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Abstract. Assessments for disorders of consciousness are frequently con-
founded by absent or inconsistent behavioral output, particularly in cog-
nitive motor dissociation, motivating objective and interpretable EEG-
based visual-semantic evidence as an adjunct to bedside evaluation. We
present EEGRFusion, an EEG-to-image framework that projects EEG
into a visual-semantic space and enables (i) zero-shot image retrieval
and (ii) EEG-conditioned image generation, together providing clinician-
reviewable cues of stimulus-evoked processing. For robust EEG repre-
sentation, we introduce MAMD, a montage-aware temporal dual-path
encoder with a Mamba backbone. For generation, to address the CLIP
semantic bottleneck, EEG variability and related issues, we learn an
EEG-to-CLIP conditional prior using Rectified Flow and decode it with
a frozen diffusion backbone equipped with an IP-Control Fusion Adapter
to mitigate semantic and structural drifts. Experiments on THINGS-
EEG demonstrate improvements in retrieval accuracy and reconstruction
quality over baselines. We further provide uncertainty heatmaps demon-
strating multi-sample variability to facilitate risk-aware interpretation.
The code is available at https://github.com/hcy1026/EEGRFusion.

Keywords: EEG-to-image generation · Disorders of consciousness · Cog-
nitive motor dissociation · Robust EEG encoding · Control adapter.

1 Introduction

Disorders of consciousness (DoC) encompass clinical entities such as un-
responsive wakefulness syndrome, minimally conscious state, and related syn-
dromes, becoming a global clinical priority [7]. Although the Coma Recovery
Scale–Revised [6] is the clinical diagnosis criterion, it depends on overt behav-
ior that may be inconsistent in patients with cognitive motor dissociation
(CMD). Consequently, diagnostic errors persist. Previous clinical reviews re-
port up to 30% misclassification between clinical entities and up to 25% of DoC
⋆ Corresponding author
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patients may still exhibit covert neural signatures [16, 1]. Taken together, these
observations underscore the urgent need for clinically interpretable neurophysi-
ological evidence to aid behavioral assessment in patients with CMD.

Importantly, neural visual decoding and image reconstruction are supported
by recent progress in contrastive learning and generative modeling, notably CLIP
and diffusion, that substantially improve semantic fidelity and perceptual real-
ism [22, 17, 19, 25]. Although recent studies have demonstrated high-quality im-
age reconstruction from fMRI [17], fMRI has limited clinical scalability. In the
bedside CMD setting, EEG-to-image is therefore an appealing, reviewable form.
However, making EEG a reliable conditioning signal for a high-capacity image
generator remains challenging [22, 17, 13, 2]. CLIP spaces provide a strong anchor
for high-level semantics, whereas EEG contains abundant low-level perceptual
traces, which can be suppressed and lead to category-level generations rather
than instance-faithful reconstructions. Moreover, real-world EEG exhibits sub-
stantial trial-to-trial variability even within a subject. Consequently, mapping
EEG to a single deterministic image embedding can be brittle under regression-
style objectives, and the resulting instability may further manifest as structural
drift and inconsistency during diffusion decoding.

Motivated by these practical constraints, we present EEGRFusion as an
EEG-to-image framework. The goal is not to visualize raw EEG waveforms, but
to decode visual evidence by retrieving the viewed image and reconstructing a
stimulus-consistent image from EEG responses. We learn an EEG-to-CLIP con-
ditional prior via Rectified Flow, allowing trial-to-trial variability to be repre-
sented as a conditional distribution rather than being forced into a single point
estimate [15]. During diffusion decoding, we retain CLIP for high-level content,
while introducing a lightweight Control module to inject low-level structural
guidance and reduce layout drift [26, 20, 19, 25]. We report multi-sample uncer-
tainty heatmaps given the uncertainty-bearing nature of EEG. Since EEG can-
not directly serve as a reliable conditioning signal for a high-capacity generator,
we build a stable EEG backbone by encoding EEG into robust representations
via a montage-aware temporal dual tokenization and a long-sequence Bi-
Mamba backbone [4, 29], improving robustness under low SNR, montage per-
turbations, and channel dropout. In future clinical visual stimulus paradigms, we
interpret retrieval-based N-way identification and generation-based reconstruc-
tions as clinician-reviewable readouts of stimulus-evoked processing in DoC.

We summarize our contributions as follows:

1. We propose EEGRFusion, an EEG-to-image framework that produces clinician-
reviewable, uncertainty-aware retrieval and generation outputs as potential
adjunct evidence for future bedside assessment in DoC, particularly CMD.

2. We introduce MAMD, a montage-aware EEG encoder with temporal dual
tokenization that improves robustness under bedside EEG conditions. We
further use retrieval as a probe of embedding quality.

3. We develop RFFA, a Rectified-Flow-based prior and Fusion Adapter con-
trolled diffusion generator that trains a Control Adapter reducing structural
drift and enabling heatmaps for improved clinical reviewability.
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Fig. 1. Overview of EEGRFusion. Our method comprises three components: (i) a
MAMD (Montage-Aware Mamba Dual) encoder; (ii) an RFFA (Rectified-Flow prior
and Fusion Adapter) generator that learns a Rectified Flow prior; and (iii) an IP-
Control Fusion adapter with SDXL-Turbo.

2 Methodology

Our model EEGRFusion maps EEG signals into an interpretable and genera-
tive visual-semantic space, enabling two complementary capabilities: (i) EEG-to-
image retrieval and (ii) EEG-to-image generation. As illustrated in Fig. 1, EE-
GRFusion comprises three components: (i) a MAMD (Montage-Aware Mamba
Dual) encoder aligning EEG and image embeddings; (ii) an RFFA (Rectified-
Flow prior and Fusion Adapter) generator that learns a Rectified Flow prior to
model EEG and image embeddings; and (iii) an IP-Control Fusion adapter with
SDXL-Turbo for coarse-to-fine image generation refinement, improving struc-
tural stability and visual fidelity.

2.1 MAMD: Montage-Aware Mamba Dual Encoder

Electroencephalogram (EEG) differs fundamentally from typical modalities, since
it is an inherently coupled spatiotemporal signal. In addition, practical EEG
introduces low SNR, subject variability and montage perturbations. Motivated
by these properties, we design MAMD as a dual-path encoder: Temporal Path
models long-range temporal dependencies for global semantic dynamics, and
Spatial (Montage) Path injects electrode geometry and regional priors to
enforce topographic consistency and montage robustness.

To maintain consistency in symbols, let a batch of EEG segments be denoted
as X ∈ RB×C×T , where B is the batch size, C is the number of channels, and T is
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the number of temporal samples. A frozen CLIP image encoder ECLIP produces
image embeddings Zi ∈ RB×d from images, while a trainable EEG encoder
MAMD, denoted as fθ, produces EEG embeddings Ze = fθ(X) ∈ RB×d.

In the Temporal Path, we treat time as the token dimension and chan-
nels as the feature dimension. Specifically, omitting the batch dimension, we
permute each EEG sample from RC×T to RT×C , apply a linear projection and
add positional encoding. The resulting sequence is processed by a stack of lin-
ear and self-attention blocks followed by a reverse permutation to produce a
temporal representation UT . In the Spatial (Montage) Path, we first stan-
dardize channel indexing to an internal montage order and convert each chan-
nel segment into a token via value projection. Each token is then augmented
with montage-aware priors: Fourier-feature encoding maps electrode coor-
dinates into multi-frequency sinusoidal features and coarse region priors group
electrodes into broad scalp regions. We further perform FiLM [18] for token
modulation, and kNN graph mixing in electrode space to propagate local
neighborhood information [24]. The resulting sequence is then processed by Bi-
Mamba blocks, leveraging linear-time selective state-space modeling with bidi-
rectional scanning [29] to produce a montage-aware representation UM , which is
fused with UT by element-wise addition. Finally, a lightweight temporal-spatial
convolution and a projection head produce the EEG embedding Ze.

For cross-modal contrastive learning, given paired EEG and image embed-
dings {(Ze

k, Z
i
k)}Bk=1 in a batch, we compute cosine similarity in the shared latent

space and adopt CLIP-style symmetric InfoNCE loss:

LC = − 1

2B

B∑
k=1

[
log

exp(sim(Ze
k, Z

i
k)/τ)∑B

j=1 exp(sim(Ze
k, Z

i
j)/τ)

+ log
exp(sim(Zi

k, Z
e
k)/τ)∑B

j=1 exp(sim(Zi
k, Z

e
j )/τ)

]
(1)

where τ is the learnable temperature. Following Radford et al. [20], we tailor the
objective to tasks: retrieval uses only the CLIP loss to align EEG-image pairs to
improve representation discriminability, while generation adds a Mean Squared
Error (MSE) term LM = 1

B

∑B
k=1 ∥Ze

k − Zi
k∥22 to enforce regression consistency:

Loss = λ · LC + (1− λ) · LM (2)

where λ is a balancing hyperparameter that weights the CLIP and MSE losses.

2.2 RFFA–Rectified Flow Prior in the Embedding Space

With EEG-image alignment established, the generation problem can be re-
framed as sampling an image embedding H ∈ Rd from a conditional distribution
pθ(Zi | Ze). Taking the idea from Mind’s Eye [21] and ATMS [13], we learn a con-
ditional generative prior in the CLIP embedding space [2]. Rectified Flow models
generation as integrating an Ordinary Differential Equation (ODE) velocity field
from noise to data, offering stable training and efficient sampling [15].

During training, we define the linear interpolation and the target velocity:

xt = (1− t)x0 + tx1, v∗(xt, t) = x1 − x0 (3)
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where x0 ∼ N (0, I) is the noise endpoint, x1 = Zi is the target CLIP image-
embedding endpoint, t ∼ U(0, 1) is a uniformly sampled time point, xt is the
linear interpolation at time t, and v∗() is the target velocity. A conditional Prior-
UNet predicts vθ(xt, t,Ze) and is trained by MSE loss against the target velocity.
At inference, we integrate the learned ODE starting from xt=0 to finally obtain
ĥ = xt=1. To improve conditional fidelity, we use classifier-free guidance [11] to
combine conditional and unconditional velocity predictions:

vcfg(xt, t,Ze) = (1 + w) · vθ(xt, t,Ze)− w · vθ(xt, t,∅) (4)

where w is the guidance scale and ∅ denotes the unconditional prediction. Fi-
nally, we normalize and clamp ĥ to stabilize downstream conditioning.

2.3 RFFA–IP-Control Fusion Adapter for Image Refining

Even with a strong semantic embedding condition, structural drift can still occur
due to the inherent variability of bedside EEG. To stabilize layout while pre-
serving semantics, we introduce IP-Control Fusion Adapter, which combines
an IP-Adapter-based semantic injection [25] with a lightweight ControlNet-style
residual control branch [26] on top of the SDXL-Turbo diffusion backbone [19].

The Control Adapter takes a control image Ictrl and produces multi-scale
residual features R(l) that are injected into the frozen UNet features F(l):

F̃(l) = F(l) + σl(s)R
(l) (5)

where σl(s) denotes the control scale at training step s. We employ an annealing
schedule for σ so that the control influence is introduced gradually during train-
ing, which is warmed up over 2000 steps from 0.01 to 0.1, preventing early-stage
instability and encouraging the model to first learn semantic consistency.

Training follows the standard DDPM diffusion noise-prediction objective [10].
We keep pretrained SDXL-Turbo and IP-Adapter frozen and optimize only the
Control Adapter parameters by minimizing the ϵ-loss. Inference follows a coarse-
to-fine procedure: first generate a coarse image using IP-Adapter only, then
blur it to derive a control image, and finally generate a refined image with both
semantic (IP) and structural (Control) conditions enabled.

A key detail is how the control image Ictrl is defined during training. At
inference, Ictrl is derived from the model’s coarse prediction. However, using such
self-generated controls during early training provides little structure supervision.
Therefore, our Control Adapter is trained with a mixed GT-and-generative
control image. Specifically, we construct two control cues:

1. Stable ground-truth-based control: Apply a Gaussian-blur low-pass op-
erator to the ground-truth image to obtain Igtctrl.

2. Inference-mimicking generative control: Generate a coarse prediction
using the same diffusion backbone under IP-Adapter only with sampling
steps of 2, then apply the same blur operator to obtain Icoarsectrl .
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During training, we select the actual control image Ictrl from these two sources:

pcoarse(s) = pmax ·min

(
1,

s

Sanneal

)
(6)

with probability pcoarse(s), we use Icoarsectrl , otherwise we use Igtctrl. In addition, we
warm up the pcoarse to pmax = 0.8 over the first Sanneal(= 8000) steps.

3 Experiments

3.1 Datasets and Implementations

Dataset: We conduct retrieval and generation experiments on the THINGS-
EEG [9], a large-scale EEG corpus acquired from 10 subjects during a vi-
sual recognition task. The experiment uses a Rapid Serial Visual Presentation
paradigm with an orthogonal target-detection task to ensure sustained atten-
tion [9, 8]. For each subject, the dataset contains 16,540 training images, each
repeated 4 times, and 200 test images, each repeated 80 times. THINGS-EEG
serves as a reasonable healthy-subject benchmark for algorithmic validation un-
der stimulus-locked EEG before clinical validation in DoC patients.

Implementation: We follow the experimental protocols and data splits from
Li et al. [13]. All experiments are conducted on a single NVIDIA GeForce RTX
4090 with 24 GB. The proposed MAMD encoder is implemented in PyTorch and
trained for 30 epochs with a batch size of 64, using the Adam optimizer with
learning rate 1× 10−4 and initial temperature 0.07. For the generation module,
the Control Adapter is optimized using AdamW with learning rate 2×10−5 and
weight decay 1× 10−2. During inference, we set guidance scale to 5.0 and use 16
sampling steps for generation to reduce latency for time-sensitive clinical use.

3.2 EEG Encoder Performance

Retrieval experiments are conducted within subject. We evaluate encoder perfor-
mance through zero-shot retrieval-based N -way identification, reporting Top-1
accuracy for N ∈ {2, 4, 10, 50, 100, 200}, where each EEG embedding is matched
against one ground-truth image and N − 1 distractors. N candidates are ranked
by EEG-image embedding similarity. For the most challenging setting N = 200,
we additionally report Top-5 accuracy. Beyond aggregate accuracy, we report
the 2-way (i.e. N = 2) z-score to quantify separability relative to chance and
2-way-acc at 75% coverage as accuracy evaluated on the 75% most confident
predictions, characterizing reliability under selective prediction [5], as bedside
decisions can be preferentially made on high-confidence trials.

To ensure fair comparisons, we keep the training protocol and objective con-
stant. Specifically, all methods are trained with the same batch size and an
identical loss formulation. In Table 1 and Table 2, we report results from the
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Table 1. Retrieval-based identification performance for different encoders under the
same experimental conditions. We report Top-1 within-subject accuracy for 2-, 4-, 10-,
50- and 100-way. All values are reported as mean ± std in percentage.

Encoders 2-way ↑ 4-way ↑ 10-way ↑ 50-way ↑ 100-way ↑
CTNet[28] 94.05± 1.68 80.20± 3.27 62.10± 3.59 31.35± 4.24 21.45± 5.15
MSVTNet[14] 93.95± 1.85 78.25± 3.72 58.40± 6.13 26.90± 5.79 18.35± 5.17
CBraMod[23] 89.45± 2.98 70.25± 5.35 50.80± 6.14 22.80± 5.14 14.85± 3.65
PBT[12] 92.60± 3.13 78.25± 6.12 59.70± 8.27 30.75± 7.16 22.00± 5.52
InceptionMI[27] 92.80± 2.40 77.85± 7.34 58.90± 7.90 29.65± 6.84 19.40± 6.58
EEGNex[3] 94.30± 1.31 81.50± 4.06 61.15± 5.90 31.65± 4.79 21.75± 4.03
ATMS[13] 96.75± 1.43 87.45± 3.63 72.20± 4.20 44.40± 6.33 34.25± 6.28
MAMD(Ours) 97.25±1.19 87.70±3.07 74.25±4.96 46.55±6.46 35.05±5.04

Table 2. We report 200-way Top-1 and Top-5 within-subject accuracy, together with
reliability diagnostics. All values are reported as mean ± std in percentage (2-way
z-score is raw).

Encoders 200-way ↑ 200-way-top5 ↑ 2-way-z ↑ 2-way-acc@cov75 ↑
CTNet[28] 14.45± 3.93 40.15± 5.90 12.45± 0.49 98.47± 0.99
MSVTNet[14] 11.70± 4.05 34.75± 6.24 12.43± 0.52 98.00± 1.07
CBraMod[23] 9.60± 2.96 28.55± 5.47 11.16± 0.84 95.20± 2.49
PBT[12] 14.30± 4.23 38.50± 8.48 12.05± 0.88 97.33± 2.53
InceptionMI[27] 13.55± 4.83 37.35± 9.31 12.11± 0.68 97.67± 1.96
EEGNex[3] 14.60± 3.67 39.50± 4.96 12.53± 0.37 98.87± 0.79
ATMS[13] 24.90± 5.51 55.55± 7.13 13.22± 0.43 99.40± 0.92
MAMD(Ours) 26.20±5.03 56.25±6.68 13.28±0.34 99.73±0.44

epoch with the best 2-way accuracy for each encoder, as this criterion is stable
and clinically interpretable, reflecting robust binary discrimination commonly
used in bedside EEG paradigms.

Our MAMD encoder demonstrates the best overall performance, distin-
guished by its consistently high accuracy, competitive stability and strong reli-
ability. Collectively, beyond serving as an encoder evaluation, the retrieval task
also provides a clinically relevant paradigm for assisting the diagnosis of CMD.

3.3 Image Generation Performance

Following prior studies, generation results are reported on Subject 8 for con-
sistency and fair comparison and are evaluated at three levels: (i) pixel-level
fidelity, measuring intensity agreement with the ground-truth target; (ii) struc-
tural similarity, capturing structure preservation and gradient-based distortions;
and (iii) high-level semantics, assessed via two-way identification in the feature
space of pretrained visual encoders. Results are summarized in Table 3.

We output an uncertainty heatmap computed from 10 stochastic gen-
erations as Fig. 2 to explicitly reflect both object reliability and structural
stability. Regions with higher uncertainty are highlighted as low-confidence evi-
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Table 3. Reconstruction quality comparison in Subject 8 with pixel-level, structural
and high-level metrics. (Control scale is set to 0.01.)

Methods Pixel-level Structural High-level
PixCorr ↑ PSNR ↑ SSIM ↑ GMSD ↓ AlexNet5 ↑ CLIP ↑ SwAV ↓

EEGImage[13] 0.1788 10.6133 0.4596 0.3008 0.5750 0.5548 0.6518
DreamDiffusion[2] 0.0919 11.8308 0.4224 0.2830 0.4969 0.5096 0.6993
EEGRFusion 0.2577 12.2634 0.4864 0.2881 0.8753 0.7878 0.6458

Table 4. Ablation of key components in our generation pipeline. Comparison of re-
construction quality in Subject 8. (Control scale is set to 0.01.)

Methods MAMD RF CA Pixel-level Structural High-level
PixCorr ↑ SSIM ↑ GMSD ↓ AlexNet5 ↑ SwAV ↓

EEGImage[13]
✗ ✗ ✗ 0.1788 0.4596 0.3008 0.5750 0.6518
✗ ✓ ✗ 0.2206 0.4742 0.2918 0.8882 0.6369
✗ ✓ ✓ 0.2356 0.4762 0.2898 0.8703 0.6463

EEGRFusion ✓ ✓ ✗ 0.2412 0.4846 0.2909 0.8930 0.6336
✓ ✓ ✓ 0.2577 0.4864 0.2881 0.8753 0.6458

dence, encouraging additional clinical verification and reducing over-reliance on
the automated output. Notably, with structural drift controlled, the heatmap
is most informative in the common mixed regime, where some samples remain
stimulus-consistent while others drift off-target.

Ablation study To isolate the contribution of each major component in our
pipeline, as Table 4 shows, we conduct controlled ablations and report a com-
pact subset of the assessment metrics. Specifically, we vary (i) the generation
backbone (standard diffusion/Rectified Flow), (ii) the presence of Control Adapter,
and (iii) the EEG encoder. Control Adapter strengthens structural adherence
while slightly suppressing semantic expressiveness, yet it still improves the per-
ceived visual quality and stability of the generated images.

Fig. 2. Example reconstructions for Subject 8. We visualize the ground-truth
image, generated reconstructions, uncertainty maps computed from 10 stochastic gen-
erations, and overlay maps under (i) no control and (ii) control scale = 0.01, showing
that control improves reconstruction quality and reduces structural inconsistency.
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4 Discussion and Conclusion

This paper proposes EEGRFusion, which integrates a montage-aware MAMD
encoder, a Rectified-Flow embedding prior, and an IP-Control Fusion Adapter
to deliver more stable reconstructions and uncertainty-aware evidence. EEGRFu-
sion addresses key challenges in EEG-conditioned generation, including the CLIP
semantic bottleneck that may suppress fine-grained perceptual cues as well as
EEG’s trial-to-trial variability and low SNR, thereby improving fidelity, stability,
and clinical reviewability and moving EEG-to-image modeling closer to practical
assistive assessment for DoC. Constrained by the absence of paired DoC/CMD
patient EEG-image data, this work should therefore be viewed as algorithmic
validation on a healthy-subject benchmark rather than clinical deployment. Fu-
ture research will perform comprehensive evaluation on clinical datasets, while
further mitigating the semantic trade-off introduced by structural control.
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