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Figure 4. R-VAC Training. To decipher semantics from fMRI, we
train an encoder €, in a contrastive fashion which aligns fMRI
data with the frozen CLIP space [27]. Data augmentation (repre-
sented by the dashed rectangle) [17] combats the data scarcity of
the fMRI modality. See Sec. 4.1 for more details.

Overview. Fig. 3 illustrates an overview of DREAM. It is
constructed on two consecutive phases, namely, Pathways
Reversing and Guided Image Reconstruction. These phases
break down the reverse mapping from fMRI to image into
two subprocesses: £MRT ~ {S,C,D} and {S,C,D} — 1.
In the first phase, two Reverse Pathways decipher the cues
of semantics, color and depth from fMRI with parallel
components: Reverse Visual Association Cortex (R-VAC,
Sec. 4.1) inverts operations of the VAC region to extract
semantic details from the fMRI, encoded as CLIP embed-
ding [27], and Reverse Parallel Parvo-, Konio- and Magno-
Cellular (R-PKM, Sec. 4.2) is designed to predict color and
depth simultaneously from fMRI signals. Given the lossy
nature of fMRI data and the non-bijective transformation
of image — fMRI, we then cast the decoding process as
a generative task while using the extracted S, C,D cues as
conditions for image reconstruction. Therefore, in the sec-
ond phase Guided Image Reconstruction (GIR, Sec. 4.3),
we follow recent visual decoding practices [34,35] and em-
ploy a frozen SD with T2I-Adapter [24] to generate images
through benefiting here the additional S, C, D guidance.

4.1. R-VAC (Semantics Decipher)

The Visual Association Cortex (VAC), as detailed in
Sec. 3, is responsible for interpreting the high-level seman-
tics of visual stimuli. We design R-VAC to reverse such
process through analogous learning of the mapping from
fMRI to semantics fMRT + S. This is achieved by training
an encoder E¢,,; whose goal is to align the fMRI embed-
ding with the shared CLIP space [27]. Though CLIP was
initially trained with image-text pairs, prior works [21,31]
demonstrated ability to align new modalities. To fight the
scarcity of fMRI data, we also carefully select ad-hoc data
augmentation strategy [17].

Contrastive Learning. In practice, we train the fMRI en-
coder Exyrr With triplets of {fMRI, image, caption} to pull
the fMRI embeddings closer to the rich shared semantic
space of CLIP. Given that both text encoder (£ ) and im-
age encoder (£;,y) of CLIP are frozen, we minimize the
embedding distances of fMRI-image and fMRI-text which
in turns forces alignment of the fMRI embedding with
CLIP. The training is illustrated in Fig. 4. Formally, with
the embeddings of fMRI, text, and image denoted by p, c,
v, respectively, the initial contrastive loss writes

exp (pi-vi/T)
S exp (pivi /7))
)]
where 7 is a temperature hyperparameter. The sum for each
term is over one positive and K negative samples. Each
term represents the log loss of a (K +1)-way softmax-based
classifier [12], which aims to classify p; as ¢; (or v;). The
sum over samples of the batch size n is omitted for brevity.

L, = —log ;Xp (ps-ci/7) —lo
>0 exp (pivc;/T)

Data Augmentation. An important issue to consider is
that there are significant fewer fMRI samples (=~ 10*) com-
pared to the number of samples used to train CLIP (10%),
which may damage contrastive learning [15,43]. To ad-
dress this, we utilize a data augmentation loss based on
MixCo [17], which generates mixed fMRI data 7y, , from
convex combination of two fMRI data r; and 7:

Tmix, x = Ai - 75 + (1= Xg) -7, (@)

where k represents the arbitrary index of any data in the
same batch, and its encoding writes p; = Eenri (Tmix, ,,)-
The data augmentation loss, which excludes the image com-
ponents for brevity, is formulated as

n

LixCo = — Z [)\Z. log S exp (p;-ci/T)

K
i=1 j=0 €XP (p}-c;/7)
exp (pf-cr/T)
7 .
> j=0€xp (pfcj/T)

3)

+(1—\;) - log

Finally, the total loss is a combination of £, and Lyixco
weighted with hyperparameter a:

Liotal = Ep + oLwmixCo - 4)
4.2. R-PKM (Depth & Color Decipher)

While R-VAC provides semantics knowledge, the latter
is inherently bounded by the CLIP space capacity, unable
to encode spatial colors and geometry. To address this is-
sue, inspired by the human visual system, we craft the R-
PKM component to reverse pathways of the Parvo-, Konio-
and Magno-Cellular (PKM), subsequently predicting color
and depth from the fMRI data denoted as fMRI+{C,D}.
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While color and depth can be represented in various ways
(e.g., histograms, graphs), we represent them as spatial
color palettes and depth maps to facilitate the reconstruc-
tion guidance, as discussed in Sec. 4.3. Visuals are in Fig. 3.

In practice, we formulate the problem as RGBD estima-
tion. The color palette is then derived from the RGB pre-
diction by first x64 downscaling it and then upscaling back
to its original size. There are readily available methods for
fMRI — RGBD mapping [7, 35] but they offer limited per-
formance due to the scarcity fMRI data. Instead, we intro-
duce a multi-stage encoder-decoder training [9], which ben-
efits from both the scarcely available (fMRI, RGBD) pairs
and the abundant RGBD data without fMRI. Fig. 5 shows
the training procedure for R-PKM.

Stage 1. Given limited pairs {(r, d) }={fMRI, RGBD}, we
first train an encoder to map RGBD to their corresponding
fMRI data. To compensate for the absence of depth in fMRI
datasets, we use MiDaS-estimated depth maps [28] as sur-
rogate ground-truth depth. The encoder is trained with a
convex combination of mean square error and cosine prox-
imity between the input r and its predicted counterpart 7

Ly (r,7) =B+ MSE(r,7) — (1 — ) cos(L(r, 7)), (5)

where f3 is determined empirically as a hyperparameter.

Stage 2. Similar to stage 1, we now train the decoder with
pairs {(r,d)} in a supervised manner:

Ly(d,d) = ||d—d|l, + T (d), (6)

where d = D(r) and the total variation regularization .7 (d)
encourages spatial smoothness in the reconstructed d.

Stage 3. To address the scarcity of fMRI data and improve
the model generalization to unseen categories, we employ a
self-supervised strategy to finetune the decoder while keep-
ing the encoder frozen. This facilitate the usage of any
natural images (e.g., from ImageNet [6] or LAION [30])
along with their estimated depth maps, without need of
paired fMRI and image data. Hence, we train solely with
the RGBD data by ensuring a cycle consistency through the
Encoder-Decoder transformation, i.e. d = D(E(d)), with
the loss in Eq. (6). Given that this stage involves images
for which fMRI data was never collected, the model greatly
improves its generalization capability.

4.3. Guided Image Reconstruction (GIR)

Equipped with R-VAC (Sec. 4.1) and R-PKM (Sec. 4.2),
our method can decipher semantics S, color C, and depth
D in the form of CLIP embedding, spatial color palette,
and depth map. Finally, guided image reconstruction
{§,¢,0} — I completes the reverse mapping of the for-
ward process during the visual perception I — fMRI.

data mapping

RGBD

Figure 5. R-PKM Training. Our multi-stage training reverses the
PKM pathway and decodes color and depth cues in fMRI data.
Stages 1 and 2 employ (RGBD, fMRI) pairs to train an encoder
£ that maps RGBD to fMRI and a decoder D to decode RGBD
from fMRI. Stage 3 benefits from additional RGBD images with-
out fMRI to train D in a cycle-consistent manner d = D(£(d)),
while keeping £ frozen. See Sec. 4.2 for details.

We utilize Stable Diffusion (SD) [29] to reconstruct
the final image from the predicted CLIP embedding S
and the additional guidance from predicted color palette C
and depth map D. Such guidance is produced using the
color adapter R. and the depth adapter R, within T2I-
adapter [24]. This process is formulated as follows:

Fr =w. R, (é) + wiRq (]f)) ,

. ., )

I =S8D(zFg,S),
where 2 is a random noise, w, and wy are adjustable weights
to control the relative significance of the adapters.

5. Experiments

Following common practice in the field, we evaluate
DREAM with the largest public neuroimaging dataset, the
Natural Scene Dataset [2]. We report our performance
against five leading methods [11, 19,26, 31, 34]. We de-
tail our experimental methodology in Sec. 5.1 and report
quantitative and qualitative evaluations in Sec. 5.2. Abla-
tion studies are presented in Sec. 6.

5.1. Experimental Setting

Dataset. We use the Natural Scenes Dataset (NSD) [2]
in all experiments, which follows the standard practices in
the field [11,19,22,26,31,34]. NSD, as the largest fMRI
dataset, records brain responses from eight human subjects
successively isolated in an MRI machine and passively ob-
served a wide range of visual stimuli, namely, natural im-
ages sourced from MS-COCO [20], which allows retriev-
ing the associated captions. In practice, because brain ac-
tivity patterns highly vary across subjects [14], a separate
model is trained per subject. The standardized splits contain
982 fMRI test samples and 24,980 fMRI training samples.
Please refer to the supplementary material for more details.

Metrics for Visual Decoding. The same set of eight met-
rics is utilized for our evaluation in accordance with prior

8230












References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

[12]

(13]

[14]

[15]

Pulkit Agrawal, Dustin Stansbury, Jitendra Malik, and Jack L
Gallant. Pixels to voxels: modeling visual representation in
the human brain. arXiv preprint arXiv:1407.5104,2014. 2
Emily J Allen, Ghislain St-Yves, Yihan Wu, Jesse L
Breedlove, Jacob S Prince, Logan T Dowdle, Matthias Nau,
Brad Caron, Franco Pestilli, Ian Charest, et al. A massive
7t fmri dataset to bridge cognitive neuroscience and artificial
intelligence. Nature neuroscience, 25(1):116-126, 2022. 2,
3,5,7

Per Brodal. The central nervous system: structure and func-
tion. oxford university Press, 2004. 1, 3

Mathilde Caron, Ishan Misra, Julien Mairal, Priya Goyal, Pi-
otr Bojanowski, and Armand Joulin. Unsupervised learn-
ing of visual features by contrasting cluster assignments.
NeurlPS, 33:9912-9924, 2020. 6

Thirza Dado, Yagmur Gligliitirk, Luca Ambrogioni,
Gabriélle Ras, Sander Bosch, Marcel van Gerven, and Umut
Giicli. Hyperrealistic neural decoding for reconstructing
faces from fmri activations via the gan latent space. Scientific
reports, 12(1):141, 2022. 2

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li,
and Li Fei-Fei. Imagenet: A large-scale hierarchical image
database. In CVPR, pages 248-255, 2009. 5

Matteo Ferrante, Furkan Ozcelik, Tommaso Boccato, Rufin
VanRullen, and Nicola Toschi. Brain Captioning: Decoding
human brain activity into images and text. arXiv preprint
arXiv:2305.11560, 2023. 1, 3, 5

Pedro A Garcia, Rafael Huertas, Manuel Melgosa, and Gui-
hua Cui. Measurement of the relationship between perceived
and computed color differences. JOSA A, 24(7):1823-1829,
2007. 6

Guy Gaziv and Michal Irani. More than meets the eye: Self-
supervised depth reconstruction from brain activity. arXiv
preprint arXiv:2106.05113,2021. 5

Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing
Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and
Yoshua Bengio. Generative adversarial networks. Commu-
nications of the ACM, 63(11):139-144, 2020. 2

Zijin Gu, Keith Jamison, Amy Kuceyeski, and Mert
Sabuncu. Decoding natural image stimuli from fmri data
with a surface-based convolutional network. In MIDL, 2023.
2,5,6,7

Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and Ross
Girshick. Momentum contrast for unsupervised visual rep-
resentation learning. In CVPR, pages 9729-9738, 2020. 4
Tomoyasu Horikawa and Yukiyasu Kamitani. Generic de-
coding of seen and imagined objects using hierarchical vi-
sual features. Nature communications, 8(1):15037, 2017. 2
Shuo Huang, Wei Shao, Mei-Ling Wang, and Dao-Qiang
Zhang. fmri-based decoding of visual information from hu-
man brain activity: A brief review. International Journal of
Automation and Computing, 18(2):170-184, 2021. 1, 5
Ziyu Jiang, Tianlong Chen, Bobak J Mortazavi, and
Zhangyang Wang. Self-damaging contrastive learning. In
ICLR, pages 4927-4939. PMLR, 2021. 4

(16]

(17]

(18]

(19]

[20]

(21]

[22]

(23]

(24]

(25]

[26]

(27]

(28]

[29]

8234

Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten,
Jaakko Lehtinen, and Timo Aila. Analyzing and improving
the image quality of StyleGAN. In CVPR, pages 8107-8116,
2020. 2

Sungnyun Kim, Gihun Lee, Sangmin Bae, and Se-Young
Yun. Mixco: Mix-up contrastive learning for visual repre-
sentation. In NeurlPS Workshop, 2020. 4

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton.
Imagenet classification with deep convolutional neural net-
works. Communications of the ACM, 60(6):84-90, 2017. 6
Sikun Lin, Thomas Sprague, and Ambuj K Singh. Mind
Reader: Reconstructing complex images from brain activi-
ties. NeurIPS, 35:29624-29636, 2022. 2,5, 6,7

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays,
Pietro Perona, Deva Ramanan, Piotr Dollar, and C. Lawrence
Zitnick. Microsoft COCO: Common objects in context. In
ECCV, pages 740-755,2014. 5

Yulong Liu, Yonggiang Ma, Wei Zhou, Guibo Zhu, and Nan-
ning Zheng. Brainclip: Bridging brain and visual-linguistic
representation via clip for generic natural visual stimulus de-
coding from fmri. arXiv preprint arXiv:2302.12971, 2023.
4

Yizhuo Lu, Changde Du, Dianpeng Wang, and Huiguang He.
Minddiffuser: Controlled image reconstruction from human
brain activity with semantic and structural diffusion. arXiv
preprint arXiv:2303.14139, 2023. 2, 5

Yue Ming, Xuyang Meng, Chunxiao Fan, and Hui Yu. Deep
learning for monocular depth estimation: A review. Neuro-
computing, 438:14-33, 2021. 6

Chong Mou, Xintao Wang, Liangbin Xie, Jian Zhang, Zhon-
gang Qi, Ying Shan, and Xiaohu Qie. T2i-adapter: Learning
adapters to dig out more controllable ability for text-to-image
diffusion models. arXiv preprint arXiv:2302.08453,2023. 1,
2,3,4,5,6

Furkan Ozcelik, Bhavin Choksi, Milad Mozafari, Leila
Reddy, and Rufin VanRullen. Reconstruction of Perceived
Images from fMRI Patterns and Semantic Brain Exploration
using Instance-Conditioned GANs. In IJCNN, pages 1-8.
IEEE, 2022. 1,2

Furkan Ozcelik and Rufin VanRullen. Brain-Diffuser: Natu-
ral scene reconstruction from fMRI signals using generative
latent diffusion. arXiv preprint arXiv:2303.05334, 2023. 2,
3,5,6,7

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-
ing transferable visual models from natural language super-
vision. In ICML, pages 8748-8763. PMLR, 2021. 1, 2, 4,
6

René Ranftl, Katrin Lasinger, David Hafner, Konrad
Schindler, and Vladlen Koltun. Towards robust monocular
depth estimation: Mixing datasets for zero-shot cross-dataset
transfer. TPAMI, 44(3):1623-1637, 2020. 1, 5

Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Bjorn Ommer. High-resolution image syn-
thesis with latent diffusion models. In CVPR, pages 10684—
10695, 2022. 1, 2,3,5






