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Abstract

Vision-language models (VLMs) are increasingly used for visual question answering (VQA),
but processing a full cluttered image can introduce redundant visual tokens and unnecessary
inference latency. In many VQA cases, the answer depends on a speci ¢ object or local visual
region rather than the entire scene. This thesis investigates whether electroencephalography
(EEG) can serve as a semantic cue to select a smaller region of interest (ROI) before VLM
inference, thereby reducing VQA cost while preserving answer accuracy.

The proposed framework is a three-stage EEG-to-ROI-to-VQA pipeline. Stage 1 predicts the
perceived target category from EEG as an ImageNet WordNet ID (WNID) using frequency-
domain di erential entropy features and a multilayer perceptron (MLP), which was reproduced
from the EEG-ImageNet coarse-grained benchmark. Stage 2 uses the predicted WNID as a
semantic condition for YOLO-based target localization in a cluttered image. Two con dence
gates control the visual input to Stage 3. A low-con dence Stage 1 prediction skips Stage
2 and triggers full-image VQA. When Stage 1 passes, the framework uses a crop only if a
matching Stage 2 detection also passes its con dence gate; otherwise, it falls back to the full
image. Thus, EEG is not treated as a direct spatial pointer. Instead, EEG provides semantic
target information, while computer vision performs spatial localization.

Experiments are organized under 10-class, 20-class, 30-class, and 40-class settings and distin-
guish between module-level and end-to-end evidence. For Stage 1, we report the accuracy
obtained after reproducing the EEG-ImageNet method and conducting group optimiza-
tion. For Stage 2, we report oracle localization with ground-truth WNIDs and end-to-end
localization with Stage 1 predictions. The nal downstream evaluation uses ve VQA ac-
curacy metrics: full_all accuracy, full detected_accuracy, crop_detected_accuracy,
crop_gated_accuracy, and framework accuracy. E ciency is evaluated through matched
input-token counts and actual GPU-pro led oating-point operations (FLOPS).

Completed results show that scene composition a ects the practical value of ROI guidance. In
the generated-test domain, the con dence-gated Stage 3 framework improves VQA accuracy
by 4.14 to 9.87 percentage points over full-image VQA while reducing total tokens by 23.2
to 39.3% and total framework FLOPs by 23.2 to 39.5%. In the real-image-test domain,
full-image VQA is already highly accurate and token-light. The framework approximately
preserves accuracy, with changes from -0.40 to +0.51 percentage points, while still reducing
total framework FLOPs by 3.1 to 6.5%. Thus, pro led operation count decreases in all 24
model, class, and domain settings. These results show that EEG-based ROI selection is most
useful in complex multi-object scenes, which better re ect the intended everyday application
setting.



Contents

1

Introduction

1.1 Background and motivation . . . . . . ... ... L
1.2 Problem Statement . . . . . . . .. ...
1.3 Dataset Motivation . . . . . . . . . ..
1.4 Research Questions . . . . . . . . . . ..
1.5 Contributions . . . . . . . . .
1.6 Thesis Structure . . . . . . . . ..
Related Work

2.1 Vision-Language Models and Visual Question Answering . . . . . . . ... ... ..
2.2 Efficient Vision-Language Model Inference . . . . . . . .. .. ... ... ... ...
2.3 EEG-Based Visual Decoding and Visual-Stimulus Datasets . . . . . . ... .. ...
2.4 Object Detection and ROI Localization . . . . . . .. ... .. ... ... ... ...
2.5 Attention, Gaze, and ROI Selection . . . . . . . . . ... ... ... .. .......
2.6 Positioning of This Thesis . . . . . . . . . . ...
Dataset

3.1 Original EEG-ImageNet Data . . . . . . . . ... ... .. .0
3.2 Subject Selection and Class Settings . . . . . . . . ... ... ...
3.3 Real-Image-Test Domain . . . . . . . . . .. .. .
3.4 LLM-Generated Cluttered Large Images . . . . . . .. ... .. ... ... .....
3.5 VQA Question-Answer Dataset . . . . . .. .. ... ... ... .. ... .. ...
3.6 Paste-Augmented Training Set for Stage 2 . . . . . . . . . ... ...
Methods

4.1 Stage 1: EEG-to-WNID Classification . . . . . . .. .. ... ... ... ... ....
4.2 Stage 2: YOLO-Based Target ROI Localization . . . . ... .. ... ... .....
4.3 Confidence-Gated Crop/Fallback Policy . . . . . .. ... ... ... ... ... ...
4.4 Stage 3: VLM-Based VQA . . . . . . . .
4.5 Semantic Answer SCOTING . . . . . . . . . . ..
4.6 SUMMATY . . . . . . o o e
Experiment Results

5.1 Experimental Class Settings . . . . . . . . . . . ...
5.2 Ewvaluation Metrics and Reporting Protocol . . . . . . . .. . ... ... ... ...
5.3 Stage 1: EEG-to-WNID Classification Results . . . . .. ... .. ... ... ....
5.4 Stage 2: Oracle and Gated ROI Localization Results . . . . . ... ... ... ...
5.5 Confidence-Gate Threshold Calibration . . . . . . . . ... . ... ... .......
5.6 Stage 3: VQA Accuracy Results . . . . . . . . . ... ...
5.7 Stage 3: Token Usage Results . . . . . . . . . . ... ... ...
5.8 Stage 3: FLOPs Results . . . . . . . . .. .
5.9 Ablation Study . . . .. ...



6 Conclusions and Discussion
6.1 Discussion of Stage 1 EEG Classification . . . . . ... ... ... ... .......
6.2 Discussion of Stage 2 ROI Localization . . . . . .. .. ... ... ... .......
6.3 Discussion of VQA Accuracy Across Visual Settings . . . . . .. .. ... ... ...
6.4 Discussion of Token and FLOPs Efficiency . . . . . .. .. ... .. ... ... ...
6.5 Error Propagation Across the Pipeline . . . . .. ... ... ... .. ........
6.6 Conclusion . . . . . . . . . .
6.7 Limitations . . . . . . . . e

References

A Supplementary Wall-Clock Latency Evaluation
A.1 Scope and Measurement Protocol . . . . . . . .. ... .. ... ..
A.2 Stage-Resolved Results . . . . . . . . . ...
A.3 Interpretation and Measurement Boundary . . . . . . . .. ... ... ... ... ..

29
29
29
29
30
31
31
32

35



1 Introduction

1.1 Background and motivation

Vision-language models (VLMs) have become an important foundation for multimodal artificial
intelligence. By jointly processing visual and textual information, these models can perform tasks
such as image captioning, visual question answering, multimodal dialogue, and grounded visual
reasoning. Visual question answering (VQA), introduced as a task in which a system answers
natural-language questions about images, is especially representative because it requires both visual
perception and language-based reasoning [2]. More recent VLMs and multimodal large language
models, such as BLIP-2 and LLaVA, further demonstrate that connecting visual encoders with large
language models can enable strong general-purpose visual instruction following and multimodal
reasoning capabilities [12, 15].

Despite this progress, the computational cost of VLM inference remains a major limitation. Most
modern VLMs first encode an image into visual tokens or visual features before combining them
with the language input. In transformer-based architectures, the number of tokens directly affects
memory usage and computation, especially in attention-based processing [5]. This issue becomes
more severe when the input image is visually cluttered or contains many irrelevant background
regions. Although a VQA question often depends on only one object or a small local region, the
full image is typically still encoded and processed. This creates redundant visual computation and
increases inference latency, which is problematic for real-time applications, resource-constrained
deployment, and API-based systems where token usage is directly related to cost.

Recent work on efficient VLM inference has therefore investigated methods for reducing unnecessary
visual computation. Visual token sparsification and token pruning methods aim to remove redundant
visual tokens while preserving task-relevant information [28]. Efficient vision encoding methods,
such as FastVLM, reduce the number of visual tokens generated by the visual encoder and improve
the latency-accuracy trade-off for high-resolution image understanding [24]. These studies indicate
that reducing irrelevant visual information can be an effective way to accelerate VLM inference.
However, many existing approaches perform token selection inside the model or require model-
specific architectural changes. In contrast, this thesis studies an external preprocessing strategy:
selecting and cropping a task-relevant region before the image is passed to the VLM.

A natural way to reduce visual input size is to identify a region of interest (ROI) before inference.
If the relevant object or image region can be selected in advance, the downstream VLM can process
a smaller image crop instead of the full cluttered image. This may reduce token consumption and
inference latency while also improving or maintaining answer accuracy, because the cropped ROI
removes irrelevant background regions and focuses the VLM on the visual evidence most likely to
be needed for the question. Related work has explored gaze-guided VLM inference, where human
eye gaze is used as a signal for allocating visual computation to relevant image regions [26]. Gaze
is useful because it provides a spatially explicit indication of where a user is looking. Nevertheless,
gaze does not always perfectly reflect the user’s internal cognitive focus. Human attention can be
overt, where attention is aligned with eye fixation, or covert, where attention is directed without
a corresponding eye movement [17]. Therefore, gaze-based ROI selection may miss task-relevant
information when fixation and cognitive relevance diverge.

Electroencephalography (EEG) provides a complementary source of information. EEG is non-
invasive, relatively affordable compared with neuroimaging techniques such as functional magnetic



resonance imaging (fMRI) and magnetoencephalography (MEG), and has high temporal resolution.
Previous studies have shown that EEG signals contain information related to visual perception,
attention, and object recognition. Large-scale EEG visual recognition datasets show that neural

responses to natural images can be used for computational modeling and visual decoding [3]. More
recently, EEG-ImageNet introduced a larger EEG-image benchmark based on ImageNet stimuli and
provided benchmarks for object classification and image reconstruction from EEG signals [29]. In

its coarse-grained 40-class classification setting, the benchmark reports the strongest performance
with a multilayer perceptron (MLP) classifier using frequency-domain EEG features. This makes
the benchmark MLP method suitable for Stage 1. The goal here is not to propose a new EEG
classifier, but to integrate a reproducible EEG-to-WordNet ID (WNID) classifier into an ROI
localization and VQA efficiency pipeline.

These developments suggest that EEG can provide semantic information about the visual target
being perceived or recognized. Unlike gaze, EEG does not directly provide a two-dimensional
coordinate in the image. However, it can potentially indicate which object category the user is
cognitively processing. This motivates a different approach to ROI selection: first, infer the target
semantic category from the EEG, and then use an object detector to recover the corresponding
spatial region in a cluttered image. In this way, EEG is used as a neural semantic cue, while
computer vision is used for spatial localization.

1.2 Problem Statement

This thesis investigates EEG-based ROI selection for efficient VLM-based VQA. The central problem
is whether EEG signals can help identify a target visual category and guide the extraction of a
smaller visual input that preserves answer accuracy while reducing token consumption and profiled
computation. The proposed approach deliberately avoids predicting bounding boxes directly from
EEG alone. Instead, it decomposes the task into semantic decoding, spatial localization, and
downstream VQA.

In Stage 1, the system reproduces the EEG-ImageNet coarse-grained MLP classification method
and uses it as the EEG-to-WNID module. Given an EEG segment, the classifier predicts the target
ImageNet category, represented as a WNID [29]. In Stage 2, a YOLO-based object detector localizes
the predicted target category in a cluttered image and returns a bounding box. YOLO-based
detectors are suitable for this stage because they formulate object detection as direct prediction
of bounding boxes and class probabilities from the image, making them widely used for efficient
detection [19, 25]. In Stage 3, the system follows a confidence-gated framework policy: it uses the
selected crop only when the Stage 1 and Stage 2 confidence gates are satisfied, and otherwise falls
back to the full image.

A key part of this thesis is to distinguish between oracle localization, gated localization, detected
crop evaluation, and complete framework evaluation. Oracle localization gives Stage 2 the ground-
truth WNID and therefore isolates detector capability. Gated localization uses the Stage 1 predicted
WNID and assigns zero IoU when Stage 1 predicts the wrong category, thereby measuring semantic
error propagation. In Stage 3, crop-detected accuracy evaluates the VLM only on trials where a
crop is available, while framework accuracy evaluates the actual runtime policy over all logical
trials, including full-image fallback when no crop is available.



1.3 Dataset Motivation

A major challenge in studying EEG-based ROI selection is the lack of directly suitable datasets.
Existing EEG-image datasets are mainly designed for category-level decoding, neural representation
analysis, or image reconstruction. EEG-ImageNet provides EEG recordings associated with
ImageNet image stimuli and supports object classification and reconstruction benchmarks [29].
However, it does not directly provide cluttered large images with explicit bounding-box annotations
that indicate where the EEG-related target object appears in a complex scene. As a result, it is
not directly sufficient for evaluating EEG-based ROI localization in the context of downstream
VLM inference.

To address this gap, this thesis extends an EEG-image classification setting into an EEG-based
ROI localization and VQA setting. Starting from the coarse-grained EEG-ImageNet categories,
we construct generated cluttered images in which the target object appears within a broader
visual context and annotate the target ROI with a bounding box. We also constructed a test set
based on real images and annotated bounding boxes, thereby separating the evaluation of the
generated image set from that of external natural images. This separation is important because
the performance of the generated images alone cannot prove their robustness to real photographs.

1.4 Research Questions

The central research question of this thesis is:

Can EEG-based region-of-interest selection reduce the inference cost of VLM-based
visual question answering while preserving or improving answer accuracy?

This question is divided into the following research questions:

RQ1: How accurately can EEG signals predict the target category under different class settings?

RQ2: How well can a YOLO-based detector localize the target object in cluttered images when
provided with the ground-truth WNID?

RQ3: How well does the full EEG-to-ROI pipeline perform when the detector relies on the WNID
predicted by the Stage 1 EEG classifier?

RQ4: Under the two-stage confidence-gated crop/fallback policy, can the complete framework
preserve or improve VQA accuracy while reducing visual tokens and FLOPs?

RQ5: How do results differ between the controlled generated-test set and the real-image-test set?

1.5 Contributions

The main contributions of this thesis are as follows.

e Dataset extension for EEG-based ROI localization and VQA. This thesis extends an
EEG-image classification setting into an ROI localization and VQA setting by constructing
generated cluttered images, explicit target-object bounding-box annotations, a real-image-test
set, and English VQA question-answer pairs aligned with target ImageNet categories.



" A three-stage EEG-to-ROI-to-VQA framework. The proposed framework rst predicts

the target WNID from EEG, then uses a YOLO-based detector to localize the corresponding
object, and nally evaluates the selected visual input in a VLM-based VQA setup. The
framework treats EEG as a semantic cue rather than as a direct spatial coordinate predictor.

A con dence-gated fallback policy for downstream VQA. The framework skips
localization after a low-con dence EEG prediction and accepts a crop only when a matching
detection passes the second con dence gate. Every rejected route falls back to the full image.
This avoids selecting a high-con dence box from an unrelated class.

Stage-level and end-to-end evaluation protocols. The thesis separates Stage 1 repro-
duction, Stage 2 oracle localization, Stage 2 gated localization, and Stage 3 framework-level
VQA. This makes it possible to identify whether failures come from EEG classi cation, object
localization, crop availability, or VLM answering.

Evaluation of VQA accuracy-e ciency trade-o s. The thesis de nes ve VQA accuracy

metrics together with matched token and GPU-pro led FLOPs metrics. These metrics compare
full-image VQA, crop-only diagnostics, strict crop-gated evaluation, and the complete fallback
framework.

Paste augmentation as an ablation. Paste-based training augmentation is evaluated
as a Stage 2 ablation. Because its e ect is mixed across class scales, the nal downstream
framework uses the LLM-only Stage 2 branch.

1.6 Thesis Structure

Section 2 reviews related work on VQA, VLM e ciency, EEG-based visual decoding, object
detection, and attention-guided ROI selection. Section 3 describes the EEG data, subject selection,
generated-test and real-image-test domains, bounding-box annotations, VQA question-answer set,
and paste augmentation used for ablation. Section 4 presents the three-stage method and the
con dence-gated crop/fallback policy. Section 5 de nes the evaluation metrics and reports Stage 1,
Stage 2, and Stage 3 results. Section 6 discusses the main ndings, error propagation, limitations,
and conclusion. Appendix A provides the supplementary stage-resolved wall-clock measurements.



2 Related Work

This thesis connects four lines of research: vision-language models and visual question answering,
e cient VLM inference, EEG-based visual decoding, and ROI selection using attention or detection-
based methods. Existing work has made substantial progress in each of these areas, but they are
usually studied separately. VLM e ciency research mainly focuses on pruning or compressing visual
tokens inside the model, while EEG-based visual decoding research mainly focuses on category
classi cation or image reconstruction. In contrast, this thesis studies whether EEG-based semantic
predictions can guide ROI localization and thereby improve the accuracy-e ciency trade-o of
downstream VLM-based VQA.

2.1 Vision-Language Models and Visual Question Answering

Visual question answering (VQA) was introduced as a task that requires a model to answer natural-
language questions about visual conten?]. Unlike standard image classi cation, VQA requires the
model to identify question-relevant visual evidence and combine it with language understanding.
This makes VQA a useful benchmark for evaluating grounded multimodal reasoning.

Early VQA methods were typically built by combining convolutional visual features with recurrent

or attention-based language models. With the rise of transformer architectures, vision-language
pre-training became a dominant paradigm. Models such as VILBERT and LXMERT introduced
transformer-based cross-modal representation learning by jointly modeling visual regions and
language tokens 6, 27]. Later models such as CLIP demonstrated that large-scale image-text
contrastive learning can produce transferable visual representationss]. BLIP further uni ed
vision-language understanding and generation through bootstrapped captioning and Iterin@d,
while BLIP-2 connected frozen image encoders with frozen large language models through a
lightweight querying transformer [LZ]. More recent multimodal large language models, such as
LLaVA, use visual instruction tuning to align visual encoders with large language models and
support open-ended multimodal dialogue and reasoning [15].

Despite these advances, standard VLM and VQA pipelines often process the full image even when
the question depends only on a local object or region. This can be ine cient in cluttered scenes,
where many visual tokens may correspond to irrelevant background content. This thesis builds on
VQA as the downstream evaluation task, but focuses on reducing the visual input before VLM
inference by selecting a target ROI guided by EEG-based semantic information.

2.2 E cient Vision-Language Model Inference

The computational cost of modern VLMs is closely related to the number of visual tokens generated
from the input image. Transformer-based vision models divide images into patches or visual tokens,
and attention-based computation scales with sequence lengtj.[ When high-resolution or cluttered
images are processed, the number of visual tokens can become large, increasing memory usage and
inference latency. This has motivated research on e cient VLM inference.

One line of work reduces computation by improving the visual encoder. FastVLM, for example,
introduces an e cient high-resolution vision encoder designed to reduce the number of visual tokens
and improve the accuracy-latency trade-o in VLM inference{4]. Another line of work reduces



the number of visual tokens after encoding. SparseVLM proposes visual token sparsi cation to
remove redundant visual tokens while preserving task-relevant information [28].

These methods treat redundant visual-token processing as one source of avoidable VLM cost.
However, most token-reduction methods operate inside the VLM or require modi cations to the
model architecture, token-selection mechanism, or inference pipeline. This thesis instead studies
an external ROI selection strategy. The image is cropped before it is given to the VLM. The
key question is whether the crop can be selected accurately enough to improve or maintain VQA
accuracy while reducing token usage and latency.

2.3 EEG-Based Visual Decoding and Visual-Stimulus Datasets

Electroencephalography (EEG) is widely used in brain-computer interface (BCI) research because it
is non-invasive, relatively low-cost, and has high temporal resolutiofi§]. Compared with functional
magnetic resonance imaging (fMRI) or magnetoencephalography (MEG), EEG provides weaker
spatial resolution and is more sensitive to noise, but it is more practical for real-time and portable
neural-signal applications. These properties make EEG a suitable modality for studying rapid
visual perception and user intent.

Previous work has shown that EEG signals contain information related to visual object recognition.
Spampinato et al. used EEG recordings collected while subjects viewed ImageNet images for
automated visual classi cation, demonstrating that EEG can encode category-relevant information
about visual stimuli [21]. Later large-scale EEG visual recognition datasets further supported this
direction. For example, Giord et al. collected a rich EEG dataset for modeling human visual
object recognition with natural images, showing that EEG responses can be used for computational
modeling of visual processingl]. EEGNet also provides an important neural-network baseline for
EEG classi cation by introducing a compact convolutional architecture for BCI tasks11], although

it is not the nal Stage 1 model used in this thesis.

Visual-stimulus datasets have also played an important role in connecting computer vision and
neuroscience. ImageNet provides large-scale image labels based on the WordNet hiera#ghwhile
Microsoft Common Objects in Context (MS COCO) provides object detection, segmentation, and
caption annotations for complex natural scenes {]. In neuroimaging, the Natural Scenes Dataset
(NSD) provides large-scale fMRI responses to natural images and has become an important resource
for linking visual neuroscience and arti cial intelligence 1]. Other datasets, such as BOLD5000
and Generic Object Decoding, have also supported visual decoding and analysis [3, 9].

More recently, EEG-ImageNet extended EEG-based visual decoding by collecting EEG recordings
from 16 participants exposed to 4000 ImageNet images across 80 categories, including 40 coarse-
grained and 40 ne-grained categories [29]. Its benchmark reports object classi cation and image
reconstruction results, with the multilayer perceptron (MLP) achieving the strongest average
performance in the coarse-grained 40-class classi cation setting. This thesis uses that benchmark
setting as the basis for Stage 1, reproducing the MLP-based EEG-to-WordNet ID (WNID) classi er
rather than proposing a new EEG architecture.

However, existing EEG visual decoding datasets are mainly designed for category classi cation,
representation analysis, or image reconstruction. They do not directly provide cluttered large
images with bounding-box annotations specifying where the EEG-related target object appears
in a complex scene. This limitation motivates the dataset extension in this thesis: we construct
LLM-generated cluttered large images and ROI annotations aligned with EEG-predicted WNIDs,



thereby transforming category-level EEG decoding into a spatial ROI localization problem suitable
for downstream VQA evaluation.

2.4 Object Detection and ROI Localization

Object detection aims to localize objects in images by predicting bounding boxes. Region-based
detectors such as Faster R-CNN use region proposal mechanisms and have achieved strong detection
performance P(]. Single-stage detectors such as YOLO formulate detection as a direct prediction
problem and are widely used when e ciency is important [9). Later YOLO variants improved
real-time detection performance through architectural and training improvements [25].

This thesis uses a YOLO-based detector for Stage 2 ROI localization. The detector receives a
cluttered large image together with a target WNID and outputs the bounding box coordinates of
the target object. The purpose is not to detect every possible object and then perform a separate
post-hoc selection step; rather, the detector is evaluated as a target-class localization module
conditioned on the category predicted by Stage 1. This makes the detector a bridge between
EEG-based semantic prediction and spatial ROI extraction.

To evaluate Stage 2, this thesis distinguishes between two protocols. In the oracle protocol, the
detector is given the ground-truth WNID, and the resulting Oracle loU measures how well the
detector can localize the target when the semantic category is correct. In the gated end-to-end
protocol, the detector relies on the WNID predicted by the Stage 1 EEG classi er. If Stage 1
predicts the wrong WNID, the localization loU is set to zero. This Gated loU protocol captures
error propagation from EEG classi cation to object localization and is therefore a stricter measure
of the full pipeline.

2.5 Attention, Gaze, and ROI Selection

ROI selection is closely related to visual attention. In human vision, attention determines which
parts of a scene receive prioritized processing. Classic work distinguishes between overt attention,
where attention is accompanied by eye movements, and covert attention, where attention shifts
without a corresponding xation change [7]. This distinction is important because gaze location
does not always fully reveal the user's internal cognitive focus.

Eye-tracking datasets and gaze-guided models have been used to study visual attention and saliency.
SALICON, for example, provides large-scale mouse-contingent saliency annotations on MS COCO
images and has been widely used for saliency prediction][ More recent work has explored gaze-
guided VLM inference, where gaze information is used to guide visual token allocation or improve
robustness in multimodal reasoningZc]. These methods support the idea that human-derived
attention signals can guide e cient visual computation.

EEG provides a di erent type of signal. It does not directly indicate a spatial xation point, but it

can contain semantic information about the perceived or attended object category. Therefore, EEG
is complementary to gaze: gaze is spatially explicit, while EEG may be semantically informative.
This thesis takes advantage of this property by using EEG to predict the target WNID and then
using object detection to recover the spatial ROI. In this way, the pipeline combines neural semantic
decoding with visual spatial localization.



2.6 Positioning of This Thesis

The work in this thesis di ers from prior research in three main ways. First, unlike standard EEG
visual decoding studies, which usually stop at category classi cation or image reconstruction, this
thesis uses EEG-based category predictions to drive spatial ROI localization. Second, unlike most
e cient VLM methods, which reduce computation through internal token pruning or architecture
changes, this thesis reduces visual input externally by cropping the predicted ROI before VLM
inference. Third, unlike gaze-guided ROI methods, this thesis uses EEG as the guiding signal,
treating it as a neural source of semantic target information rather than a direct spatial pointer.
By combining EEG-based WNID prediction, YOLO-based target localization, and VQA-based

e ciency evaluation, this thesis studies a new EEG-to-ROI-to-VQA pipeline. The goal is to reduce
token consumption and pro led computation while evaluating whether the EEG-guided target
region can improve or maintain downstream VQA accuracy.



3 Dataset

This thesis extends the EEG-ImageNet category-decoding setting into an EEG-guided ROI lo-
calization and VQA evaluation setting. The resulting dataset components combine EEG-WNID
labels, real-image-test photographs, generated cluttered images, target-object ROI annotations,
and English VQA question-answer pairs. The generated and real-image test domains are reported
separately and are not mixed into a single average.

3.1 Original EEG-ImageNet Data

The EEG component of this thesis is based on EEG-ImageNet, a large-scale EEG dataset collected
with ImageNet visual stimuli [29]. The dataset contains EEG recordings from 16 participants
exposed to 4000 images selected from ImageNet-24)k [The visual stimuli cover 80 object categories,
with 50 images per category. These categories are divided into 40 coarse-grained categories and 40
ne-grained categories.

Each EEG sample corresponds to a participant viewing an image stimulus. The dataset provides
the EEG signal, the associated image index, the granularity label, and the ImageNet WNID. The
raw EEG data were collected with 62 electrodes at a sampling rate of 1000 Hz during a 0.5-second
image presentation window 19. In this thesis, all experiments use the coarse-grained category
setting only. The ne-grained task is not used because the ROI localization stage is aligned with
the 40 coarse target categories.

3.2 Subject Selection and Class Settings

Although the original EEG dataset contains recordings from 16 participants, we checked coarse-
category data, which showed that Subject 12 does not contain a complete set of EEG recordings for
one of the target WNIDs. Incomplete category coverage would make the training and evaluation
data inconsistent across class settings. Therefore, Subject 12 is excluded from all experiments. The
nal EEG subset contains 15 valid subjects.

Experiments are conducted under 10-class, 20-class, 30-class, and 40-class settings. The 10/20/30/40
class lists are not arbitrary pre xes of the o cial EEG-ImageNet category list; they are the Stage-
2-aligned WNID lists used consistently across EEG classi cation, ROI localization, and VQA
evaluation. This alignment is necessary because Stage 1 predictions must correspond exactly to the
categories for which cluttered images, bounding boxes, and VQA questions are available.

3.3 Real-Image-Test Domain

We rst constructed a real-image-test domain to evaluate the framework on real photographs. The
real-image-test set contains 40 classes, with 15 images per class, resulting in 600 images in total.
Each image has one validated target-object bounding box. The annotation le was checked to
ensure that all bounding boxes are non-empty, lie within the image boundaries, and match the
actual image dimensions. The 10/20/30-class real-image-test subsets are obtained by Itering this
40-class set with the corresponding Stage-2-aligned WNID lists.

However, the real-image-test images also have an important limitation. Most of them are strongly
centered on the target object and are less representative of complex real-life scenes. In many cases,
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