MJTﬁ

FEFHERICIA FRRIEFS
EEA

FERIBEBAE

2025.07 JCSDS #uM



N VsEE A 4
B IEPL

=
NG
G/ SHANGHAI JIAO TONG UNIVERSITY

\\\‘%&E 433

> . Y-
I

P4 ’ R4S

1 n
L=__ PR ) -
nE y; - logp;

=1

/\V\J%i%ﬂﬁ

4
=
af
il




Maximize agreement

Z’I, < z]
A
9() 190
h; <— Representation —» h;

6, = —log —, exp(sim(z;, z;)/7) )/T)L

kﬁl ][[k;é,,;] exp(sim(zz-, 2




Pepper the
aussie pup

!

/

Text

Encoder

!

!

!

/ Ty, | T | Ts Tn
— Il Il‘Tl II‘T2 I]’T3 II.TN

T L > L || LT | LT, | LTS LTy
Image I LT, | 4T, | 13T 1T
Encoder » 13 37l | 137l 130 37N
— IN IN.TI INn'To IN'T3 IN'TN

/Y\J%Eﬂujﬁ




® o %90

e e e

... @ ..:. Bg

.o :. e e~ o *
i'g' *

o %90
oy oF
.‘:...
® g ®
oy
ab A
B

Maximize agreement

h; +— Representation —» h;

=l
|‘||
L1

|
P
?NL

Ll -
[ ]= =] [~]

[--[-[]

SESES
BRSNS

/W@?ﬁﬁﬁﬁ




SN

HOO = = ) p(x)log(p(x))
=1

BER

VY p(x,y)
I(X;Y) = ;;p(x, y)log (p(x)p(y)

(HHEIRMZAIFHEEERS3 0)

)

H(XY)

I(X;Y) H(Y|X)

/ '//

H(X) Hkv)

EXEMRDf L, Tk

JERAE L

/\Vf\J%iamjﬁ




Eﬁ

- EEleEEs

RSN 2

d
H(K) = —t (Kl ) EA ' - —
- \d L d Ogd

Z Gram Matrix Eigenvalues
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Matrix Mutual Information Ratio
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Skean, Oscar, et al. "Dime: Maximizing mutual information by a difference of matrix-based entropies.” arXiv preprint arXiv:2301.08164 (2023).
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Papyan V, Prevalence of neural collapse during the terminal phase of deep learning training[J]. Proceedings of the National Academy of Sciences, 2020
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TABLE II: Error rates (100% - accuracy) on CIFAR-10/100, and STL-10 datasets for state-of-the-art methods in semi-supervised

learning. Bold indicates the best performance, and underline indicates the second best.

Dataset | CIFAR-10 | CIFAR-100 | STL-10

# Label | 10 40 250 | 400 2500 | 40 1000

I Model [51] 79.18+1.11 7434176 46244129 | 86.96+080  58.80+0.66 | 74314085  32.780.40
Pseudo Label [52] 80.21+ 0.55  74.61+026 46.49+220 | 87.45+085  57.74+028 | 74.68+099  32.64+071
VAT [53] 79.814 117 74.66+2.12  41.03+1.79 | 85204140  48.84+079 | 74744038  37.95+1.12
MeanTeacher [54] 7637+ 044 70.09+160 37.464330 | 81.11+144 45174106 | 71724145  33.90+1.37
MixMatch [32] 6576+ 7.06 36194648  13.63+0.59 | 67.59+0.66  39.76+048 | 54934096  21.70::0.68
ReMixMatch [55] 2077+ 748  9.88+103 6304005 | 42754105 26034035 | 32.124624  6.7420.17
UDA [56] 34.534 10.69 10.6243.75 5.16+0.06 46.39+1.59 27.734+0.21 37.4248.44 6.64+0.17
FixMatch [25] 2479+ 765 7474028 5074005 | 46424082  28.03+0.16 | 35974414  6.25+0.33
Dash [57] 27.28+ 1409 8934311 5164023 | 44824096  27.15+£022 | 34.52+430  6.3940.56
MPL [58] 23554+ 601 6934017 5764024 | 46264184  27.7140.19 | 35764483  6.664:0.00
FlexMatch [26] 13.85+ 1204 4974006  4.98+0.09 | 39.94+162 26494020 | 29.15+4.16  5.77+0.18
FreeMatch [29] 807+ 424 4904004 4884018 | 37.984042 26474020 | 15564055  5.63+0.15
OTMatch [28] 489+ 076 4724008  4.60+015 | 37294076  26.04+021 | 12104072  5.60+0.14
SoftMatch [27] 4914012 4824009  4.04:+002 | 37.104007  26.66+025 | 21424348 5734024
FreeMatch + MAX MI (Ours) | 4.87+0.66  4.66+0.13  4.56+ 015 | 36.41+ 191 2577+ 035 | 1661+ 1.19  5.24 + 0.17
FreeMatch + MIN HD (Ours) | 4.69+ 0.16  4.63+ 025 4.60+ 0.15 | 3731 196 2579+ 041 | 1493 £328  5.30 & 0.18

TABLE III: Results for fully supervised learning

- /): V4 )
PP SE DL

SHANGHAI JIAO TONG UNIVERSITY

e amn o (R EREASEROER T, XA
T e LRSS BT HERIAO R
Ours (MIN HD) 95.57 80.96
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Theorem 4.3. 1. For the spectral contrastive loss, we have

Trg .T _ S
I2(Z) Z1; Z; Zy) > log B — 2log(1+ (2 + - /\)ﬁsc) AV IELE =

2. For the Barlow Twins’ loss, we have BEXAEEESER R

_ 2
15(Z1Z{ ;Z2Z,) > log d—210g(1+d—)\£BT+4\/dﬁBT).
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TCR,(Z) = log det(ul; + ZZ")
TCR,(Z) = d log(1 + u) — KL (Id, T+n (ulyg + K))
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H(K) > ETCRM(K) + const
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L M—-MAE — L MAE ~— ATC R‘u (Z) Table 1. Linear evaluation accuracy (%) and fine-tuning accuracy
(%) of pretrained models by MAE loss, U-MAE loss, and M-MAE
loss with different ViT backbones on ImageNet-1K. The uniformity
regularizer TCR loss in the M-MAE loss significantly improves

—
Lymag = Lyag — A - logdet(lq + ;ZZ ) + Const. the linear evaluation performance and fine-tuning performance of

1 the MAE loss.
= Lyag — A -logdet(Ip + —ZTZ) + Const.
M Downstream Task Method  ViT-Base ViT-Large
1
= Lmar — A - trlog(Ip + —Z " Z) + Const. Linear Prob MAE 55.4 62.2
X g nearfrobig — y.MAE 585 65.8
= Ly-mAg + Higher-order-terms + Const. S MAE 82.9 83.3
Fine-tuning U-MAE  83.0 832
M-MAE 83.1 84.3

U-MAE £ M-MAE B9— it
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M-MAE: “How mask matters: Towards theoretical understandings of masked autoencoders.” NeurlPS 2022.
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Class Similarity Modal Similarity
CoCoO
e po24
0.38 1 CMA (Ours)
- 0.22
0.36 A
- 0.20
0.34 A
- 0.18
0.32 A
- 0.16
0.30 A
- 0.14
0.28 A
-0.12
0.26 A
0.10
Class Modal

TABLE I: Performance of novel classes under different .
When A\ = 0, it indicates the performance of vanilla CoCoOp.

b

Stra ‘5@
Dataset 0O o0l 02 03 04 05 06 07 08 09 1 ndfordCars
Caltech101 [42] 932 925 928 932 930 932 955 933 938 925 885 CoCoOp VNE [ CMA(Qurs)
DTD [45] 523 563 563 545 598 589 576 540 522 599 565
EuroSAT [46] 451 472 478 442 559 531 596 596 661 753 628 e SL2 4| Sl N
FGVCAircraft [47) 325 337 329 340 335 353 334 307 302 313 235 Eﬁ&}%jﬁ;@%”é&iﬁ/}\ﬁg E’_\]’l‘%/ﬁ,_lt , X{I'%EBE%
Food101 [49] 918 914 918 916 916 916 919 918 91.6 87.8 80.4 AV i o ey 26
ImageNet [39] 704 706 704 701 703 700 697 693 687 611 467 E’\J ﬁE{ 'I./;ﬁ b@g%ﬁ QQH/‘J jian:H:EEAE’\J Xj'ﬁlrétﬁ e
OxfordFlowers [43] 694 712 723 689 617 719 702 69.1 705 655 584
OxfordPets [48] 977 978 977 976 974 918 978 967 977 973 848
StanfordCars [40] ~ 71.6 729 743 73.1 746 746 733 735 740 667 5.5
SUN397 [44] 764 768 711 164 772 713 715 710 716 721 615
UCF101 [41] 731 728 726 729 745 734 750 748 699 720 582
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[1] Unveiling the dynamics of information interplay in supervised learning. ICML 2024.

[2] Information Flow in Self-Supervised Learning. ICML 2024.

[3] Exploring Information-Theoretic Metrics Associated with Neural Collapse in Supervised Training.
Arxiv 2025.

[4] Diff-eRank: A Novel Rank-Based Metric for Evaluating Large Language Models. NeurlPS 2024.
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