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Motivation: Why we need a BrainMoE

(a) Pretrain on resting state (b) Pretrain on multiple (c) Mixture-of-Expert
cognitive states
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Figure 1: Motivation of BrainMoE through the lens of the information bottleneck theory. (a) Feature
representation learning makes an information bottleneck between data and label space, where X
denotes data, Z denotes latent feature representation, Y is the label of data, and /(-; -) is the mutual
information. (b) A model pre-trained on multiple cognitive states may compromise the underlying
heterogeneity between different states, where Z cannot be optimal for all states. (¢) The mixture of
brain experts dedicated to diverse cognitive states leads to a joint cognition embedding so that the
downstream applications can be advanced by stratified pre-training on rich behavioral tasks.



More data != more performance
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Figure 4: The performance of BrainMoE and BrainMass pre-trained with all samples, and n=12 L g;
pre-trained individual experts on phenotypic and sex classifications among 7 datasets, where scores 30K 68k
lower than 50% are hidden for clarity, and the pre-training (PT) size ranges from 68,251 to 637. Pre-train data #

BraindEPA m BrainMoE



Framework of BrainMoE
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Accuracy scores: Phenotypic prediction

Table 1: MoE improvement on phenotypic classification F1 score compared to the baseline, where
30k is pre-trained on resting-state data (n=29,951), and 68Kk is pre-trained on all data (n=68,251). PT
stands for pre-training. Colored text indicates the performance increase/decrease from using 68k.

BrainMass BrainJEPA
Predictor SVM SVM MLP MLP BrainMoE ViIT ViT BrainMoE
PT # 30k 68k 30k 68k 68k 30k 68k 68k
ADNI  75.32+7.06 75.32+7.06 76.86+7.26 80.70+7.85 81.23+11.00 74.16+8.55 74.16+8.55 77.11+6.64
LAD 0.00 3.84 1 4.37 1 0.00 2.95 17
ABIDE 62314105 64.1242.31 66.814+4.18 67.814+3.91 70.2643.40 36.25+6.93 39.82+3.91 54.55+9.89
LLASD 1.81 1 1.00 1 3.45 1 3.77 1 18.30 7
PPMI  54.87+15.76 56.52+14.86 38.90+14.29 59.77 +14.22 62.97+13.94 38.69+13.91 38.69+13.01 60.49+11.59
LPD (staged) 1.65 1 0.87 1  4.071 0.00 21.80 1
Taowu 58.33+34.78 65.67+20.55 70.29+17.97 68.00+21.46 88.57+12.51 36.08+26.38 36.94120.98 79.86+14.46
L,PD (binary) 7.34 1 2.20 |  18.28 1 0.86 1  43.78 1
SZ 76.95+9.01 76.95+9.01 79.85+8.69 77.63+856 83.10+11.33 76.984+9.00 78.97+9.79 82.86+9.19
LsSchizophrenia 0.00 2.22 | 3.25 1 1.99 1 5.88 1
HCPA  85.16+0.41 89.73+0.58 87.91+0.48 90.63+0.74 96.67+0.77 59.54+15.47 53.12414.19 81.74+0.51
L, 3-task,rest 4.57 1 2.721  8.76 1 6.42 |  22.20 1

HCPYA 77514242 80.87+1.77 79404178 81.27+1.27 93.1940.72 50.68+25.20 56.10+29.16 74.59+3.79
L,7-task 3.36 1 1.87 1 13.79 1 5.42 1 23.91 17




Accuracy scores: Sex classification

Table 2: MoE improvement on sex classification F1 score compared to the baseline, where the sample
size of the downstream dataset 1s indicated. PT stands for pre-training.

BrainMass BrainJEPA
Predictor SVM SVM MLP MLP BrainMoE ViT viT BrainMoE
PT # 30k 68k 30k 68k 68k 30k 68k 68k
ADNI  48.60+6.55 54.30+12.4864.82+4.30 59.30+13.0569.2245.26 37.704+8.73 36.42+58.22 62.98+7 76
Ln=138 5.70 1 5.52 |  4.40 1 1.28 |  25.28 1
ABIDE 73.84+3.49 73.84+3.49 75.12+5.27 75.12+4+6.32 85.21+3.77 78.08+5.84 78.08+5.84 78.08+6.15
L,n=1025 0.00 0.00 10.09 1 0.00 0.00
PPMI 52.03+14.16 36.58+12.2863.324+14.0664.73+14.1279.81+8.46 46.23+9.00 46.231+9.00 67.57+7.24
L,n=209 4.55 1 1.411  16.49 1 0.00 21.34 1
Taowu  46.24 +23.9646.24+23.96 62.86+28.20 55.38+20.93 74.00+27.79 46.24 123 97 51.67+21.1290.00+12.96
L,n=40 0.00 7.48 |  11.14 1 5.43 1 43.76 1
HCPA 66.20+1.58 68.25+1.70 66.93+0.63 68.58+0.99 76.76+0.03 40.32+4.07 40.32+4.07 44244701
L,n=4863 2.05 1 1.651 9.831 0.00 3.92 1

HCPYA 63.3343.01 65.47+351 64.57+2.53 66.98+330 74.3614.43 40201402 40201492 43.2415.19
Ln=3293 2.14 1 2411  9.791 0.00 3.04 1




Performance interpretation

Distribution of dominating expert combinations (%)
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Figure 5: The distribution of dominating expert combinations of (a) late fusion MoE and (b)
BrainMoE shows the router preference, where the first 4 letters of cognitive state are used as
abbreviation. (¢) The correlation between cognition embeddings of experts shows expert diversity.



More applications

Table 5: Age regression performance compared to the baseline, where the
sample size of the downstream dataset is indicated, and unit is year.

MSE ADNI ABIDE PPMI Taowu HCPA

HCPYA

BrainMass 36.28i 19.83 36-77i 17.2 33-09i21-87 38. 10i28-33 22.66i7_51 5-4612.69
BrainMoE 36'27i 10.23 4.86i2.67 29-89i8.39 30'72i 12.25 10-56i2.86 3'45i1-08

Table 6: BrainMoE applies on a multimodal
dataset, NATVIEW [27].

NATVIEW 8-task (F1)Sex (F1) Age (MSE)

BrainMass (fMRI) 67.66+5.7463.67+5.168.05+5.58
CBraMod (EEG) 68.71+1.4665.39+2.338.2645.97
BrainMoE (13 EX) 68.73i3.72 65-47i5.38 7'99i5-53




Ablation studies
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