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Abstract

Existing evaluation protocols for brain visual decoding pre-
dominantly rely on coarse metrics that obscure inter-model
differences, lack neuroscientific foundation, and fail to cap-
ture fine-grained visual distinctions. To address these limita-
tions, we introduce BASIC, a unified, multigranular evalua-
tion framework that jointly quantifies structural fidelity, in-
ferential alignment, and contextual coherence between de-
coded and ground-truth images. For the structural level, we
introduce a hierarchical suite of segmentation-based met-
rics, including foreground, semantic, instance, and compo-
nent masks, anchored in granularity-aware correspondence
across mask structures. For the semantic level, we extract
structured scene representations encompassing objects, at-
tributes, and relationships using multimodal large language
models, enabling detailed, scalable, and context-rich com-
parisons with ground-truth stimuli. We benchmark a diverse
set of visual decoding methods across multiple stimulus-
neuroimaging datasets within this unified evaluation frame-
work. Together, these criteria provide a more discriminative,
interpretable, and comprehensive foundation for evaluating
brain visual decoding methods.

Code — https://github.com/weihaox/BASIC

Introduction

Recent advances in brain visual decoding (Takagi and Nishi-
moto 2023a; Ozcelik and VanRullen 2023; Scotti et al. 2023;
Xia et al. 2024a) have achieved remarkable success in recon-
structing visual stimuli from the neural activations. How-
ever, the evaluation protocols commonly used in this field
remain limited in several critical aspects. First, current met-
rics often saturate across state-of-the-art models, limiting
their discriminative capacity and obscuring substantive dif-
ferences in decoded results. Second, these metrics often lack
a neuroscientific foundation, failing to capture the percep-
tual validity of decoded outputs and their alignment with
human-like perception. Third, prevailing evaluation strate-
gies typically fail to reflect the multilevel and structured na-
ture of visual perception, neglecting key components such as
object semantics, scene understanding, and contextual rea-
soning. These limitations hinder rigorous benchmarking of
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brain decoding models and obscure the specific dimensions
along which reconstructions succeed or fall short.

What should brain decoding recover. Brain visual de-
coding aims to reconstruct visual experiences from neural
activations, recovering not only the appearance of stimuli
but also their structure, semantics, and perceptual salience.
A well-decoded reconstruction should reflect what the sub-
ject consciously perceived, preserving salient objects, their
attributes, spatial configuration, and overall scene coher-
ence. Since human visual perception is shaped by attention,
context, and prior knowledge, brain decoding must align
with the hierarchical nature of vision, spanning from low-
level pixel patterns to high-level semantic understanding.
Therefore, effective brain visual decoding requires both per-
ceptual accuracy and semantic integrity. It should faithfully
capture salient elements and spatial context in line with the
subject’s attention, while maintaining consistent inter-object
relationships and scene-level coherence.

What should we measure in brain visual decoding. Cur-
rent evaluation protocols, such as pixel-wise correlation or
feature-based similarity, often fall short in capturing the
full complexity of brain visual decoding. Low-level met-
rics tend to overlook scene semantics and perceptual plau-
sibility, while high-level black-box measures conflate mul-
tiple alignment aspects into a single score, offering limited
diagnostic insight. They struggle to determine whether the
“decoded” details truly originates from brain signals, or if
they are instead hallucinated constructs based on prototypi-
cal co-occurrences from pretrained generative models condi-
tioned on scene or object labels. Moreover, existing metrics
are often saturated, assigning uniformly high scores across
diverse methods and thus failing to capture fine-grained dis-
tinctions in reconstruction quality. We argue that an effec-
tive brain visual decoding metric should be neuroscientifi-
cally interpretable, grounded in principles of human visual
perception, and meet three key desiderata. First, it should be
multigranular, capturing perceptual alignment across multi-
ple abstraction levels — from basic object identification and
segmentation to semantic and spatial reasoning about at-
tributes and interactions. Second, it should be semantically
aligned with human perception, reflecting the way humans
interpret scenes, objects, and their relationships in a coher-
ent and meaningful manner. Third, it should be diagnosti-



cally informative, offering interpretable feedback on what is
correct, what is missing, and where the reconstruction fails.
Specifically, it should localize and characterize semantic and
structural errors in decoded outputs, such as object misiden-
tification, incorrect attributes, or implausible interactions.

Our method: BASIC. To bridge these gaps, we introduce
BASIC (Brain-Aligned Structural, Inferential, and Contex-
tual similarity), a unified, multigranular evaluation frame-
work for brain visual decoding. BASIC integrates structure
matching and semantic reasoning to systematically quantify
structural, inferential, and contextual alignment between de-
coded results and reference stimuli across diverse brain-to-
vision tasks in a structured and interpretable manner.

BASIC decomposes evaluation into three complemen-
tary perspectives, each reflecting a core aspect of perceptual
alignment in brain visual decoding: (a) structural similar-
ity quantifies the reconstructed visual structures, capturing
spatial organization and categorical boundaries. This con-
sistency with reference stimuli is operationalized through
a granularity-aware mask correspondence across the fore-
ground, semantic, instance, and component levels; (b) in-
ferential similarity measures semantic accuracy, evaluating
whether the decoded image conveys the same entities and
conceptual content as the reference. This is computed via
structured comparisons across object categories, attributes,
and inter-object relational graphs extracted using captions
from multimodal large language models; (c) contextual sim-
ilarity assesses perceptual and cognitive plausibility, exam-
ining whether the reconstructed scene forms an internally
coherent and contextually appropriate whole. This is evalu-
ated using MLLM-based scene reasoning to quantify narra-
tive consistency and global scene coherence.

BASIC offers a comprehensive view of decoding perfor-
mance across modalities (image, video, 3D) and neuroimag-
ing types (fMRI, EEG). Our framework facilitates both
quantitative comparisons and qualitative diagnostics, allow-
ing for fine-grained benchmarking of brain decoding models
across datasets. BASIC aims to (1) offer a more detailed and
interpretable evaluation of brain decoding results, (2) quan-
tify semantic plausibility in terms more closely aligned with
human cognitive processes, and (3) facilitate comparison of
decoding methods within a unified evaluation framework ap-
plicable across diverse stimulus-neuroimaging datasets. We
hope our method contributes to establishing a more system-
atic foundation for brain visual decoding evaluation.

Related Work

Brain visual decoding. The task of brain visual decod-
ing aims to reconstruct perceived visual stimuli, such as im-
ages, videos, or 3D shapes, from recorded neural activations.
Recent progress in this domain has been closely tied to ad-
vancements in computational modeling frameworks. Early
methods primarily involved training neural networks from
scratch to learn mappings between brain activity and visual
features. However, these models often suffered from lim-
ited fidelity and exhibited artifacts and poor visual quality
in the reconstructed outputs. Recent developments have led
to significant improvements due to the emergence of mul-
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timodal generative models (Radford et al. 2021; Rombach
et al. 2022; Xu et al. 2023) and large-scale brain-stimulus
datasets (Wen et al. 2018; Allen et al. 2022; Gao et al.
2024; Guo et al. 2025). These resources have facilitated a
new generation of decoding paradigms that leverage inter-
mediate representations from pretrained generative models
and align them with neural responses through various strate-
gies, including linear regression (Ozcelik and VanRullen
2023; Takagi and Nishimoto 2023a), diffusion priors (Scotti
et al. 2023, 2024), or feature-wise reconstruction (Xia et al.
2024a; Xia and Oztireli 2025b,a). Recent efforts have also
focused on eliminating dependence on subject-specific en-
coders (Scotti et al. 2024; Wang et al. 2024a; Xia et al.
2024a; Tian et al. 2025; Gong et al. 2025), demonstrat-
ing promising progress toward subject-independent brain
decoding. Besides the commonly used fMRI-image Nat-
ural Scenes Dataset (NSD) (Allen et al. 2022), a grow-
ing body of research has explored alternative combinations
of neuroimaging modalities and stimuli, such as fMRI-
video (Wen et al. 2018), fMRI-3D (Gao et al. 2024), EEG-
image (Grootswagers et al. 2022), EEG-video (Liu et al.
2024b), and EEG-3D (Guo et al. 2025) decoding. These ex-
plorations broaden the scope of brain decoding and offer
new insights into the neural representation of dynamic and
immersive visual experiences.

Brain decoding evaluation. The evaluation metrics for
visual brain decoding lack a universally accepted stan-
dard. Different stimulus-neuroimaging combinations em-
ploy varying evaluation protocols. For instance, the follow-
ing eight metrics are commonly used on NSD: PixCorr,
SSIM (Wang et al. 2004), AlexNet (Krizhevsky, Sutskever,
and Hinton 2017)-2/5, Inception (Szegedy et al. 2016),
CLIP (Radford et al. 2021), EffNet (Tan and Le 2019), and
SwWAV (Caron et al. 2020). The first four metrics are consid-
ered low-level, focusing on perceptual similarity and pixel-
wise or structural correspondence. In contrast, the latter four
are used to evaluate semantic decoding or high-level rep-
resentations, emphasizing the overall theme or content of
the reconstructed images. For other stimulus-neuroimaging
setups, evaluation protocols remain inconsistent. Metrics
such as m-way classification accuracy (Guo et al. 2025),
CLIP-based Pearson correlation (Gong et al. 2024), mask-
matching ratios (Li et al. 2025), and modality-specific eval-
uation metrics (Gao et al. 2025) have all been reported in the
recent literature. However, prior metrics overlook the hierar-
chical nature of perception and struggle to distinguish mod-
els with subtle differences. In contrast, our BASIC frame-
work offers a unified, multigranular evaluation across struc-
tural, inferential, and contextual dimensions, enabling more
nuanced and interpretable comparisons.

BASIC: Evaluating Brain Visual Decoding

BASIC provides a versatile evaluation framework for brain
visual decoding across diverse combinations of visual stim-
uli and neuroimaging modalities. This section details the
evaluation dimensions and the two complementary modules
of our BASIC metric: BASIC-H integrates the inferential
and contextual dimensions of BASIC into a unified mea-
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Figure 1: BASIC evaluates decoded reconstructions along two axes: high-level semantic (BASIC-H) and low-level structural
(BASIC-L) similarities. For the semantic axis (inferential and contextual), we extract and compare structured representations
from reconstructed and ground-truth images. For the structural axis, we compute mask-based matching across fine-grained
segmentation types of identified scenes and objects: salient, semantic, instance, and parts.

sure of high-level semantic correspondence, while BASIC-L
quantifies low-level structural alignment.

Evaluation Dimension

To gain deeper insight into how brain decoding models rep-
resent visual semantics across different levels of abstraction,
we develop a structured evaluation protocol grounded in key
conceptual dimensions of human visual perception: scenes,
objects, attributes, and relations. Each dimension is further
divided into subcategories as outlined in Table 1.

Scene reflects global properties, including overall layout,
geometric structure, event context, and stylistic tone. This
probes the holistic configuration and contextual coherence.

Object evaluates recognition and differentiation of ob-
jects in the scene, including both categorical accuracy (e.g.,
“cat” vs. “dog”) and semantic granularity—from object uni-
versality (e.g., identifying any “car”) to specificity (e.g., dis-
tinguishing an “ambulance” from a “sedan”).

Attribute covers appearance cues (e.g., color, texture,
material) and spatial properties (e.g., location, count). We
also extract symbolic visual information such as text using
optical character recognition.

Relation assesses interactions between entities, including
inter-object and object-scene relationships, as well as spatial
and part-whole relations (e.g., “wheel is part of car”), physi-
cal interactions (e.g., “man holding umbrella”), and dynamic
cues such as posture, expression, and motion.

Camera captures the photographer’s perspective and nat-
ural conditions during the shot, including viewpoint (e.g.,
frontal, top-down), motion (e.g., zoom, pan), and lighting.

These dimensions are motivated by principles in visual
neuroscience and cognitive psychology (Desimone et al.
1984; Puce et al. 1996), and aligned with the structure of
scene understanding in large multimodal models (Dong et al.
2024; Lu et al. 2025; Liu et al. 2023). These dimensions
are then organically integrated into structural, inferential,
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Dims. Details
scene layout, geometry, event, action, style
object category, universality, differentiation
attribute  appearance, position, quantity, symbols and text
relation  spatial or part-whole interaction, kinematics
camera lighting, camera angle, camera motion

Table 1: Evaluation dimension and details.

and contextual similarity components within our framework,
converted into two sub-indicators, as outlined below.

BASIC-H

BASIC-H quantifies high-level semantic correspondence by
integrating inferential and contextual similarities, which re-
spectively capture complementary aspects of conceptual ac-
curacy and narrative coherence, for a holistic evaluation of
reconstructed scene semantics. Specifically, BASIC-H op-
erates in an automated pipeline with three steps: (1) de-
tailed description generation, where state-of-the-art MLLMs
produce semantic-rich captions for both reconstructed and
reference images; (2) semantic graph construction, which
parses captions into semantic graphs representing objects,
attributes, and relations; and (3) structured semantic match-
ing, which computes semantic correspondace using sym-
bolic concept matching and embedding-based similarities.
See Fig. 1 for the method overview.

Detailed description generation. To support multigranu-
lar evaluation, we first prompt MLLMs to produce semanti-
cally rich descriptions from images. This description prompt
extracts detailed information across key semantic compo-
nents corresponding to the semantic dimensions outlined
in Table 1, including scene context, objects, object attributes,
inter-object relations, and camera viewpoint (when appli-
cable). Recent studies indicate that state-of-the-art MLLMs



Object Attribute Relation
Method P R FlI P R Fl P R pr | BASIGH
NSD (Allen et al. 2022)
SDRecon (Takagi and Nishimoto 2023a) 55.59 53.05 53.79 | 10.12 3873 14.96 | 40.15 3871 39.06 35.31
BrainDiffuser (Ozcelik and VanRullen 2023) | 57.87 59.11 58.09 | 13.35 4582 1943 | 4320 4442 43.50 39.71
MindEye (Scotti et al. 2023) 6294 60.64 6126 | 18.14 51.17 25.06 | 49.98 4842 48.84 44.30
DREAM (Xia et al. 2024b) 65.63 63.06 63.56 | 18.97 50.68 2592 | 5345 53.21 5291 46.37
MindEye2 (Scotti et al. 2024) 62.57 62.12 61.72 | 17.86 50.16 2471 | 49.72 49.17 49.07 44.39
MindBridge (Wang et al. 2024a) 59.00 58.35 58.19 | 13.70 45.69 19.49 | 4575 4578 45.43 40.16
UMBRAE (Xia et al. 2024a) 62.00 61.86 6144 | 17.51 51.32 2449 | 4891 4871 48.45 44.06
NeuroPictor (Huo et al. 2024) 63.00 61.05 6138 | 17.92 50.13 24.66 | 49.62 49.08 48.98 4421
NeuroVLA (Shen et al. 2024) 6536 65.03 64.57 | 21.27 53.73 28.65 | 53.80 52.86 52.95 47.88
SepBrain (Wang et al. 2024b) 62.10 60.19 60.57 | 16.62 4871 2331 | 48.03 4755 47.44 43.04
UniBrain (Wang et al. 2024b) 59.03 58.21 58.07 | 13.27 43.89 19.02 | 45.55 4558 45.25 39.89
STTM (Liu et al. 2025) 64.50 62.50 62.88 | 19.53 51.70 26.64 | 51.17 50.28 50.36 45.88
MindTuner (Gong et al. 2025) 62.55 62.64 6195 | 18.06 49.18 2473 | 50.22 50.10 49.80 44.63
BrainGuard (Tian et al. 2025) 63.63 6236 6243 | 18.66 5240 25.84 | 51.25 50.72 50.60 45.43
EEG-Things (Grootswagers et al. 2022)
ATM (Li et al. 2024) 44.54 4451 43.77 | 9.65 3848 14.46 | 36.74 36.63 36.28 30.55
CognitionCapturer (Zhang et al. 2025) 4220 4399 4259 | 756 3456 11.67 | 3431 3574 34.70 28.64
CC2017 (Wen et al. 2018)
MinD-Video (Chen, Qing, and Zhou 2023) 4756 45.05 4534 | 695 29.27 10.57 | 3242 31.10 31.32 28.63
NeuroClips (Gong et al. 2024) 62.82 61.68 61.28 | 17.12 50.82 24.30 | 53.91 56.33 54.42 45.12
DecoFuse (Li et al. 2025) 4735 47.12 46.74 | 626 28.12 9.77 | 32.75 32.18 32.11 29.03
SEED-DV (Liu et al. 2024b)
EEG2Video (Liu et al. 2024b) \ 66.05 65.75 64.36 \ 2543 51.85 3220 \ 54.63 56.02 54.59 \ 49.54
fMRI-Shape (Gao et al. 2024)
MinD-3D (Gao et al. 2024) 41.52 3642 37.59 | 13.52 44.00 19.15 | 4249 41.12 41.26 30.95
MinD-3D++ (Gao et al. 2025) 4135 3792 38.12 | 20.03 61.89 27.80 | 44.82 43.39 43.57 35.08
EEG-3D (Guo et al. 2025)
Neuro-3D (Guo et al. 2025) \ 3579 32.86 34.26 \ 6.32 2792 10.32 \ 23.41 29.87 26.24 \ 23.08

Table 2: BASIC-H scores across stimulus-neuroimaging datasets. This metric — along with sub-indicators for Precision (P),
Recall (R), and F1, each evaluated over Objects, Attributes, and Relations — provides a quantitative assessment of the high-level
semantic correspondence between the reconstructions and the original stimuli. Best and second best are highlighted.

can generate captions on par with human experts, albeit with
occasional hallucinations (Lu et al. 2025; Dong et al. 2024).

Semantic graph construction. Given detailed captions,
we first segment them into individual sentences using
NLTK (Loper and Bird 2004). We then extract key visual
elements — objects, attributes, and relations — using a T5-
based factual parser (Li et al. 2023). To handle objects men-
tioned across multiple sentences in the caption, we con-
solidate references to the same object into subcaptions and
bind attributes to the correct instances, avoiding indiscrim-
inate merging. For directional relations (e.g., subject-object
pairs), we concatenate relevant sentences to maintain rela-
tional coherence (Lu et al. 2025; Dong et al. 2024).

Structured semantic matching. The matching process
aligns the extracted objects, attributes, and relations in three
steps: (a) exact matching, which identifies direct lexical
matches between visual elements from the reconstruction
and the reference stimuli; (b) synonym matching, which
aligns semantically equivalent terms, such as “building”
and “edifice” for objects; “bright blue” and “azure” for at-
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tributes; “next to” and “beside” for relations; and (c) se-
mantic matching, which computes cosine similarity for any
remaining unmatched elements based on contextual mean-
ing. This multi-step process ensures that all visual elements,
whether directly mentioned or linguistically varied, are ap-
propriately matched across decoded and reference images.

Finally, we compute semantic alignment scores based on
the matching results. To mitigate the effects of omissions
and hallucinations in MLLM outputs, we evaluate precision,
recall, and F1 scores for each type of visual element (ob-
ject, attribute, relation), based on the matching outcomes.
The overall BASIC-H score is computed as a weighted sum
of the three F1 scores, with weights of aj, as, ag as-
signed to objects, attributes, and relations, respectively. Pre-
cision penalizes hallucinations by measuring the proportion
of correctly matched elements among all generated ones,
whereas recall captures omissions by evaluating how com-
pletely the reference content is recovered. Their combination
in F1 score enables a balanced assessment of both over- and
under-generation issues common in MLLM outputs.



F (Foreground) B (Binary) S (Semantic) I (Instance) P (Part)
Method IoU AP | IoU AP | ToU AP | IoU AP | lou Ap | BASIGL
NSD (Allen et al. 2022)
SDRecon (Takagi and Nishimoto 2023b) 9.03 13.06 | 3890 4997 | 15.08 2143 | 17.84 1.07 4.38 6.79 11.81
BrainDiffuser (Ozcelik and VanRullen 2023) | 17.96 20.21 | 38.98 4585 | 18.66 20.78 | 20.09 194 | 7.86 7.82 16.65
MindEye (Scotti et al. 2023) 19.20 2279 | 45,53 55.17 | 1873 2194 | 20.36 1.99 7.49 8.26 17.03
DREAM (Xia et al. 2024b) 23.62  26.10 | 46.03 57.10 | 21.15 24.13 | 21.41 232 | 9.22 8.79 19.57
MindEye2 (Scotti et al. 2024) 2529 2627 | 4793 57.52 | 2433 2568 | 24.09 345 | 1232 11.03 22.16
MindBridge (Wang et al. 2024a) 16.24  19.04 | 40.51 4895 | 16.87 19.81 | 18.61 1.54 | 6.30 6.78 15.00
UMBRAE (Xia et al. 2024a) 21.33 2462 | 4096 48.53 | 1894 21.16 | 20.29 2.15 8.43 8.47 17.89
NeuroPictor (Huo et al. 2024) 2945 31.29 | 4779 5648 | 27.97 29.57 | 2647 4.08 | 17.17 15.84 25.88
NeuroVLA (Shen et al. 2024) 16.03 20.85 | 44.09 5442 | 13.84 1754 | 17.57 134 | 4.38 5.57 13.54
SepBrain (Wang et al. 2024b) 21.22 2372 | 45.06 5347 | 20.88 23.32 | 21.98 2.51 | 8.79 8.98 18.84
UniBrain (Wang et al. 2024b) 1524 18.02 | 3748 45.09 | 1499 17.75 | 1745 1.06 5.54 6.07 13.79
STTM (Liu et al. 2025) 27.31 2944 | 4935 59.05 | 24.61 26.37 | 24.19 3.50 | 12.55 11.65 22.90
MindTuner (Gong et al. 2025) 15.38 16.66 | 40.74 49.02 | 2146 24.50 | 21.49 1.97 8.16 8.13 16.98
BrainGuard (Tian et al. 2025) 2590 28.07 | 49.22 5899 | 23.34 25.21 | 23.98 3.29 | 10.82 10.32 21.76
EEG-Things (Grootswagers et al. 2022)
ATM (Li et al. 2024) 13.87 18.77 | 3946 50.14 | 22.85 34.69 | 22.02 215 | 11.13 17.07 17.60
CognitionCapturer (Zhang et al. 2025) 10.26  12.71 | 3331 40.67 | 21.37 29.84 | 20.75 1.37 | 13.08 17.26 16.22
CC2017 (Wen et al. 2018)
MinD-Video (Chen, Qing, and Zhou 2023) 12.82 2420 | 4489 53.50 | 20.29 33.57 | 19.87 3.53 | 6.83 14.69 15.25
NeuroClips (Gong et al. 2024) 2437 31.59 | 65.51 73.39 | 28.23 36.00 | 28.74 7.73 | 9.82 13.14 23.52
DecoFuse (Li et al. 2025) 12.32  18.07 | 49.87 59.46 | 22.33 34.63 | 20.87 2.74 | 4.06 9.80 15.31
SEED-DV (Liu et al. 2024b)
EEG2Video (Liu et al. 2024b) ‘ 27.77  32.82 ‘ 5726  69.97 ‘ 2293 31.96 ‘ 2341 3.51 ‘ 3.10 7.10 ‘ 20.54
fMRI-Shape (Gao et al. 2024)
MinD-3D (Gao et al. 2024) 5.69 8.10 5.69 8.10 | 1991 29.35 | 1938 1.45 | 1596 2530 14.72
MinD-3D++ (Gao et al. 2025) 3.80 5.23 3.80 523 | 16.03 35.83 | 1796 1.83 | 1494 36.19 12.62
EEG-3D (Guo et al. 2025)
Neuro-3D (Guo et al. 2025) ‘ 2.39 3.65 ‘ 2.39 3.65 ‘ 13.77 25.92 ‘ 1225 1.02 ‘ 12.33  18.56 ‘ 9.69

Table 3: BASIC-L scores across datasets. This metric evaluates low-level structural correspondence between reconstructed and
reference images at four granularities: foreground saliency, semantic consistency, instance separation, and part-level delineation.

BASIC-L

BASIC-L evaluates the structural correspondence between
the reconstructed and reference images across four granu-
larities: foreground saliency, semantic consistency, instance
separation, and part-level delineation. The process first ex-
tracts key hierarchical visual components and organizes
them into natural language expressions in a progressively
granular, whole-to-part format using structured prompts. It
then applies referring expression comprehension to localize
specific objects in the scene based on these expressions. The
evaluation follows two steps:

Semantic instance categorization. We prompt MLLMs
to generate structured semantic annotations from images.
These annotations include object-centric identifications that
specify spatial roles (e.g., foreground or background), se-
mantic categories (e.g., “dog”, “tree”, “airplane”), and part-
level component decompositions (e.g., “head”, “trunk”,
“fuselage”). This process incorporates a multi-level decom-
position of visual elements, capturing a hierarchical view of
the scene components and facilitating further grounded seg-
mentation and multigranular structural alignment.

Progressive granular segmentation. The categories from
these structured annotations are then used as prompts for re-
ferring expression comprehension methods (Ren et al. 2023;
Kirillov et al. 2023), which produces segmentation masks
for each identified object and component. The segmentation
results are decided by the text and box thresholds, where
only the highest-similarity boxes exceeding the box thresh-
old and words with similarity scores above the text threshold
are considered as predicted labels (Liu et al. 2024a).

Hierarchical score calculation. We compare predicted
masks against those from the reference image across four
granularities: salient (foreground categories, F), binary
(foreground and background categories, B), semantic (all
distinct categories, S), instance (individual instances of all
identified object categories, I), and part (subobject com-
ponents, mostly salient foreground objects, P), computing
intersection-over-union (IoU) and average precision (AP).
We aggregate saliency, semantic, instance, and part-level
segmentation scores into the overall BASIC-L metric via a
weighted sum of respective IoUs using weights of 31, o,
B3, B4 for each granularity. This scheme prioritizes global
layout and object-level coherence while accounting for fine-
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Figure 2: BASIC performance.

grained details, reflecting the limited granularity of informa-
tion captured during the brain data acquisition experiments.

Experiments
Experimental Setup

Implementation details. We use LLaVA-1.6-13B (Liu
et al. 2023) as the default MLLM for detailed description
generation and semantic instance categorization. Ground
truth captions are obtained from human experts through er-
ror correction, missing element addition, and hallucination
removal, based on GPT-4o-generated captions, for better
alignment with human judgment. For multigranular segmen-
tation, we employ Grounded-SAM2 (Ren et al. 2023), an
open-source referring expression comprehension tool. The
default weights for BASIC-H and BASIC-L are set to 4:4:2
and 3:2.5:2.5:2, respectively, reflecting the empirically in-
formed importance of each sub-indicator in capturing se-
mantic and structural alignment. Experiments are conducted
on an NVIDIA A100 GPU. To ensure broad applicabil-
ity and methodological consistency, we refrain from us-
ing MLLMs or segmentation methods specifically designed
for video or 3D data. Instead, we retain an image-based
framework with automatic selection of representative video
frames and rendered 3D views that best capture key seman-
tics and structure from stimuli and decoded reconstructions.

Experimental Results

While previous metrics suffer from score saturation and fail
to effectively distinguish between method performances (see
supplementary material), our metrics enable more nuanced
evaluation. They offer clearer differentiation across objects,
attributes, and relations for high-level semantics, as well as
across salient, semantic, instance, and part-level granularity
for low-level structure. Detailed descriptions of each dimen-
sion are provided in Table 2 and Table 3.

Semantics: object, attribute, and relation. Table 2
presents a comparison of object, attribute, and relation pre-
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diction performance across several datasets. While prior
metrics often produce saturated or undifferentiated scores
across models, our proposed multigranular evaluation re-
veals meaningful variations in object coherence, attribute
accuracy, and relational plausibility, offering a more fine-
grained diagnostic lens. Here, for methods on NSD (Allen
et al. 2022), NeuroVLA (Shen et al. 2024), DREAM (Xia
et al. 2024b), and STTM (Liu et al. 2025) achieve the high-
est BASIC-H scores, reflecting their strength in modeling
rich visual semantics. This likely stems from detailed cap-
tion generation, complex visual semantics modeling, cross-
subject training, or their combinations. A closer compari-
son between NeuroVLA and DREAM shows that while both
models reconstruct correct instances (achieving higher pre-
cision) across the three semantic dimensions, NeuroVLA
misses fewer relevant instances (better recall). In con-
trast, SDRecon (Takagi and Nishimoto 2023b), BrainDif-
fuser (Ozcelik and VanRullen 2023), and UniBrain (Wang
et al. 2024b) lag behind with BASIC-H scores. These meth-
ods struggle notably with the identification of object cat-
egories, attributes, and relations, indicating limitations in
handling semantics or generalizing across visual categories.

Structure: salient, semantic, instance, and part. Table 3
reports performance across salient, binary, semantic, in-
stance, and part segmentation matching scores. For decod-
ing methods on NSD, NeuroPictor (Huo et al. 2024) leads
with the highest BASIC-L score, driven by its superior per-
formance in instance and part segmentation. This reflects its
ability to reconstruct fine-grained visual details and delin-
eate object boundaries from neural signals. STTM (Liu et al.
2025) and MindEye2 (Scotti et al. 2024) perform competi-
tively. SDRecon (Takagi and Nishimoto 2023b) and Neu-
roVLA (Shen et al. 2024) show relatively poor spatial struc-
tural fidelity. BrainGuard (Tian et al. 2025) achieves compet-
itive scores in salient and semantic categories but performs
less satisfactorily in instance and part segmentation. This in-
dicates that while the model captures the overall structure of
salient objects and categories, it faces challenges in distin-
guishing between multiple instances within the same cate-
gory and identifying sub-component relationships.

Fig. 2 provides performance of visual decoding mod-
els on NSD in terms of structural alignment (BASIC-
L) and semantic alignment (BASIC-H). Each point rep-
resents a model, revealing trade-offs between spatial fi-
delity and semantic coherence. Models closer to the top-
right demonstrate stronger performance across both dimen-
sions. For structural alignment, NeuroPictor (Huo et al.
2024), STTM (Liu et al. 2025), and MindEye?2 (Scotti et al.
2024) achieve the highest BASIC-L scores, reflecting bet-
ter spatial reconstruction. In contrast, semantic alignment
(BASIC-H) is best captured by NeuroVLA (Shen et al.
2024), DREAM (Xia et al. 2024b), and STTM (Liu et al.
2025), indicating superior semantic preservation.

Discussion

Toward open, stable, and versatile evaluation. Open:
Our evaluation pipeline is designed to be model-agnostic,
avoiding reliance on proprietary or task-specific components
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Figure 3: BASIC demonstrates stable and consistent performance in method evaluation across variations in (a) MLLMs (Liu
et al. 2023), (b) prompting strategies, and (c) thresholds for box and text (Ren et al. 2023).

to ensure broad applicability and reproducibility. While
models like GPT-40 are shown to have stronger multimodal
performance in captioning benchmarks (Lu et al. 2025;
Dong et al. 2024), they are not suitable for open, large-
scale benchmarking due to API restrictions and cost. We
use LLaVA-1.6-13B, which balances captioning accuracy
and computational efficiency. Stable: The methods under
our metrics demonstrate stable and consistent performance
despite variations in (a) MLLMs, (b) prompting strategies,
and (c) thresholds for box and text, as shown in Fig. 3.
The relative ranking and discriminative power across de-
coding methods remain consistent, although absolute scores
may vary slightly. The stable BASIC-H results across dif-
ferent MLLMs and prompts indicate that our metric reliably
captures semantic performance differences among methods.
Similarly, the BASIC-L scores provide consistent structural
evaluation across varying text and box threshold settings,
where only the highest similarity boxes exceeding the box
threshold and words with similarity scores above the text
threshold are considered predicted labels. Versatile: For
video and 3D data evaluation, instead of using modality-
specific tools, we maintain the same image-based pipeline,
with automatic selection of representative video frames and
3D-rendered views to ensure compatibility across formats
without compromising evaluation quality.

Toward informative diagnostic insight. This multigran-
ular, interpretable feedback provides fine-grained diagnos-
tic insights into brain-based visual decoding and can help
uncover blind spots. Decoding methods that rely on pre-
trained models benefit from powerful generative capabilities
but are also susceptible to systematic biases, often introduc-
ing hallucinated details such as prototypical co-occurrence
patterns. For instance, savannah may be infered when the
decoded scene label is giraffe even though the original stim-
ulus was a zoo. These hallucinations tend to affect high-
level contextual information—such as scene types or typi-
cal object-environment associations—whereas low-level at-
tributes (e.g., blue) and spatial relationships (e.g., to the left)
are less likely to be inferred without support from brain-
derived signals. BASIC-H mitigates this confound and al-
lows us to better isolate the contribution of genuine brain-
derived information and more accurately assess the true de-
coding performance. BASIC-H penalizes misidentifications,
such as hallucinated objects, incorrect attributes, and im-
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plausible relationships. These semantic-level discrepancies
are directly reflected in the precision and recall of object cat-
egories, attributes, and relations, offering interpretable sig-
nals beyond opaque scores from pretrained networks. The
segmentation-based BASIC-L scores also serve diagnostic
purposes, measuring structure correspondance across four
granularities: salient, semantic, instance and part.

Towards cross-dataset performance dissection. Our
evaluation follows a unified protocol across visual modali-
ties, enabling cross-dataset dissection. The fMRI-based im-
age reconstructions (Ozcelik and VanRullen 2023; Scotti
et al. 2023) consistently outperform EEG-based counter-
parts (Li et al. 2024; Zhang et al. 2025), attributable to intrin-
sic limitations of EEG in spatial resolution and information.
The fMRI-to-video reconstructions (Gong et al. 2024; Chen,
Qing, and Zhou 2023; Li et al. 2025) currently struggles to
preserve the structure of salient objects, but performs com-
parably to image modalities in terms of instance semantic
identification and structural preservation. The high perfor-
mance in EEG-to-video decoding (Liu et al. 2024b) appears
to reflect the simplicity of stimuli — short clips with promi-
nent foregrounds and minimal background clutter. Future
work explore more semantically rich and visually complex
video scenarios. For 3D reconstruction, both fMRI-based
and EEG-based visual decoding methods (Gao et al. 2024,
2025; Guo et al. 2025) struggle to recover even basic seman-
tics, despite simple, canonical structures of the target object
categories. The incapability in semantic identification and
structure preservation highlights the need for decoding mod-
els with stronger semantic and geometric priors.

Conclusion

We present a brain-based visual decoding evaluation frame-
work that captures the multigranular nature of human visual
perception. By integrating mask-based segmentation align-
ment with structured object-attribute-relation similarity, our
approach enhances performance discriminability, neurosci-
entific validity, and semantic interpretability. The resulting
BASIC metrics provide a comprehensive assessment across
structural precision, inferential accuracy, and contextual co-
herence. We benchmark diverse brain visual decoding mod-
els across six major stimulus-neuroimaging datasets under
a unified evaluation protocol, establishing the first standard-
ized, interpretable, and extensible benchmark for this task.
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