— | %} é}

&..4.
Deep Nets 4 t“' "T"
~v ¥

Huzheng Yang, James Gee*, Jianbo Shi*
University of Pennsylvania

-~




Brain is multi-tasking
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higll-level low-level high;level

Brain is multi-tasking
Brain is hierarchical

Brain region features
Edge Face

detection selective




How does deep-net compute features over layers?
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CNN feature map visulization




Which layer (ViT) best predict each task?

B How about linear probing*
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Which layer (ViT) best predict each task?
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Which layer (ViT) best predict each task?
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Each brain voxel is a task

V1: edge-detection
EBA: body-selective
FFA: face-selective
PPA: place-selective
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Dataset

http://algonauts.csail.mit.edu/




MRI Machine

Brain Activation Data
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Brain Response Measurement: fMRI

We provide measurements of brain responses using the technique of functional
magnetic resonance imaging (fMRI) for millimeter spatial resolution. This technique
measures brain activity indirectly by detecting changes in blood flow associated
with brain activity. fMRI is a core technique in cognitive neuroscience to observe the
human brain in action noninvasively.



Which layer (ViT) best predict each brain voxel?
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Brain Encoding Model layer

Vi =viw;+b,
channel

One brain voxel Selected feature
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ViT features



Brain Encoding Model layer
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¢ ,; ,ﬁ. One brain voxel Selected feature channel
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HxW: space - channels
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Select: TO reduce [L x (HxW+1) x C] feature to v; [1 x C]
1 4 L g
ol L: layers 1: scale ([CLS] token)

channel During training, each voxel learn an “index” on:

* Layer: weighted sum (softmax) over L layers
scale Space: bilinear interpolation at (x, y)

e Scale: weighted sum of space/[CLS]

Channel: keep all

ViT features



Vision Transformer (ViT) Transformer Encoder
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Brain Encoding Model

yi=viw;t b,
One brain voxel Selected feature
(scalar) (vector)

Selection pattern automatically emerges over training ViT features
(w/o prior knowledge on selection!)
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Topological smooth: voxels are not independent
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Topological smooth
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VIiT supervised models

language classification segmentation




ViT un-supervised models

self-distill mask-recon contrastive
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Low level misalighment with increased model size

Larger model size



SAM larger model = worse "brain-alignment”’
Issue: late layers misalign with the brain
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CLIP larger model = better! “brain-alignment”’
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Fine-tuned DiNOv2 wiped late layers

ISIC
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Fine-tuned SAM wiped late layers

Fine-tuned model



Fine-tuned DiNOv2 wiped late layers
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Fine-tuned CLIP changed less!

CLIP

Fine-tuned model

Better brain-alignment -> adapt to dynamic tasks !



Google ZAEER
X&E

BB AR PR
20241343k
202343k
20201343k
BEXEHE...

AR
REBHF

TRIES
AR
RS R T

HETIR

e E

BHEEF
v 85518

BIERIRIT

brain distillation n

KEIZ 147,000 RER  (FRT0.087)

A single stage knowledge distillation network for brain tumor segmentation on
limited MR image modalities

Y Choi, MA Al-Masni, KJ Jung, RE Yoo, SY Lee... - Computer Methods and ..., 2023 - Elsevier

... We develop a single-stage knowledge distillation framework that successively trains the

teacher and student networks in the same training iteration, which can be used for brain tumor ...
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Knowledge distillation for brain tumor segmentation

D Lachinov, E Shipunova, V Turlapov - International MICCAI Brainlesion ..., 2019 - Springer

... The variation of knowledge distillation called data distillation ... The data distillation was
demonstrated on the example of ... we employ the knowledge distillation method to train student ...
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Cross-modal distillation to improve MRI-based brain tumor segmentation with
missing MRI sequences

M Rahimpour, J Bertels, A Radwan... - IEEE Transactions ..., 2021 - ieeexplore.ieee.org

..., knowledge distillation is an efficient method to deal with the issue of missing data during
inference. Therefore, we used cross-modal distillation approach for MRI-based brain tumor ...
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Human-expert-level brain tumor detection using deep learning with data
distillation and augmentation

D Lu, N Polomac, | Gacheva... - ICASSP 2021-2021 ..., 2021 - ieeexplore.ieee.org

... Here, we study the problem of brain tumor detection from magnetic resonance spectroscopy
(MRS) data, where both types of problems are prominent. To overcome these challenges, ...
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