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Abstract. Decoding high-fidelity visual and linguistic content from non-
invasive brain recordings is fundamentally impeded by the severe modal-
ity misalignment between noisy neural signals and the structured latent
spaces of generative foundation models. This gap frequently results in ge-
ometric distortions in visual reconstruction and semantic drift in textual
decoding. To bridge this divide, we present NeuroAlign, a universal,
plug-and-play enhancer designed for seamless integration into diverse
neural decoding architectures. NeuroAlign orchestrates a dual-pathway
alignment strategy: it employs Hierarchical Dynamic Transport to stabi-
lize fine-grained spatial topology for visual fidelity, synergized with Con-
cept Memory Injection to explicitly anchor high-level global semantics.
A cross-attention fusion mechanism further adaptively harmonizes these
multi-scale representations, resolving feature conflicts before mapping
them into the generative prior. Extensive evaluations across state-of-the-
art baselines demonstrate the exceptional universality of our framework.
NeuroAlign consistently drives simultaneous gains in visual reconstruc-
tion and textual consensus, effectively mitigating generative hallucina-
tions. By aligning neural activity with the ground-truth perceptual mani-
fold, our work establishes a robust new standard for unified, multi-modal
brain decoding. The code is available at NeuroAlign-Code.

Keywords: Brain Decoding - Multimodal Alignment - Plug-and-Play -
Representation Learning

1 Introduction

Deciphering the neural code underpinning visual perception is a foundational
pursuit in neuroscience, holding profound implications for the advancement of
brain-computer interfaces (BCIs) and the mechanistic understanding of human
cognition [4I76]. Functional Magnetic Resonance Imaging (fMRI) serves as the
primary non-invasive proxy for this endeavor, offering a high-dimensional window
into the cortical substrates of visual experience [22/13]. Recently, the integration
of deep generative models has catalyzed a paradigm shift, enabling two frontier
capabilities: the reconstruction of high-fidelity visual stimuli and the decoding of
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semantic captions directly from brain activity [20024UT6125]. Collectively, these
fMRI-to-image and fMRI-to-text tasks constitute complementary modalities for
interrogating the visual mind, promising to bridge the chasm between biological
intelligence and artificial representation.

Despite these generative strides, neural visual decoding confronts a funda-
mental bottleneck at the encoding stage. Current fMRI encoders struggle to
capture the intrinsic relational structures required to cross the modality gap,
resulting in three critical limitations. First, Geometric Instability: Pointwise
objectives neglect the neural manifold’s topological geometry, inducing “man-
ifold fractures” that map adjacent neural states to disjoint latent regions [I1].
Second, Hierarchical Collapse: Existing architectures conflate multi-scale in-
formation through ad-hoc pooling, allowing coarse semantic priors to overwrite
fine-grained spatial details [9/14]. Third, Semantic Indeterminacy: Without
explicit guidance, regression-based projections are ill-posed, leading to semantic
ambiguity and drift that severely degrade performance during text-free infer-
ence [20124].

To bridge this divide, we introduce NeuroAlign, a universal plug-and-play
framework designed to align arbitrary fMRI encoders with pre-trained generative
decoders. To effectively address the encoder-decoder misalignment, our architec-
ture isolates the inductive biases required for geometric and semantic preserva-
tion into three synergistic modules. First, the Hierarchical Dynamic Transport
(HDT) module enforces strict geometric consistency by reformulating feature
refinement as a Sinkhorn-regularized optimal transport problem. To comple-
ment this, the Concept Memory Injection (CMI) module leverages a retrieval-
based mechanism, guided by a Concept Distribution Alignment (CDA) loss,
to anchor the decoding process with semantic prototypes, guaranteeing robust-
ness in text-free scenarios. Finally, the Cross-Attention Fusion (CAF) module
harmonizes these fine-grained spatial signals with coarse semantic priors via
asymmetric gated attention, preventing hierarchical collapse. Ultimately, Neu-
roAlign resolves intrinsic representation bottlenecks, offering a robust enhance-
ment paradigm that elevates decoding performance across both visual and lin-
guistic modalities without modality-specific retraining.

2 Method

2.1 Overview of NeuroAlign

As illustrated in Fig.[1] the NeuroAlign pipeline processes fMRI tokens through
three sequential stages: geometric regularization, semantic calibration, and cross-
scale fusion, as follows:

HDT Pool CMI,_ 5 CAF_ 5
X — Zﬁne — Zcoarse — Zcoarse — Z. (1)

Specifically, the Hierarchical Dynamic Transport (HDT) module first sta-
bilizes the geometric structure of tokens at fine resolution (e.g., Ty=256). These
features are then compressed to coarse resolution (e.g., T.=128), where Concept
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Fig. 1. Overview of the plug-and-play NeuroAlign framework. (a) HDT aligns fine-
grained token geometry via regularized optimal transport (Zane); (b) CMI rectifies
semantic drift by injecting retrieved prototypes from a concept bank into pooled coarse

tokens (Zeoarse); (¢) CAF integrates calibrated semantics back~int0 the fine resolution
via asymmetric cross-attention, yielding the robust condition Z for decoding.

Memory Injection (CMI) rectifies semantic drift using a retrieved concept
bank. Finally, Cross-Attention Fusion (CAF) propagates the calibrated se-
mantics back to the fine-grained level via gated fusion.

2.2 Hierarchical Dynamic Transport (HDT)

Standard attention mechanisms inherently rely on the assumption of token ex-
changeability, which neglects the spatial consistency required for fMRI signal de-
coding. Here, we introduce HDT to formulate feature refinement as an entropy-
regularized optimal transport problem, aiming to transport probability mass
between voxel-derived and latent token distributions from the noisy voxel space
to the structured latent manifold while minimizing geometric distortion costs.

Static-Dynamic Logit Decomposition. To capture both the invariant func-
tional topography and instance-specific activation patterns, we decompose the
transport cost for each head h. The static component ngt utilizes learnable
low-rank factors U, Up € RT*" to encode spatial priors, while the dynamic
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(h)

component L dyn 18 derived from content-aware query-key similarities:

T h h
uy » (XWE)(XWIHT
VT Vdy,

Static Prior Dynamic Content

L® = (1-7)

(2)

Sinkhorn Transport and Regularization. We obtain the transport plan
P™ by applying the Sinkhorn-Knopp algorithm to exp(L(") /7(t)), where 7(t)
is a temperature (entropic regularization strength) scheduled over training. To
encourage near doubly-stochastic transport and mass conservation, we add Lpg
to penalize row- and column-sum deviations:

B
_l 1 _ 2 T _ 2
'CDS*B;(”PJ 13+ (P 1—1)3). 3)

where 1 is a vector of ones. This auxiliary objective accelerates the convergence
of the Sinkhorn iterations.

Conservative Geometric Update. Using the aggregated plan P, we transport
the input features via a gated residual update with ReZero initialization:

Zine = X + Qgeo - 0(8geo) © (P(X ©s) — X). (4)

where s denotes token importance scores. This step aligns tokens geometrically
before semantic processing.

2.3 Semantic Calibration via CMI and CDA

While HDT improves structural consistency, fMRI features often suffer from
semantic ambiguity. We address this in the coarse-grained space to reduce com-
putational cost and enhance semantic robustness, as follows:

Hierarchical Pooling. First, we compress the fine features Zg,e into a coarse
representation Zeoarse € REXTe*P ysing attention pooling with T, = 128 learn-
able queries. This abstraction filters out high-frequency noise, creating a stable
basis for semantic injection.

Concept Memory Injection (CMI). We maintain a frozen concept bank
M ¢ REXP containing K~1500 prototype embeddings (e.g., from COCO-
Stuff |2], ImageNet [5] and Places [26]). For each coarse token, we retrieve rele-
vant concepts via sparse retrieval:

.

A = softmax <Masktop_k (Zcoarsqu (MW,) )) (5)
Te

The retrieved semantic context S = AM is then injected to rectify the coarse

features:

Zcoarse = Zcoarse + Qisem - U(MLPg([Zcoarse; S])) © MLPA([Zcoarse§ S]) (6)

This allows the model to “consult” clear semantic prototypes when the fMRI
signal is ambiguous.
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Concept Distribution Alignment (CDA). To supervise CMI, we introduce
a training-only objective. We compute the probability distribution over the con-
cept bank for both the image (teacher) and fMRI (student) embeddings. The
CDA loss minimizes the symmetrized KL divergence between them:

1
Lcpa = 3 (Dkr(pime||pevri) + D (peviri||pime)) - (7

Here, pimg acts as a semantic anchor, guiding the fMRI representation to match
the true concept distribution of the visual stimulus.

2.4 Cross-Attention Fusion (CAF)

The final stage uses a residual, gated fine-to-coarse attention block to propagate
calibrated semantics without overwriting fine-grained geometry.

Asymmetric Unpooling. Specifically, fine-resolution tokens Zgy, serve as queries,
while CMI-rectified coarse tokens Zgoarse provide keys and values:

Zdecoded = MUItlHead(Q = Zﬁne, K= Zcoar567 V = Zcoarse)~ (8)

Gated Fusion. An element-wise sigmoid gate then injects the decoded semantic
signal through a residual path, making CAF conflict-aware rather than a plain
cross-attention overwrite:

Z = Zﬁne + U(MLP([Zﬁne; Zdecoded])) ®© Zdecoded~ (9)

The final output Z is then fed into the generative decoder.

2.5 Optimization Objectives

The framework is trained end-to-end. The total objective combines the recon-
struction loss with the module-specific regularizations defined in Sec. 2:2] and

Sec. 2.3
L = Lrecon + AcpaLcpa + ApsLps. (10)

where Lyecon 18 the standard reconstruction loss (e.g., MSE or contrastive loss
depending on the decoder), and Acpa, Aps are hyperparameters balancing the
constraints, we fix Agpa = 0.2 and Apg = 1 for all experiments.

3 Experiments
3.1 Datasets and Implementation

Datasets. We evaluate our framework on the 7T high-resolution Natural Scenes
Dataset (NSD) [I], utilizing the four subjects (sub-01, 02, 05, 07) who completed
the full protocol. Neural responses were extracted from the “nsdgeneral” ROI
in native space (1.8mm resolution, 13k—16k voxels) to preserve subject-specific
spatial topography. Single-trial S-weights, estimated via GLMsingle [I5], were
voxel-wise z-scored using training statistics to prevent data leakage. Following
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Table 1. NeuroAlign (NA) plug-in results on fMRI—image (I) and fMRI—text
(T) pipelines. Task abbreviations combine modality (I/T) and setting (S: Single-
subject, C: Cross-subject). For frameworks, the suffix “-H” indicates the use of only
the high-level branch, whereas its absence denotes a dual-branch (low- and high-level)
configuration. The 1 / | indicate higher/lower is better.

Task Framework NA PixCt SSIM} A2} A5% Inct CLIPt Eff] SwAV]

I-S MindEye 0 3016 3256 92.88 96.58 94.07 93.04 .6542 3774
I-S  MindEye 1 .3169 .3334 93.21 96.76 94.59 93.38 .6367 .3731
I-S  MindBridge(S-H) 0 1425 2511 85.01 94.08 92.02  94.21 .7277 4237
I-S MindBridge(S-H) 1 1691 .2653 87.60 96.49 95.65 96.32 .6709 .3935
I-C  MindBridge(C-H) 0 1596 2654 86.27 95.01 92.44 94.35 .7182 4141
I-C MindBridge(C-H) 1 .1764 .2684 88.52 96.66 95.92 96.88 .6505 .3827
I-C  MindBridge(C) 0 3066 .3367 93.55 96.77 93.17  95.79 .6857 .3998
I-C  MindBridge(C) 1 3197 .3334 94.18 97.58 95.84 96.68 .6557 .3727
Task Framework NA Bit B2t B3t B4t CIDErt SPt C-St RC-St
T-S BrainCap 0 54.71 35.01 21.95 14.14 38.35 8.77 64.34 69.68
T-S BrainCap 1 56.28 38.87 26.47 18.29 50.30 10.74 67.00 72.07
T-S Umbrae(S) 0 57.57 38.36 25.43 17.23 52.24 11.88 66.41 72.21
T-S Umbrae(S) 1 58.19 38.98 25.99 17.72 54.29 12.42 66.95 72.75
T-C Umbrae(C) 0 58.80 39.65 26.65 18.19 55.73 12.46 67.08 72.87
T-C Umbrae(C) 1 60.92 42.87 28.48 20.58 62.12 14.42 70.29 75.78

standard protocols, we used 24,980 unique training trials per subject and 982
shared test images (averaged across 3 repetitions), paired with MS-COCO [12]
captions for multimodal tasks.

Implementation Details. Implemented in PyTorch on an NVIDIA RTX 5880
GPU, NeuroAlign was evaluated as a plug-and-play module across four state-
of-the-art baselines: MindBridge [23], MindEye [18], UMBRAE [25], and Brain-
Captioning [8]. Specifically, NeuroAlign was inserted between the fMRI encoder
and the generative decoder, with the entire architecture jointly optimized end-
to-end. For rigorous and fair comparison, all enhanced models and reproduced
baselines were trained under strictly identical hyperparameter, preprocessing,
and evaluation protocols.

Evaluation Metrics. We comprehensively evaluate multimodal decoding per-
formance across visual and linguistic dimensions. Visual reconstruction is eval-
uated using pixel-wise Pearson correlation (PixC), Structural Similarity Index
(SSIM), and AlexNet [10] features (A2, A5) for structural fidelity, alongside In-
ceptionV3 (Inc) [I9], CLIP-Vision (CLIP) [17], EfficientNet-B1 (Eff) [21], and
SwAV-ResNet50 (SwAV) [3] for semantic alignment. Linguistic decoding is as-
sessed via BLEU (B1-B4), CIDEr, and SPICE (SP), supplemented by cross-
modal CLIP-Score (C-S) and RefCLIP-Score (RC-S).

3.2 Result Analysis

Quantitative Results. To rigorously benchmark the universality of NeuroAlign,
we integrated our framework into state-of-the-art architectures across both visual
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Fig. 2. Qualitative decoding results on Subject 1. We compare MindBridge and
UMBRAE baselines against their NeuroAlign-enhanced versions. Original baselines fre-
quently exhibit semantic drift by missing key entities like surfboards or misidentifying
birds as fish. Conversely, integrating NeuroAlign effectively anchors global semantics to
ensure superior geometric fidelity in images and precise entity capture in text captions.

reconstruction and linguistic decoding tasks. As summarized in Table [3.I] Neu-
roAlign consistently outperforms baselines across almost all metrics, validating
its ability to enhance both geometric fidelity and semantic alignment. Table [3.1]
validates the universality of NeuroAlign across diverse decoding architectures.
(1) Visual Reconstruction: NeuroAlign consistently enhances geometric fi-
delity and semantic alignment. In the MindEye single-subject setting, it elevates
Pixel Correlation to 0.3169 and SSIM to 0.3334, while boosting CLIP similar-
ity to 93.38%. This robustness extends to MindBridge, where the challenging
cross-subject dual-branch integration achieves a Pixel Correlation of 0.3197 and
a CLIP similarity of 96.68%, significantly surpassing baseline capacities in recov-
ering spatial topology. (2) Linguistic Decoding: Improvements are even more
pronounced in captioning tasks. By equipping BrainCap with our concept injec-
tion mechanism, we observe a massive +11.95 point surge in CIDEr (reaching
50.30). Similarly, under the UMBRAE cross-subject setting, our model attains
a CIDEr score of 62.12 (vs. baseline 55.73). These substantial margins confirms
that NeuroAlign effectively anchors global semantics to mitigate hallucinations
and generate precise entity descriptions.
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Table 2. Ablation study of NeuroAlign components. We incrementally evalu-
ate the impact of Hierarchical Dynamic Transport (HDT), Concept Memory Injection
(CMI), and Cross-Attention Fusion (CAF) using the Mindbridge subject-1 baseline.
1/ | indicate higher/lower is better.

Variant HDT CMI CAF PixC} SSIM{ A2t A5t Inct CLIPt Eff] SwAV)

(a) Baseline 1616 .2870 89.08 96.07 93.19 9545 .6909 .4024
(b) + HDT v 1675 .3013  89.57 97.12 96.96 96.79 .6766 .3960
(c) + CMI v v 1712 .3068  89.78 97.80 96.57 97.41 .6775 .3874
(d) Full v v v 1776 .3074 90.31 98.21 97.28 98.11 .6684 .3652

Qualitative Analysis. Fig. [2|visualizes the qualitative superiority of our method.
(1) Baseline Failures: Vanilla baselines are plagued by severe semantic drift
and structural incoherence. Specifically, UMBRAE suffers from generative hallu-
cinations—misinterpreting a surfboard as “glistening sunlight”, misclassifying a
bird as a “fish” and describing a hot dog consumption scene as merely a “generic
smile”. Similarly, MindBridge fails to synthesize coherent visual entities, leaving
core structures absent. (2) NeuroAlign Rectification: Conversely, integrat-
ing Concept Memory Injection anchors global semantics, enabling the upgraded
UMBRAE to correctly retrieve precise prototypes (e.g., surfboard, bird, hot
dog). This semantic grounding synergizes with Dynamic Transport to elevate
visual fidelity in MindBridge, successfully reconstructing intricate details such
as surfboard and giraffe. By harmonizing local textures with global semantics,
NeuroAlign ensures decoded outputs faithfully reflect the original stimuli.

3.3 Ablation Studies

Table [2 reports an incremental, pipeline-order ablation on the MindBridge base-
line rather than a full factorial isolation. (1) Geometric Foundation: adding HDT
improves Pixel Correlation from 0.1616 to 0.1675 and SSIM from 0.2870 to
0.3013. (2) Semantic Anchoring: adding CMI further improves CLIP similarity
from 96.79 to 97.41 and A5 from 97.12 to 97.80. (3) Unified Harmony: adding
CATF integrates calibrated coarse semantics with fine-grained features, yielding
the best Pixel Correlation (0.1776) and CLIP similarity (98.11). These results
support the designed module order, while standalone modules, two-module vari-
ants, and simpler alignment controls remain future controlled comparisons.

4 Conclusion

In this work, we presented NeuroAlign, a universal plug-and-play framework
designed to bridge the fundamental modality gap in neural decoding. Through
comprehensive evaluations across diverse reconstruction architectures, we demon-
strated that NeuroAlign successfully reconciles the inherent tension between spa-
tial geometric fidelity and global semantic alignment. By synergizing Hierarchi-
cal Dynamic Transport with Concept Memory Injection, our approach explicitly
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anchors ambiguous neural signals to precise semantic prototypes, thereby ef-
fectively rectifying generative hallucinations and semantic drift. Furthermore,
ablation studies confirm that the Cross-Attention Fusion mechanism is essen-
tial for adaptively harmonizing these multi-scale representations. Ultimately,
NeuroAlign establishes a robust and highly adaptable new standard for unified
multi-modal brain decoding.
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