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Background: Multi-Label Recognition

Task type Train input Train label Test input
Full-shot All categories All labeled Same
All images categories
Few-shot All categories All labeled Same
Few 1images categories
¢ ¢ ¢ ¢ Zero-shot Normal or .No categories All labeled Novel.
No images categories
- Dog Cat Bus ' Plant
‘ 0.8 0.2 0.04 0.7

..
ML-TTA No Access Training data No Access Same.
Label Set: {Dog, Cat, Bus, Plant} and Source Model categories




Background: Multi-Label Recognition and Test-Time Adaptation
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Background:

The TTA (Test Time Augmentation) technique is mainly aimed at multi-class classification tasks, and it
increases the probability of the most confident label by minimizing the entropy.

In the multi-label scenario, since the number of labels for each image varies, focusing only on the label
with the highest probability will lead to a decrease in the adaptability of other positive labels.

(a). Changes of output logits compared to CLIP (b). Results on varying number of labels
; 0.19.(5): CLIP  RLCF 80
— 0.90-] TPT ML-TTA CLIP RLCF
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Figure 1: (a). Compared to CLIP (Radford et al., 2021), ML-TTA increases all positive label logits simulta-
neously, while others focus only on top-1 class. (b). Comparison of various methods on images with varying
numbers. Compared to CLIP, as the number of labels per image rises, the adaptability of TPT (Shu et al., 2022)
and RLCF (Zhao et al., 2024a) in handling multi-label images shows a marked decrease.
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Bound Entropy Minimization (BEM)
* Pair each augmented view of the image with a text caption.

» Extract the textual label from the caption as the "strong label set” for the description and the "weak label
set" for the augmented view.

* Bind the strong label set and the weak label set into single labels respectively, and optimize the view
prompt and the caption prompt to improve the confidence of the top-k labels.

Multi-Label Test-Time Adaptation (ML-TTA) framework

» Taking the TPT method as the starting point, combine it with the BEM objective for adaptation during
multi-label testing.

* Reduce noise by filtering out views and captions with high entropy (low confidence).

 Experiments on different model architectures, prompt initializations, and label scenarios have
demonstrated the effectiveness of the ML-TTA framework.
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Bound Entropy Minimization (BEM)

Proposition 1:
* Consider the output logits of a confident view. Assume thats; >s,>...> s,
* The entropy loss H decreases as s; increases, and increases as the sum s, of the
remaining logits decreases.
* That is, the entropy loss tends to increase the probability of the most confident
label while reducing the sum of the probabilities of the other labels.

OH OH
& H e 0 d s H — 0
Ve 95, <0 and Vi, 35 - >

* Consider the gradient descent update for one step, and it can be deduced that:

sgtH) = sgt) — aV,, H and ) = sW _avg H

rest rest rest

Proposition 1 explains why the traditional entropy minimization method is not applicable to the multi-label
scenario: It will only increase the probability of the most confident label while ignoring other positive labels.
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Method:Bound Entropy Minimization (BEM)

Bound Entropy Minimization (BEM)

Proposition 2:
* Consider the output logits of a confident view. Assume thats; >s,>...>s;
* Define the modified logits as s’, where s'i=a; + s; (i<= k) and s’; = s; (i > k), and a; is a constant.
 For the modified logits s’, define the modified probability p'=Softmax(s’) and the modified
entropy H’=-% p’;log p’,.
* The gradient properties of the modified entropy H' are as follows:
/ 7
aafi <0, Yi<k and V. H'= aasjist
* Similarly, after one-step gradient descent optimization, the predicted probabilities of all the top-k
predicted labels will increase further.

>0

VSiH/ —

Proposition 2 leads to the BEM objective:

* By regarding the top-k predicted labels as a single entity, it effectively addresses the limitations of entropy
minimization in the multi-label scenario.

« The BEM objective encourages the model to increase the probabilities of multiple top-k labels simultaneously,
thus enabling it to better adapt to multi-label data.




Method: Multi-Label Test-Time Adaptation (ML-TTA)

Multi-Label Test-Time Adaptation (ML-TTA)

1. View-caption Construction:

*  Define view prompt and caption prompt. a photo of a [CLS]
* Input an image x'!, and obtain NV augmented views, each view is assigned with a retrieved paired caption:

o 2Y1X)
xtest {xtest | xiest — A. (xtest) }N s o e o e e e o s b i ity min(H,,,)
H . | ) Cat El;rc(zdterw‘ Reiect
| | [Pillow] Average ejec
Ttest {ttest | ttest R; (X?St) i\; . oo Pmle = : ; v o
— s 7;3" | ’ | B .
\ d@‘ —— - pdnilEERNNER nlalln ‘Hﬂm N1l Tl
—_— 1‘ 2 1 TR | 2Dt L8 SG) 86D SOk
. . bl s Weak Label Binding
* Compute logits: Hiare= X | Rl e o W :—]
Multi-label Image Text Description Base SR S
. 4 = = 50 $,(t) Sy(ty) Sn(ty) Si(t) ) Sn(ylty)
test A bi dgg sits A cat sitson a m and cup is s FER | e [T 73 il L)
x test T s e Text n : , | o Bl
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Method: Multi-Label Test-Time Adaptation (ML-TTA)
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Multi-Label Test-Time Adaptation (ML-TTA)

2. Label Binding

« Extract textual labels from caption as strong label set of that caption and as weak label set of that view, with same size k
* Bind the top-k labels of each view into a single label to make their logits equal, and do the same for the captions.

test test test

test

szg - ((mz 81,3 ) 8'1,_7 ) I[(R,a.nk( f;eSt ’Sz test < k ) "I‘S,L;e : I[(Ra.nk( Etest s test) > k i )
~tteSt = ((’rT'LttCSt :;CSt tte t) ]I(Rank( ttest ttest < kt - ) +8tte H(Rank(stt;st ttest) - k‘tteSt)
ij

»  Filter out the views and captions with
low entropy (high confidence) through
confidence threshold, and calculate the
average entropy respectively:

TNZ<_

* Total Objective:

test
avg =

L
3 ply = %) log(p(y = uscz“t)))

=1

test

+ Httest

avg *
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Multi-Label Test-Time Adaptation (ML-TTA)

Algorithm 1: Label Binding Algorithm

Input: Logits s; before label binding and the size of weak label set £*:.
Output: Modified logits s; after label binding.

1 My = mMax; S;; ,

2 forj =1to L do

3 a;; = detach (m; — s;;) > Detach from gradient. ;

4 if Rank,,. s,) < k™ then

5 S — a4t S > Bind s;; if j-th label is in highest fop-k*¢ predicted labels. ;
6 end if

7 else

8 | 8ij = 8455

9 end if

10 end for

1 8; = (840,841, ,8iL)
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Experiments

Results on different architectures.

[Method |Epsdoic|COC02014 COCO2017 VOC2007 VOC2012 NUSWIDE |Average
CLIP om0y | v | 47.53 47.32 7501 « <7425 4153 | 5731
DMN [CVPR 2024] X 44.54 44.18 74.87 74.13 41.32 55.81
o |TDA [cvpr 2024) X 4891 49.11 T6i64 T512 4034 | 584D
wn
Z |TPT Newmps2022) | ¥ 48.52 48.51 Bish - 739 4197 | 57.69
& DIfeTPT icevaon)| v 48.56 48.67 7589 418 4133 500
RLCF [1cLR 2024] o 36.87 36.73 6575 6473 2983 | 46.78
ML-TTA (Ours) | v 51.58 51.39 7862 7663 4253 | 60.15
CLIP jem2ozz | v | 48.83 48.15 T692 - 401 4198 5797
DMN (cvpR 2024] X 46.28 45.44 7682 1530 woutl | 5731
= |TDA [cver 204 X 50.19 49.78 7812 TTI8 4313 | 5967
'Z"4 TPT (Newrps2022] | ¥ 49.71 48.89 JARD. - g339 uggr | 57.98
R4 IDIfFTPT [icev2003)| v 49.45 49.19 7498 7431 4293 | 58.17
RLCF [1cLR 2024] v 40.53 39.79 7121  69.63 3177 | 50.59
ML-TTA (Ours) | v 52.92 52.24 7872 7813 4362 | 6113

CLPP jemiaoz2] | ¢ 50.31 50.15 7718 7685 4290 | 59.48
DMN (cypr 2024] X 49.32 4813 7742 7660 4341 | 58.98
& [TDA [cveR 2024] X 51.23 5149 7762 WL MA13 | 6032
~
ol v SRR 48.12 4863 TA2L . 193 43k | 5730
£ IDIFFTPT jecya003)| v 48.73 49.19 7450 7298 4342 | 5776
RLCF [icLr 204 4 50.28 4959 - q712 7683 . 4399 | 5947
ML-TTA (Ours) v 52.83 52.99 78.70 71.97 44.12 61.32
CLIP jovLoos] | v 54.42 54.13 7958 7925 4565 | 62.61
DMN (cypR 2024] x 52.52 5937 7083 woey - 4geon 603
= |TDA [cvpR 2024] x 55.21 5546 8012 7992 4672 | 63.49
==}
E [TPT Newmsonz | ¢ 53.32 5420 . 7754 G139 d6ls | 612
> DIFTPT peovoos)| o 53.91 54.15 T193 . 7124 - 4613 . | 6187
RLCF [icLr 204 e 5421 54.43 7929 7926  43.18 | 62.07
ML-TTA (Ours) v 57.52 57.49 81.28 81.13 46.55 64.80
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Results on different prompt initialization.

Table 2: Comparison with SOTAs on adapting multi-label instances with different prompt initialization.

[Methods |Epsdoic|COC02014 COC02017 VOC2007 VOC2012 NUSWIDE |Average
COOp [DCV2022] v 56.12 56.35 79.14 77.85 46.74 63.24
a. |TDA [cvpR 2024] X 56.93 57.15 8020 7858  47.82 | 64.13
g TPT |[NeurIPs 2022] v 55.35 5523 M2 73 4727 [16308
DIffTPT ficcv 2023)| v 55.30 55.47 79.86 7761 4713 | 63.07
RLCF [1cLR 2024] v 56.72 56.18 80.15 7824  47.62 | 63.78
ML-TTA (Ours) v 59.68 59.33 8317 8136 4812 | 66.33
Maple [cvpr2023] v 62.18 62.35 8534 8479 4842 | 68.62
@ |TDA [cvpR 2024] s 63.25 63.64 8576  84.15 4955 | 69.27
=
S |TPT (Neurtes 2022 v 63.36 63.75 85.04 8392 4890 | 69.01
DIffTPT ;iccv 2023)| v 62.93 63.14 85.15 8378 4881 | 68.76
RLCF [1cLR 2024] v 62.84 62.90 8535 8528 4937 | 69.15
ML-TTA (Ours) v 64.75 64.86 8640 8569 5021 | 70.38




Experiments
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Results on different label counts.

Table 3: Results on different label counts.

Methods {1,2} | {34} | {5,6,7} | {>=8}
CLIP [1cML 2022] 62.76 | 5541 | 49.89 | 41.07
TPT Neurps 2022] | 62.88 | 53.05 | 45.57 | 37.43
DffTPT yccy 2003 | 61.97 | 52.67 | 4432 | 36.89
RLCF [ic1ro04 | 66.01 | 51.65 | 43.32 | 35.08
ML-TTA (Ours) 67.14 | 57.59 | 51.68 41.32




Experiments

Further analysis

Table 6: Comparison with binary cross-entropy loss.

RN50 ViT-B/16
Methods
COCO02014 | VOC2007 | COCO0O2014 | YVOC2007
CLIP 4753 | 7591 | s54.42 | 79.58
|} | | ) I |
VP+CP+BCE | 4839 | 7575 | 5451 | 78.59 1.8 16 37 61 15
VP+CP+BEM| 51.58 | 78.62 | 57.52 | 81.28 Number of augmented views

Figure 3: Results on different number of views.

Table 7: Results on different numbers of retrieved captions.

Datasets CLIP TPT | 1 2 4 8 16 32 64 | 128

¢ | COCO02014 | 47.53 48.52|51.35(51.37|51.41 |51.49 |51.58|51.59 [51.55|51.48
@ VOC2007 |75.91 75.54|78.29|78.33|78.48|78.54|78.61|78.59|78.53|78.42

\\‘° COCO2014 | 54.42 53.32|57.23|57.33|57.41|57.48|57.49|57.52|57.55|57.58
VOC2007 |79.58 77.54|81.06|81.12|81.21|81.24 | 81.28 |81.19|81.15|80.98
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