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Background: Multi-Label Recognition
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Task type Train input Train label Test input

Full-shot All categories
All images All labeled Same 

categories 

Few-shot All categories
Few images All labeled Same 

categories 

Zero-shot Normal or No categories 
No images All labeled Novel

categories

ML-TTA No Access Training data 
and Source Model No Access Same 

categories Label Set：{Dog, Cat, Bus, Plant}
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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.

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

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 that s1 > s2 > … > sL
• The entropy loss H decreases as s1 increases, and increases as the sum stest 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.

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

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.

Method: Bound Entropy Minimization (BEM) 
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Proposition 2：
• Consider the output logits of a confident view. Assume that s1 > s2 > … > sL
• Define the modified logits as s', where s'i=ai + si (i<= k) and s'i = si (i > k), and ai is a constant.
• For the modified logits s', define the modified probability p'=Softmax(s') and the modified

entropy H’ = -Σ p’i log p’I.
• The gradient properties of the modified entropy H' are as follows:

• Similarly, after one-step gradient descent optimization, the predicted probabilities of all the top-k
predicted labels will increase further.

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:Bound Entropy Minimization (BEM) 

Bound Entropy Minimization (BEM)
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1. View-caption Construction:

• Define view prompt and caption prompt：a photo of a [CLS]
• Input an image xtest, and obtain N augmented views，each view is assigned with a retrieved paired caption：

• Compute logits：

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

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

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

• Total Objective：

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

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

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



11

Experiments

Results on different architectures.
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Experiments

Results on different prompt initialization.
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Experiments

Results on different label counts.
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Experiments

Further analysis
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