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Active Learning

Question:
查询一个无标注样本进行训练，是如何影响
模型在测试集上的性能？
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Influence Functions

-Understanding Black-box Predictions via Influence Functions. ICML 2017

𝐼𝑙𝑜𝑠𝑠 𝑥, 𝑥𝑗 =
1

𝑛
∇𝜃𝐿 𝑓𝜃 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑓𝜃 𝑥

Given a model 𝑓𝜃, removing a sample 𝑥 from its training set will approximately 
influence the loss at a test sample 𝑥𝑗 by

𝐻𝜃 =
1

𝑛
σ𝑖=1
𝑛 ∇𝜃

2 𝐿 𝑓𝜃 𝑥𝑖 is the average Hessian over all training samples.

𝑓𝜃 : the logits output of the model

Since we want to compute its influence on all the samples in a test dataset, 
we compute the total influence as follows

σ𝑗 𝐼loss 𝑥, 𝑥𝑗 =
1

𝑛
σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥

σ𝑗 𝐼loss 𝑥, 𝑥𝑗 is generally Positive,

𝐼𝑙𝑜𝑠𝑠 𝑥, 𝑥𝑗 could be Negative.
𝑓𝜃 : the task model in AL cycle 𝑐 + 1 (i.e. 𝑇𝑐+1) , 
𝑗 : the index over the test test

Train
set

Test
set

remove 𝑥

Influence function
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AL Settings

𝐿test
′𝑐+1 = 𝐿test

𝑐+1 + σ𝑗 𝐼loss 𝑥, 𝑥𝑗

= 𝐿test
𝑐+1 +

1

𝑛
σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 (2)

data selection occurs in cycle 𝑐 , and the selected data is used in cycle 𝑐 + 1 ,The test loss of 𝑇𝑐+1 is 𝐿test
𝑐+1

𝑥 is removed from the labeled pool and not involved in training 𝑇𝑐+1 , then the influenced test loss 𝐿′test
𝑐+1

Since test data is unknown, computing 
1

𝑛
σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 is intractable:

𝐿test
′𝑐+1 = ∥ 𝐿test

𝑐+1 +
1

𝑛
σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥

≤ 𝐿test
𝑐+1 +

1

𝑛
∥ σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥

= 𝐿test
𝑐+1 +

1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥

⊤
σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥

≤ 𝐿test
𝑐+1 +

1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥

(3)
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Upper bound

𝐿test
′𝑐+1 ≤ 𝐿test

𝑐+1 +
1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥ (4)

can be regarded as a fixed term

The upper bound of 𝐿test
′𝑐+1 is mainly determined by ∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥

However, computing ∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ is infeasible:

- The model 𝑇𝑐+1 is not available

use ∥ ∇𝜃𝐿 𝑇 𝑥 ∥ to bound ∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥

- 𝑥 does not have ground truth

𝐿test
′𝑐+1 ≤ 𝐿test

𝑐+1 +
1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥

≲ 𝐿test
𝑐+1 +

1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥
(5)

Eq (5) : removing a training sample 𝑥 of higher ∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥ result in a higher upper-bound of 𝐿test
′𝑐+1

So higher ∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥ should be selected.

Unlabeled data of higher gradient norm should be selected for annotation in AL
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Computing Gradient Norm

𝐿test
′𝑐+1 ≤ 𝐿test

𝑐+1 +
1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥

≲ 𝐿test
𝑐+1 +

1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥
(5)

Computing ∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥ remains challenging due to the lack of the label information

Expected-Gradnorm Scheme(N分类任务): expected empirical loss to approximate the real empirical loss:

𝐿exp ሻ𝑇𝑐(𝑥 = ෍

𝑖=1

𝑁

𝑃 𝑦𝑖 ∣ 𝑥 𝐿𝑖 𝑇
𝑐(𝑥ሻ, 𝑦𝑖

Entropy-Gradnorm Scheme (分割任务): the differentiable entropy of the softmax output of the network:

𝐿𝑒𝑛𝑡 ሻ𝑇𝑐(𝑥 = −෍

𝑖=1

𝑁

𝑃 𝑦𝑖 ∣ 𝑥 log𝑃 𝑦𝑖 ∣ 𝑥
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Quantitative Evaluations

Derived bound is reasonable.

∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ ≤ ∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥

𝐿test
′𝑐+1 ≤ 𝐿test

𝑐+1 +
1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥

≲ 𝐿test
𝑐+1 +

1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥
(5)
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Active Learning Framework

classification

segmentation
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Image Classification
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Analysis

从cifar-10上看，AL-methods选择越多更高梯度范数的样本，模型性能越好：

Quantitative evaluation of the Bounds in Eq.4 and Eq.5

𝐿test
′𝑐+1 = ∥ 𝐿test

𝑐+1 +
1

𝑛
σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥ (3)

≲ 𝐿test
𝑐+1 +

1

𝑛
∥ ∇𝜃𝐿 𝑇𝑐 𝑥 ∥ ⋅ ∥ σ𝑗𝐻𝜃

−1 ∇𝜃𝐿 𝑇𝑐+1 𝑥𝑗 ∥ (5)
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Analysis

Compute four terms:

• Target:             
1

𝑛
σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗

⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥

• Approx-1:       ∥ σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗
⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥

• Approx-2:      ∥ σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗
⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥

• Approx-3: ∥ σ𝑗 ∇𝜃 𝐿 𝑇𝑐+1 𝑥𝑗
⊤
𝐻𝜃
−1∇𝜃𝐿 𝑇𝑐+1 𝑥 ∥

Better Generalization



Nanjing University of Aeronautics and Astronautics

Active label cleaning for improved dataset quality 
under resource constraints

Nature communications 2022
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Active label cleaning

Overview of active label cleaning：

数据集 𝒟 = 𝐱𝑖 , ෠1𝑖 𝑖=1

𝑁
带噪，在资源有限*的情况下，减少最多的噪声样本。

资源有限*：假设在众包场景下，每个样本会分配给多个 worker 进行标记，此时资源有限是指限
制worker标记次数。
CIFAR10H: 10K 个样本，10个类，平均每个样本有 51 个人工标记（类似软标记）。
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Active label cleaning

Active label cleaning:

max
1

𝑁
෍

𝑖=1

𝑁

1 ො𝑦𝑖 = 𝑦𝑖 s.t. ෍

𝑖=1

𝑁

∥ ෠1𝑖 ∥1 ≤ 𝐵

Correctness of majority labels Budge constraint

ො𝑦𝑖 = argmax ሽ𝑐∈{1,…,𝐶
መ𝑙𝑖
𝑐 መ𝑙𝑖

ො𝑦𝑖 > መ𝑙𝑖
𝑐, ∀𝑐 ≠ ො𝑦𝑖 , with σ𝑐=1

𝐶 መ𝑙𝑖
𝑐 > 1

(∥ ෠1𝑖 ∥1 = σ𝑐=1
𝐶 መ𝑙𝑖

𝑐 ≥ 1 )

൯𝛷(𝐱, ෠1; 𝛉 = CE መ𝐥, p𝛉 − H p𝛉

Scoring Function 𝜱:

noisiness ambiguity

CE ෠1, p𝛉 = −𝔼 Τ෡1 ||෡1∥1
ሻlogp𝛉( ො𝑦 ∣ 𝐱

H p𝜃 = −𝔼 ሻp𝜃( ො𝑦∣𝐱
ሻlogp𝜃( ො𝑦 ∣ 𝐱
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Active label cleaning



16

Algorithm 1. Active label cleaning

Algorithm 1. Active label cleaning:
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Experiment

Selector 指主动标记清洗所用的模型
Classifier 指清洗后单独训练的模型
Vanilla 指普通的CNN
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Results


