Reward (Zhang et al., 2025b) as baselines in our
fusion experiments (Section 5).

2.2. EEG in NLP

Recent research has demonstrated that EEG can be directly
leveraged to enhance NLP systems. For instance, using
the ZuCo dataset (Hollenstein et al., 2018), Ren & Xiong
(2021) introduced CogAlign, a multi-task neural network
able to align model text representations with cognitive pro-
cessing signals across various NLP tasks. Using an adversar-
ially trained shared encoder, CogAlign transfers cognitive
knowledge to datasets without recorded signals. Building on
this, Zhang et al. (2024) proposed CogAware, which learns
cross-domain features while preserving modality-specific
characteristics, and later Harada & Oseki (2024) tested it
with the Cognitive Information Bottleneck (CIB), a method
that extracts only the task-relevant information from cogni-
tive processing signals.

A parallel line of work has focused on directly decoding
EEG into text. DeWave (Duan et al., 2023) introduced
discrete codebook encoding of EEG waves aligned with a
pretrained BART decoder. EEG2TEXT (Liu et al., 2024)
combines convolutional transformers with a multi-view
transformer to capture spatially distributed brain activity.
Thought2Text (Mishra et al., 2025) and the R1 Transla-
tor (Murad et al., 2025) pair dedicated EEG encoders: a
ChannelNet CNN and a BiLSTM, respectively, with pre-
trained language decoders, while SEE (Tao et al., 2025)
addresses cross-modal domain gaps via a semantic match-
ing module. More recently, SENSE (Murhekar et al.,
2026) decouples decoding into a lightweight keyword ex-
traction module and zero-shot LLM prompting. These en-
coder–decoder designs directly inform our fusion architec-
ture (Section 5), where we similarly project EEG into an
embedding space compatible with a pretrained model.

However, Jo et al. (2025) showed that several such models
achieve comparable performance on random noise inputs
and that teacher forcing inflates evaluation metrics by at
least threefold, questioning whether current systems per-
form genuine neural decoding. Together with limited cross-
subject generalisation, these findings suggest that EEG may
be more reliably leveraged as a complementary cognitive
signal than as a standalone input, consistent with the ap-
proach explored in this work.

2.3. Cognitive signal datasets

There are few available EEG datasets curated for NLP appli-
cations. Some combine ET and EEG, such as ZuCo (Hollen-
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stein et al., 2018), ZuCo 2.0 (Hollenstein et al., 2020), and
the more recent RaCCooNS (Frank & Aumeistere, 2024),
which contains signals of participants tasked with reading
narrative sentences in Dutch. Other datasets rely exclu-
sively on EEG, such as CVPR2017 (Palazzo et al., 2021)
or MOABB (Jayaram & Barachant, 2018). More recent
examples include ChineseEEG-2 (Chen et al., 2025), col-
lected during reading aloud and passive listening tasks in
Chinese, and DERCo (Quach et al., 2024), which contains
EEG recordings from 22 native English speakers reading
narrative texts. While prior work has explored EEG during
natural reading or language generation, none has examined
the neural correlates of human preference judgments in mul-
timodal alignment tasks. To the best of our knowledge, we
are the first to record EEG while participants read and anno-
tate LVLM prompts and responses in the human alignment
framework.

3. Dataset creation
We recorded EEG from 21 participants as they read and
evaluated pairs of responses to Visual Question Answering
(VQA) prompts drawn from the VLFEEDBACK dataset. In
what follows, we describe the experimental setup in Subsec-
tion 3.1, data collection protocol in Subsection 3.2, and data
preprocessing in Subsection 3.4.

3.1. Stimulus

VLFeedback (Li et al., 2023; 2024a) dataset served as stim-
ulus source, a large multi-modal preference dataset used
to align LVLMs. VLFeedback contains 80k multi-modal
instructions over 65k unique images, collected from diverse
vision-language sources. Twelve LVLMs (including, among
others, GPT-4 (OpenAI, 2024), LLaVA (Liu et al., 2023),
Qwen-VL-Chat (Bai et al., 2023), IDEFICS (Laurençon
et al., 2023), InstructBLIP (Dai et al., 2024)) were used to
generate responses, with GPT-4 acting as an automatic anno-
tator scoring outputs for helpfulness, visual faithfulness, and
ethical soundness. From these scores, 20k preference pairs
(preferred vs. rejected responses) were built and expanded
into pairwise comparisons for preference-based fine-tuning.
For this study, responses were filtered by length (10–750
characters), and 30 prompt–response triplets were randomly
selected for experimentation.

3.2. Participants and procedure

Twenty-one participants (mean age = 30.4± 4.15 years; 4
female) were employed in this study. All reported normal
or corrected-to-normal vision, no history of neurological or
psychiatric disorders, and no use of relevant medication. Par-
ticipants had at least an upper-intermediate level of English
proficiency. Written informed consent was obtained from all
participants prior to the experiment. Participants also com-

pleted a brief demographic questionnaire upon arrival and
received monetary compensation for their time. Before start-
ing, participants were given a detailed overview of the study
objectives and task sequence. The experimenter ensured that
the instructions were fully understood before proceeding.
Stimulus presentation and behavioural response collection
were implemented in PsychoPy (Peirce et al., 2019).

Each trial followed the sequence illustrated in Figure 1. Ini-
tially, participants viewed an instruction screen outlining
the evaluation criteria, a given VQA prompt, followed by a
fixation cross and the first model-generated response, where
they were asked to rate it according to helpfulness, visual
faithfulness, and ethical criteria (aligned with those used
by GPT-4 when annotating the VLFEEDBACK dataset, Fig-
ure 6). After confirming the rating, the second response
appeared and was evaluated in the same way. Finally, partic-
ipants selected which of the two responses they preferred.

All participants viewed the same set of 30 VQA, each associ-
ated with an image and two candidate responses. The order
of questions and response pairs was randomized for every
participant to minimize order effects. EEG data were con-
tinuously recorded throughout the session, with particular
focus on the response presentation windows correspond-
ing to active evaluation (Figure 1). The entire experiment
lasted approximately 45 minutes per participant, including
setup and debriefing. One example of this combination of
question, image, and responses is shown in Figure 7.

3.3. Apparatus

The stimulus was presented on a 27-inch monitor (23.53
× 13.24 inches). EEG was recorded using a gel-based
32-channel actiCHamp system (Brain Products GmbH, Ger-
many), with a sampling rate of 250 Hz. A high-impedance
amplifier was used to ensure optimal signal quality and
minimise noise. Electrode placement followed the inter-
national 10-20 system, standard in EEG acquisition. The
ground and reference electrodes were positioned at Fpz and
Cz, respectively. Impedances were kept below 10 kΩ, fol-
lowing standard procedures. Electrode preparation took
approximately 15 minutes per participant. A complete list
of electrodes is illustrated in Figure 4. Before recording, the
scalp was cleaned and lightly abraded to reduce impedance.
Visual inspection ensured that all electrodes were properly
attached and impedance levels remained within acceptable
thresholds throughout the session.

3.4. Data-preprocessing and feature extraction

Figure 2 shows the preprocessing and feature extraction
pipeline. Artifact correction was carried out using Indepen-
dent Component Analysis (ICA), allowing for the removal
of ocular and muscle-related components. EEG channels
contaminated with persistent noise were interpolated us-
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Figure 1. Task procedure: For each trial, participants viewed an image and question, rated two sequential responses, and chose one.

ing spherical splines when necessary. Band-pass filtering
(0.5–40 Hz) was applied, and for frequency-related metrics,
this was followed by the computation of the Power Spec-
tral Density (PSD), obtained as the squared magnitude of
the Fast Fourier Transform (FFT). Welch’s PSD and band-
limited measures were then computed over the canonical
frequency bands (Cochran et al., 1967; Zheng & Lu, 2015):
δ (0.5–4 Hz), θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz), and
γ (30–40 Hz). To avoid confounding EEG features with
differences in response duration, all response epochs were
cropped to the same fixed-length window before feature
extraction. Therefore, entropy, spectral, and connectivity
features were computed from EEG segments of equal du-
ration across preferred and rejected responses. A list of
EEG features was derived, with further details provided in
Appendix A.1.

• Mean Absolute Amplitude: Average absolute signal
magnitude (Pillay et al., 2020).

• Shannon Entropy: Measure of signal complex-
ity, quantifying unpredictability in the EEG time se-
ries (Phung et al., 2014).

• Conditional Entropy: Captures dependency between
successive signal states, indicating temporal structure
in brain activity (Keshmiri, 2021).

• Alpha Asymmetry: Difference in alpha-band power
between left (F3) and right (F4) frontal electrodes,
commonly linked to affective and motivational
states (Smith et al., 2017).

• Band Power: Average spectral power within canonical
frequency ranges (δ, θ, α, β, γ) (Newson & Thiagara-
jan, 2019).

• PSD: Integral of the power spectral density across
the full frequency range, summarising total EEG
power (Wang et al., 2015).

• Phase-Locking Value (PLV): Average strength of
phase synchronisation across channel pairs within each
frequency band, representing functional connectiv-
ity (Roach & Mathalon, 2008).

Not all metrics were interpreted as channel-wise features.
Phase-locking value reflects synchronization between pairs
of channels, while alpha asymmetry is computed from pre-
defined left–right electrode comparisons. Therefore, these
features were treated as connectivity- or contrast-level mea-
sures rather than as independent features for each individual
channel.

4. EEG-Based Preference Decoding
Next, we evaluated whether EEG features carry information
about human preference by training multiple classifiers pre-
dicting different labels. The original VLFEEDBACK dataset
was annotated by GPT-4 following an RLAIF-style prefer-
ence protocol (model preference), whereas our labels were
collected from participants (i.e., user preference). When
aggregating participant responses, we refer to the major-
ity label as user preference averaged. Participants rated
and explicitly chose between responses according to the
same criteria. There is moderate inter-annotator agreement
(κ = 0.453) and a model accuracy of 76.7% against the
user majority. Additional corpus statistics are reported in
Appendix B.1.

4.1. Classification setup

We tested several classifiers, including logistic regres-
sion (Hosmer et al., 2013), naive Bayes, support vec-
tor machine (SVM) (Cortes & Vapnik, 1995), random
forests (Breiman, 2001), gradient boosting (Friedman,
2001), and k-nearest neighbours (Cover & Hart, 1967). Gen-
eralisation to unseen participants was estimated via nested,
subject-independent, 5-fold cross-validation. In each outer
fold, all samples from a held-out set of subjects formed
the test partition, while models were trained on the remain-
ing subjects. Within each outer training set, a grid search
over hyperparameters was conducted using inner subject-
independent 3-fold cross-validation. Preprocessing steps,
including median imputation and standardisation, were fit-
ted exclusively on the training folds. Models selected in the
inner loop were retrained on the full outer training set and
evaluated on the held-out subjects.

We considered two labelling regimes. In pointwise mode,
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Figure 2. EEG preprocessing pipeline. We first record the raw EEG signal and apply a band-pass filter, followed by an FFT transformation
to obtain its frequency-domain representation. Using the resulting time–frequency decomposition, we extract features from the standard
frequency bands, which are then used as inputs to the classifier.

each response is represented as a separate row and the classi-
fier predicts whether it is preferred or rejected independently.
In pairwise mode, each row corresponds to a dyad: features
from both responses are concatenated, and a single label
encodes which response was chosen.

Reported performance is the mean accuracy across folds.
Statistical significance was assessed using one-tailed t-tests
comparing each classifier’s mean accuracy against chance
(50%), with the alternative hypothesis that performance ex-
ceeds chance. Effect sizes were calculated using Cohen’s d,
and 95% confidence intervals were computed for mean ac-
curacy estimates. Results are shown in Table 1 and Table 2,
where * denotes p < 0.05, ** p < 0.01, *** p < 0.001;
values in brackets are 95% CIs and Cohen’s d in parentheses.
More detailed results are provided in Appendix A.3.

4.2. Classification results

Table 1 reports classification accuracy using all EEG fea-
tures (Subsection 3.4). Under Pointwise labels, performance
remains near chance across all classifiers and labels. How-
ever, the pairwise regime yields consistent improvements:
when averaging across subjects, all classifiers significantly
exceed chance, with KNN reaching 59.63% (p < 0.001)
and Gradient Boosting 59.40% (p < 0.01). This suggests
that relative differences between paired EEG responses are
more discriminative than absolute feature values.

4.3. Exploratory analysis

To further investigate which EEG metrics drive differen-
tiation, we fitted a linear mixed-effects model per subject
and metric, using channel and trial as random intercepts,
with p-values corrected using the Benjamini–Hochberg FDR
procedure. This analysis revealed that entropy-based met-
rics differentiated preferred from non-preferred responses
more strongly than conventional band-power features (Ap-

pendix A.2), consistent with prior work showing EEG com-
plexity measures can characterise cognitive-state differences
more effectively in certain tasks (Zarjam et al., 2013; Ko-
sciessa et al., 2020; Lau et al., 2022). These properties
may be more sensitive to the cognitive processes underlying
preference formation, such as semantic evaluation, uncer-
tainty resolution, and comparative judgment. A per-feature
classifier across 31 channels confirmed this pattern (Table 5
and Table 6). Motivated by this finding, we ran the same
classification pipeline using only the entropy features from
all 30 channels.

Table 2 shows results when using entropy-based features
(Shannon and conditional entropy across all channels for
each response). Entropy features match or improve upon
the full tabular set. Under pairwise labels, Gradient Boost-
ing reaches 60.78% (p < 0.01) and Logistic Regression
60.23% (p < 0.001) on subject-averaged preferences.
Individual-label performance also improves relative to the
tabular set, with several classifiers reaching significance on
model-level preferences.

5. EEG-Augmented Reward Modelling
Having established that EEG features carry a modest but
statistically significant preference signal (Section 4), we now
explore whether this signal can complement existing RMs
within the human-alignment framework, following the spirit
of prior work that integrates EEG into NLP tasks (Zhang
et al., 2024; Ren & Xiong, 2021) and ET also on reward
modelling (Lopez-Cardona et al., 2024) .

5.1. Setup

Reward model baselines. We evaluate two pretrained
multimodal RMs as baseline predictors of preference:
LLaVA-Critic (Xiong et al., 2025) and MM-RLHF-
Reward (Zhang et al., 2025b). For each trial, the RM pro-
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Table 1. Classifier accuracy (%) by preference; all features EEG; Bold indicates the highest value in each column. Underline indicates
the highest value in each row

POINTWISE LABELS PAIRWISE LABELS

Classifier Model Subj. Subj. avg Model Subj. Subj. avg

Gradient Boosting 50.004 51.541 50.558 49.897 53.560 59.401**
KNN 50.887 49.539 50.892 54.742 53.359 59.630***
Linear SVM 47.614 50.205 52.711* 50.291 51.837 55.015*
Logistic Regression 48.864 49.706 51.026 52.218 52.608 56.051**
Naive Bayes 51.654 51.957 52.814 51.251* 54.537* 57.980**
Random Forest 51.941 48.957 52.527 52.802 52.031 58.049**

Table 2. Classifier accuracy (%) by preference; segments entropy; Bold indicates the highest value in each column. Underline indicates
the highest value in each row.

POINTWISE LABELS PAIRWISE LABELS

Classifier Model Subj. Subj. avg Model Subj. Subj. avg

Gradient Boosting 51.383 50.789 55.461** 55.478* 54.685 60.776**
KNN 52.399** 50.278 55.342 53.950* 52.373 59.863**
Linear SVM 49.924 50.360 53.364* 52.973* 48.790 60.386**
Logistic Regression 51.053 49.594 53.084* 54.303** 51.869 60.232***
Naive Bayes 52.495* 51.221 54.870** 51.044 51.409 56.012**
Random Forest 49.643 48.567 54.253* 56.231** 52.215 59.836*

duces scores sa and sb for the two responses. A binary RM
preference is formed as rm pref = 1[sa > sb]. Per-fold
accuracy compares this prediction to the human label.

Fusion architecture. Our architecture follows the en-
coder, fusion paradigm widely adopted in recent EEG-
language work: a dedicated EEG encoder produces a
fixed-dimensional representation that is then aligned with a
frozen pretrained model. This two-stage design mirrors the
pipelines used in EEG-to-text systems, where convolutional,
recurrent or transformer encoders project raw signals into
an embedding space compatible with pretrained language
models (Duan et al., 2023; Mishra et al., 2025; Liu et al.,
2024; Murad et al., 2025).

In our case, the pretrained backbone is a multimodal RM
rather than a language generator. We explore two branches
for encoding the EEG signal. In the raw-signal branch (M1
in Figure 3), EEG segments are encoded by a 1D CNN into
an embedding zeeg. In the feature branch (M2 in Figure 3),
the features described in Subsection 3.4 or the per-channel
entropy features from Subsection 4.3 are passed through
a small MLP to produce zeeg, providing a lower-variance
alternative when labelled data are scarce. Both branches
feed into a shared gated fusion module that learns a residual
correction on top of the frozen RM score. Concretely, zeeg
is first linearly projected to the RM embedding dimension,
and the fused representation is formed as in Equation (1).

x = [erm; zeeg; erm ⊙ zeeg; srm] (1)
ŝ = srm + fg(x) · f∆(x) (2)

where erm is the frozen RM embedding, zeeg is the EEG
representation, srm is the base RM scalar score, fg is a
learned MLP with sigmoid output that produces the gate
value, and f∆ is a learned MLP that produces the residual
correction (Equation (2)). The gated residual formulation
ensures that when the EEG signal is uninformative, the gate
fg(x) can collapse to zero and the model gracefully falls
back to the base RM score. The model is trained end-to-end
with a pairwise ranking loss (Equation (3)).

L = − 1

N

N∑
i=1

log σ
(
ŝ+i − ŝ−i

)
(3)

where ŝ+ and ŝ− denote the predicted scores for the chosen
and rejected responses within each pair, following standard
practice in RM training (Ouyang et al., 2022). To verify that
the fusion model genuinely exploits the EEG data, we eval-
uate each trained model under three conditions: (i) normal
– real EEG data; (ii) no-gate – RM score alone, bypassing
the fusion head entirely; and (iii) random-features – the
EEG data zeeg is replaced with Gaussian noise.
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Stage A · CNN Pre-training (M1 only)

EEG Response A
X_a ∈ ℝ^(C×T)

EEG Response B
X_b ∈ ℝ^(C×T)

CNN1d
Shared encoder

Preference
score(eeg_a − eeg_b)

BCE Loss
L(score_a − score_b, y)

Pre-train CNN on preference pairs (M1 only)
L = BCE( score_a − score_b, y_pref )

same EEG data

Stage B · Gated Fusion Training

RM Scores
s_a, s_b

RM Embeddings
e_rm

M1 · Loaded CNN encoder

EEG Pair
raw signal

CNN1d
pretrained backbone

z_eeg

M2 · Tabular feature MLP

EEG Features
entropy, band power...

MLP
trained from scratch

z_eeg

OR

GatedFusion
x = [e_rm ǁ ẑ_eeg ǁ e_rm ⊙ ẑ_eeg ǁ s_rm]

ŝ = s_rm + gate(x) × δ(x)

Fused Score
ŝ_a, ŝ_b

BCE Loss
L(ŝ_a − ŝ_b, y_pref)

Module EEG data RM data Loss Output

load backbone

Figure 3. Two-stage fusion pipeline. Stage A (M1 only) shows the CNN pre-training on pairwise EEG preference labels, whose backbone
weights are then loaded into Stage B. Stage B illustrates both encoding methods side by side: M1 uses the pretrained CNN backbone and
M2 passes tabular EEG features through an MLP trained from scratch; both feed into a shared gated fusion module to produce the final
preference score.

Data splits and evaluation. We use two evaluation pro-
tocols to assess different aspects of generalisation. In the
trial split, held-out trials define the test set while all partici-
pants may contribute to both training and test pairs across
folds, evaluating generalisation to new trials but not strict
cross-subject transfer. In the dual split, both trials and sub-
jects are held out simultaneously, providing evidence also
of cross-subject generalisation at the cost of a reduced test
set (N ≈ 66 pairs/fold vs. N ≈ 200). Both protocols use
3-fold cross-validation and are repeated across 6 random
seeds to account for optimisation and partition variance. For
each evaluation, we assess the RM on exactly the same test
sets as each method, resulting in varying N depending on
the data discarded.

5.2. Results

Table 3 reports test accuracy (mean ± std across folds and
seeds) for all fusion pipelines and RM-only baselines under
trial split evaluation. The raw EEG encoder underperforms
its RM baseline with high variance, consistent with overfit-
ting at this data scale. The tabular features pipeline narrows
the gap, particularly with LLaVA-Critic, while the entropy
pipeline achieves the closest performance to its RM base-
line and consistently outperforms its random-feature abla-
tion across both RMs, providing evidence that the fusion
module captures genuine preference-relevant information
rather than fitting to noise. Table 4 reports results under the
stricter dual split, where both trials and subjects are held
out. Performance drops across all pipelines, confirming
cross-subject generalisation as the primary bottleneck. The
entropy pipeline remains the most competitive, maintain-
ing a gap of approximately 3 percentage points to its RM
baseline under both RMs, and retaining its real-vs-random

separation, unlike the raw encoder, which loses this separa-
tion under the stricter protocol.

Table 3. Test accuracy of EEG fusion pipelines against RM-only
baselines under trial split evaluation (mean ± std, 6 seeds × 3
folds). (rnd.) = random EEG.

Pipeline LLaVA-Critic MM-RLHF

Raw EEG 0.635± 0.027 0.654± 0.028
Raw EEG (rnd.) 0.630± 0.027 0.631± 0.033
Reward model† 0.679± 0.001 0.745± 0.000
EEG features 0.665± 0.024 0.699± 0.012
EEG features (rnd.) 0.641± 0.015 0.691± 0.022
Reward model‡ 0.688± 0.003 0.760± 0.005
EEG entropy 0.686± 0.040 0.720± 0.049
EEG entropy (rnd.) 0.658± 0.035 0.694± 0.027
Reward model§ 0.712± 0.024 0.752± 0.022

†RM on raw-EEG test pairs, N=201. ‡RM on tabular-feature test
pairs, N=199. §RM on segments test pairs, N=174.

6. Discussion
Classification significantly exceeds chance under pairwise
labels and user-averaged preferences, with stronger differen-
tiation against participants’ judgments than GPT-4’s annota-
tions, suggesting that EEG captures aspects of human prefer-
ence that RLAIF-based labels do not fully reflect. Entropy-
based features were more discriminative than band-power
measures, consistent with prior work on EEG complexity
measures for cognitive-state differentiation.

Regarding fusion, the entropy pipeline emerges as the most
robust branch, outperforming its random-feature ablation
across both evaluation protocols and both RMs. This real-
vs-random separation persists even under the stricter dual
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Table 4. Test accuracy of EEG fusion pipelines against RM-only
baselines under dual split evaluation (mean ± std, 6 seeds × 3
folds). (rnd.) = random EEG.

Pipeline LLaVA-Critic MM-RLHF

Raw EEG 0.611± 0.036 0.629± 0.038
Raw EEG (rnd.) 0.627± 0.028 0.646± 0.033
Reward model† 0.657± 0.016 0.734± 0.014
EEG features 0.636± 0.059 0.649± 0.087
EEG features (rnd.) 0.611± 0.028 0.650± 0.039
Reward model‡ 0.653± 0.022 0.733± 0.031
EEG entropy 0.663± 0.033 0.699± 0.025
EEG entropy (rnd.) 0.662± 0.034 0.687± 0.034
Reward model§ 0.693± 0.015 0.733± 0.020

†RM on raw-EEG test pairs, N=67. ‡RM on tabular-feature test
pairs, N=66. §RM on segments test pairs, N=58.

split, unlike the raw encoder, which loses it, suggesting that
engineered entropy features provide a more generalisable
EEG representation than end-to-end learned encoders at
this data scale, consistent with the classification findings in
Section 4. This is notable given recent concerns that EEG
models achieve comparable performance on random noise
(Jo et al., 2025); our ablations provide positive evidence to
the contrary for the entropy pipeline.

Under the stricter dual split, performance drops consistently
across all pipelines, confirming that cross-subject generalisa-
tion is the primary bottleneck. The test set also shrinks from
∼200 to ∼66 pairs per fold, confounding generalisation
with reduced statistical power. With only ∼630 preference
pairs, the EEG branch is prone to overfitting on subject-
specific neural noise rather than learning generalisable pref-
erence features — as evidenced by the raw encoder losing its
real-vs-random separation under this protocol. The remain-
ing gap to RM-only baselines is plausibly attributable to
data scale rather than a fundamental incompatibility, as the
RM baselines themselves vary by several percentage points
across test partitions, suggesting statistical power is a sig-
nificant confound. Whether more data would close the gap
entirely remains open, and the release of VLFEEDBACK-
EEG is intended to enable the larger-scale studies needed
to resolve this question.

7. Conclusions
We introduce VLFEEDBACK-EEG, providing a first proof-
of-concept that physiological signals can serve as implicit,
annotation-free feedback for LVLM alignment. Classifica-
tion results confirm that neural activity carries a modest but
real preference signal, and that this signal tracks human
judgments more closely than AI-generated labels. This sug-
gests that RLAIF-based annotation does not fully substitute
for the cognitive signals underlying genuine human prefer-
ence, motivating the exploration of complementary world

feedback sources.

Fusion with pretrained RMs did not improve over RM-only
baselines at the current scale. However, the entropy pipeline
consistently outperforms its random ablation across both
evaluation protocols, providing evidence that the signal is
genuine rather than artifactual. Cross-subject generalisation
remains the primary bottleneck, and larger participant pools
are the most direct path forward, a challenge that extends
beyond this work, as recent large-scale benchmarking across
36 EEG tasks similarly identifies it as one of the field’s
primary open problems (Banville et al., 2026).

Future work could further explore richer EEG feature spaces
and time-frequency decompositions, as well as alternative
encoder architectures. Another promising direction is the
integration of EEG foundation models (Ouahidi et al., 2025),
which have recently emerged as general-purpose encoders
pretrained on large corpora of brain recordings. These could
be leveraged both for preference classification (Section 4)
and as stronger EEG encoders within the fusion architec-
ture (Section 5), potentially improving reward signal quality.
However, recent large-scale benchmarking evidence sug-
gests that foundation models only marginally outperform
task-specific models across a wide range of EEG decod-
ing tasks, even at scale (Banville et al., 2026), tempering
expectations for near-term gains from this direction alone.

Finally, beyond direct reward scoring, passively recorded
physiological signals represent a promising class of world
feedback, scalable, implicit, and grounded in real cognitive
responses, that could complement annotation-based align-
ment pipelines. More immediately, EEG may be deployed
to weight annotation confidence or flag trials where neural
responses diverge from assigned labels, a narrower use case
that the current data already partially supports.
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Appendix

A. Additional information on EEG
Figure 4 illustrates the list of electrodes on the EEG device used.

Figure 4. Gel-based EEG system with 32 channels, including standard 10–20 electrode placement and conductive gel application.

A.1. EEG feature definitions

In this appendix, we provide the mathematical definitions of the EEG features described in previous Sections. Let xi denote
the EEG amplitude at time i, PSD(f) the power spectral density at frequency f , and ϕi(t, f) the instantaneous phase of
channel i at time t and frequency f .

Mean Absolute Amplitude

The mean absolute amplitude reflects the overall signal magnitude:

MAA =
1

N

N∑
i=1

|xi|

where xi denotes the EEG amplitude at time sample i, and N is the number of samples. Higher values indicate larger
average EEG amplitudes.

Shannon Entropy

Shannon entropy measures the unpredictability of the signal:

H(X) = −
n∑

i=1

p(xi) log p(xi)

where p(xi) is the probability of observing state xi. Larger values denote more complex and irregular brain activity.
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Conditional Entropy

Conditional entropy captures the uncertainty of one signal given knowledge of another:

H(Y |X) = −
∑

x∈X,y∈Y

p(x, y) log
p(x, y)

p(x)

where p(x, y) is the joint probability of observing x and y. It reflects temporal dependencies in EEG activity.

Band Power

The band power within a frequency range [f1, f2] is defined as:

Pf1,f2 =

∫ f2

f1

PSD(f) df

Where PSD(f) is the frequency-dependent power spectral density. This represents the energy of oscillations in canonical
EEG bands: Delta (0.5–4 Hz), Theta (4–8 Hz), Alpha (8–13 Hz), Beta (13–30 Hz), and Gamma (30–40 Hz).

Alpha Asymmetry

Alpha asymmetry is calculated as the difference in alpha-band power between left and right frontal electrodes:

AA = Pα(F3)− Pα(F4)

Positive values indicate stronger alpha activity in the left hemisphere, while negative values reflect dominance in the right.

Total Power Spectral Density (PSD)

Total power summarises energy across the full EEG spectrum of interest:

Ptotal =

∫ 40

0.5

PSD(f) df

It provides a global measure of overall brain activity.

Phase-Locking Value (PLV)

PLV quantifies the degree of phase synchronisation between two channels i and j at frequency f :

PLVij(f) =

∣∣∣∣∣ 1T
T∑

t=1

ej(ϕi(t,f)−ϕj(t,f))

∣∣∣∣∣
where ϕi(t, f) is the instantaneous phase of channel i at time t and frequency f , obtained from the time–frequency
decomposition, and T is the number of time points. Values range from 0 (no synchrony) to 1 (perfect synchrony). For each
frequency band (Delta, Theta, Alpha, Beta, Gamma), we compute the average PLV weight across all channel pairs.

A.2. Additional entropy analysis details

To explore whether the EEG features associated with subjects’ preference were consistent across individuals, and which
ones showed a higher difference between the conditions, we estimated subject-specific LMM coefficients for each metric
(Figure 5). The resulting pattern shows that entropy-based features exhibited significant associations with model preference
in a larger number of subjects than the relative power-band measures, whose effects were more sparse and heterogeneous.
This suggests that entropy metrics may capture individual neural signatures of preference more reliably than conventional
spectral power features. Accordingly, we included a distinctive classifier based on entropy-derived metrics to better exploit
these participant-specific patterns.
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Figure 5. Per-subject linear mixed-effects model coefficients for subjective preference across EEG-derived metrics. Cell color represents
the estimated beta coefficient for each subject and metric, with warmer colors indicating positive value and cooler colors indicating
negative value. Asterisks denote coefficients that remained significant after false discovery rate (FDR) correction.

Table 5. Pairwise classification on subject average labels for Conditional and Shannon entropy, δ, θ features.

Classifier Cond. entropy Shannon entropy δ θ

Acc. [95% CI] (d) Acc. [95% CI] (d) Acc. [95% CI] (d) Acc. [95% CI] (d)

Logistic Regression 58.68 [54.3, 63.1] (2.43) ** 58.88 [54.1, 63.6] (2.31) ** 52.81 [48.5, 57.2] (0.80) 54.89 [52.5, 57.3] (2.50) **
Random Forest 58.84 [49.4, 68.3] (1.16) * 60.24 [53.4, 67.0] (1.87) ** 51.04 [47.5, 54.6] (0.36) 54.30 [51.8, 56.8] (2.17) **
Gradient Boosting 61.51 [53.1, 69.9] (1.70) ** 60.01 [53.6, 66.4] (1.95) ** 51.43 [45.4, 57.4] (0.30) 52.59 [49.4, 55.7] (1.02) *
Linear SVM 59.46 [56.1, 62.8] (3.54) *** 55.26 [53.5, 57.1] (3.64) *** 50.31 [46.3, 54.4] (0.09) 53.17 [47.9, 58.4] (0.75)
Naive Bayes 52.20 [50.8, 53.6] (1.89) ** 57.35 [54.8, 59.9] (3.61) *** 52.38 [48.1, 56.7] (0.68) 46.25 [42.7, 49.8] (−1.31)
KNN 53.36 [46.6, 60.1] (0.62) 59.89 [52.1, 67.6] (1.58) * 56.64 [48.0, 65.3] (0.95) * 50.13 [45.0, 55.3] (0.03)

A.3. Additional classification results

In results, Significance: * p < 0.05, ** p < 0.01, *** p < 0.001.
Bold = highest value in that column. Cells include 95% CIs and Cohen’s d where available.

For all features analysis performed with individual label Table 7 and pairwise Table 8. For entropy analysis performed with
individual label Table 9 and pairwise Table 10.

B. Additional information on Corpus creation
Figure 6 shows a screenshot of the instructions that participants read before performing the task. Figure 7 presents an
example of a prompt (along with its corresponding image) and the two responses displayed to participants during the study.

B.1. Descriptive statistics

Cohen’s κ between the model and users was 0.533, slightly above inter-annotator agreement, indicating that the model’s
preferences are about as consistent as human judgments. Trial entropy was moderately low (0.580) and correlated weakly
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Table 6. Pairwise classification on subject average labels for β, γ, PSD (0–40 Hz), α features.

Classifier β γ PSD (0–40 Hz) α

Acc. [95% CI] (d) Acc. [95% CI] (d) Acc. [95% CI] (d) Acc. [95% CI] (d)

Logistic Regression 54.68 [53.6, 55.7] (5.59) *** 53.53 [51.7, 55.4] (2.37) ** 51.48 [45.6, 57.3] (0.31) 51.66 [47.6, 55.8] (0.50)
Random Forest 50.85 [47.4, 54.3] (0.31) 52.24 [44.0, 60.4] (0.34) 50.12 [47.0, 53.3] (0.05) 53.17 [49.8, 56.5] (1.18) *
Gradient Boosting 51.67 [43.6, 59.7] (0.26) 51.66 [43.4, 59.9] (0.25) 50.08 [45.5, 54.6] (0.02) 48.38 [43.9, 52.9] (−0.45)
Linear SVM 53.53 [50.3, 56.8] (1.35) * 49.55 [44.3, 54.8] (−0.11) 53.54 [51.6, 55.5] (2.23) ** 48.18 [45.1, 51.2] (−0.74)
Naive Bayes 53.34 [50.7, 56.0] (1.56) * 53.73 [51.0, 56.5] (1.69) ** 52.38 [48.1, 56.7] (0.68) 52.96 [49.5, 56.4] (1.07) *
KNN 51.42 [43.3, 59.6] (0.22) 48.79 [42.6, 54.9] (−0.25) 49.93 [44.4, 55.5] (−0.01) 50.25 [43.9, 56.6] (0.05)

Table 7. Classifier accuracy using all EEG features with pointwise preference labels.

Classifier Model Subj. Subj. avg

Gradient Boosting 50.004% [45.5, 54.5] (d = 0.00) 51.541% [48.2, 54.9] (d = 0.58) 50.558% [47.9, 53.2] (d = 0.27)
KNN 50.887% [46.8, 55.0] (d = 0.27) 49.539% [44.7, 54.4] (d = −0.12) 50.892% [45.6, 56.2] (d = 0.21)
Linear SVM 47.614% [44.5, 50.7] (d = −0.96) 50.205% [47.5, 52.9] (d = 0.09) 52.711% [50.2, 55.2] (d = 1.34)*
Logistic Regression 48.864% [45.8, 51.9] (d = −0.46) 49.706% [47.8, 51.6] (d = −0.19) 51.026% [47.5, 54.6] (d = 0.36)
Naive Bayes 51.654% [49.4, 53.9] (d = 0.92) 51.957% [48.6, 55.3] (d = 0.72) 52.814% [48.3, 57.4] (d = 0.77)
Random Forest 51.941% [49.2, 54.7] (d = 0.88) 48.957% [48.2, 49.7] (d = −1.67) 52.527% [48.6, 56.4] (d = 0.81)

with model error (r = 0.270), suggesting that disagreement arises mainly in ambiguous cases. Both users and GPT-4
tended to prefer GPT-4-generated responses, with the main divergence occurring in response length: participants generally
favoured slightly shorter answers, whereas the model showed the typical LLM bias toward more verbose outputs. Although
differences in word count were small and not statistically significant, preferred responses exhibited significantly higher
average word length (AWL) for both user and model selections. Table 11 reports selection frequencies and compares model
versus user choice rates across the 60 evaluated responses.

Table 8. Classifier accuracy using all EEG features with pairwise preference labels.

Classifier Model Subj. Subj. avg

Gradient Boosting 49.897% [46.4, 53.3] (d = −0.04) 53.560% [46.6, 60.5] (d = 0.63) 59.401% [53.7, 65.1] (d = 2.03)**
KNN 54.742% [46.8, 62.7] (d = 0.74) 53.359% [46.1, 60.6] (d = 0.58) 59.630% [56.6, 62.7] (d = 3.93)***
Linear SVM 50.291% [45.8, 54.8] (d = 0.08) 51.837% [47.0, 56.7] (d = 0.47) 55.015% [51.3, 58.8] (d = 1.66)*
Logistic Regression 52.218% [49.2, 55.3] (d = 0.91) 52.608% [47.2, 58.0] (d = 0.60) 56.051% [52.1, 60.0] (d = 1.88)**
Naive Bayes 51.251% [49.8, 52.7] (d = 1.08)* 54.537% [51.0, 58.1] (d = 1.60)* 57.980% [53.6, 62.4] (d = 2.24)**
Random Forest 52.802% [48.5, 57.1] (d = 0.81) 52.031% [46.3, 57.7] (d = 0.44) 58.049% [54.9, 61.2] (d = 3.18)**
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Table 9. Classifier accuracy using segment entropy features with pointwise preference labels.

Classifier Model Subj. Subj. avg

Gradient Boosting 51.383% [46.8, 56.0] (d = 0.37) 50.789% [46.4, 55.2] (d = 0.22) 55.461% [52.1, 58.8] (d = 2.00)**
KNN 52.399% [50.7, 54.0] (d = 1.80)** 50.278% [48.2, 52.4] (d = 0.17) 55.342% [47.7, 63.0] (d = 0.86)
Linear SVM 49.924% [44.8, 55.0] (d = −0.02) 50.360% [45.0, 55.7] (d = 0.08) 53.364% [50.8, 56.0] (d = 1.60)*
Logistic Regression 51.053% [46.2, 55.9] (d = 0.27) 49.594% [45.9, 53.3] (d = −0.14) 53.084% [50.0, 56.2] (d = 1.24)*
Naive Bayes 52.495% [50.3, 54.7] (d = 1.40)* 51.221% [48.3, 54.1] (d = 0.52) 54.870% [52.8, 57.0] (d = 2.87)**
Random Forest 49.643% [47.2, 52.1] (d = −0.18) 48.567% [45.4, 51.8] (d = −0.55) 54.253% [49.0, 59.5] (d = 1.01)*

Table 10. Classifier accuracy using segment entropy features with pairwise preference labels.

Classifier Model Subj. Subj. avg

Gradient Boosting 55.478% [49.3, 61.7] (d = 1.10)* 54.685% [47.3, 62.1] (d = 0.78) 60.776% [54.2, 67.4] (d = 2.02)**
KNN 53.950% [49.5, 58.4] (d = 1.10)* 52.373% [48.1, 56.7] (d = 0.68) 59.863% [53.9, 65.9] (d = 2.04)**
Linear SVM 52.973% [50.3, 55.7] (d = 1.37)* 48.790% [44.5, 53.1] (d = −0.35) 60.386% [56.0, 64.8] (d = 2.92)**
Logistic Regression 54.303% [52.5, 56.1] (d = 2.98)** 51.869% [47.0, 56.8] (d = 0.47) 60.232% [58.1, 62.4] (d = 5.91)***
Naive Bayes 51.044% [48.7, 53.4] (d = 0.56) 51.409% [45.4, 57.4] (d = 0.29) 56.012% [52.2, 59.8] (d = 1.98)**
Random Forest 56.231% [52.4, 60.0] (d = 2.03)** 52.215% [46.8, 57.7] (d = 0.51) 59.836% [50.3, 69.4] (d = 1.28)*

Table 11. Comparison of models by user and model choice rates.

Model Appearances User Choice Rate (%) Model Choice Rate (%)

gpt-4v 14 92.9 92.9
Qwen-VL-Chat 11 81.8 36.4
VisualGLM-6b 10 20.0 10.0
llava1.5-13b 8 62.5 62.5
LLaVA-RLHF-7b-v1.5-224 7 42.9 57.1
fuyu-8b 6 66.7 50.0
LLaVA-RLHF-13b-v1.5-336 2 50.0 0.0
instructblip-vicuna-13b 1 0.0 0.0
llava1.5-7b 1 0.0 0.0

Figure 6. Screenshots of the instructions for the user during the experiment.
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(a) Question and image

(b) First response (c) Second response

Figure 7. Example trial: (a) question and image; (b, c) two responses presented to participants.
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