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Change is Hard: A Closer Look at Subpopulation Shift (ICML, 2023)

MIT 컴퓨터 과학 및 인공지능 연구소에서 연구되었으며 2025년 4월 11일 기준 120회 인용됨

Subpopulation shift를 구성하는 basic shift들에 대해서 설명하고 다양한 알고리즘 적용 및 비교 분석한 논문

Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

https://subpopbench.csail.mit.edu/
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Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/
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Indoor

입력 𝑥 = (𝑥𝑐𝑜𝑟𝑒 , 𝕒)

ℙ 𝑥, 𝑦 = ℙ(𝑦|𝑥) ⋅ ℙ(𝑥)

ℙ 𝑦 𝑥 =
ℙ(𝑥|𝑦)

ℙ(𝑥)
⋅ ℙ 𝑦

=
ℙ(𝑥𝑐𝑜𝑟𝑒 , 𝕒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒 , 𝕒)
⋅ ℙ 𝑦

=
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

Pointwise mutual information
→ Robust indicator, invariant

Attribute bias
→ Attribute distribution

Class bias
→ Class (label) distribution

https://subpopbench.csail.mit.edu/


1414

Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

Outdoor

Indoor

입력 𝑥 = (𝑥𝑐𝑜𝑟𝑒 , 𝕒)

강아지 고양이

Train dataset

ℙ 𝑥, 𝑦 = ℙ(𝑦|𝑥) ⋅ ℙ(𝑥)

ℙ 𝑦 𝑥 =
ℙ(𝑥|𝑦)

ℙ(𝑥)
⋅ ℙ 𝑦

=
ℙ(𝑥𝑐𝑜𝑟𝑒 , 𝕒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒 , 𝕒)
⋅ ℙ 𝑦

=
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

Pointwise mutual information
→ Robust indicator, invariant

Attribute bias
→ Attribute distribution

Class bias
→ Class (label) distribution

https://subpopbench.csail.mit.edu/


1515

Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

ℙ 𝑥, 𝑦 = ℙ(𝑦|𝑥) ⋅ ℙ(𝑥)

Outdoor

Indoor

입력 𝑥 = (𝑥𝑐𝑜𝑟𝑒 , 𝕒)

ℙ 𝑦 𝑥 =
ℙ(𝑥|𝑦)

ℙ(𝑥)
⋅ ℙ 𝑦

=
ℙ(𝑥𝑐𝑜𝑟𝑒 , 𝕒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒 , 𝕒)
⋅ ℙ 𝑦

=
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

Pointwise mutual information
→ Robust indicator, invariant

Attribute bias
→ Attribute distribution

Class bias
→ Class (label) distribution

강아지 고양이

Outdoor

Indoor

강아지 고양이

Attribute

𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 ≫ 𝑃𝑡𝑟𝑎𝑖𝑛(𝑎|𝑥𝑐𝑜𝑟𝑒)
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https://subpopbench.csail.mit.edu/
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학습 데이터셋: 하위 집단 기준으로 학습 편향을 만들 수 있는 요인이 존재함

https://subpopbench.csail.mit.edu/
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학습 데이터셋: 하위 집단 기준으로 학습 편향을 만들 수 있는 요인이 존재함

학습 목표: 모든 하위 집단에 대해서 공정한 성능을 갖도록 학습

average accuracy 이외에도 worst-group accuracy 확인

https://subpopbench.csail.mit.edu/
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Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.
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ℙ 𝑦 𝑥 =
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

PMI Attribute bias Class bias

Subpopulation Shift Type Attribute Bias Class Bias Impact on Classification Model

(1)Spurious Correlations
𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 ≫ 𝑃𝑡𝑟𝑎𝑖𝑛(𝑎|𝑥𝑐𝑜𝑟𝑒)
𝑃𝑡𝑒𝑠𝑡 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 = 𝑃𝑡𝑒𝑠𝑡(𝑎|𝑥𝑐𝑜𝑟𝑒)

∙
ℙ(𝑎|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝑎|𝑥𝑐𝑜𝑟𝑒)
≫ 1 ⟹ ℙ(𝑦|𝑥) ↑

(2)Attribute Imbalance
𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒
≫ 𝑃𝑡𝑟𝑎𝑖𝑛(𝑎′|𝑦, 𝑥𝑐𝑜𝑟𝑒)

𝑃𝑡𝑒𝑠𝑡 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 = 𝑃𝑡𝑒𝑠𝑡(𝑎′|𝑦, 𝑥𝑐𝑜𝑟𝑒)
∙

ℙ(𝑎|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝑎|𝑥𝑐𝑜𝑟𝑒)
≫

ℙ 𝑎′ 𝑦, 𝑥𝑐𝑜𝑟𝑒
ℙ 𝑎′ 𝑥𝑐𝑜𝑟𝑒

⟹ ℙ 𝑦 𝑥𝑐𝑜𝑟𝑒 , 𝑎 ≫ ℙ(𝑦|𝑥𝑐𝑜𝑟𝑒, 𝑎′)

(3)Class Imbalance ∙
𝑃𝑡𝑟𝑎𝑖𝑛 𝑌 = 𝑦 ≫ 𝑃𝑡𝑟𝑎𝑖𝑛 𝑌 = 𝑦′

𝑃𝑡𝑒𝑠𝑡 𝑌 = 𝑦 = 𝑃𝑡𝑒𝑠𝑡 𝑌 = 𝑦′
ℙ 𝑦 ≫ ℙ y′ ⟹ℙ 𝑦 𝑥 ≫ ℙ(𝑦′|𝑥)

(4)Attribute Generalization
𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 = 0, ∀𝑎 ∈ 𝔸𝑢𝑛𝑠𝑒𝑒𝑛

𝑃𝑡𝑒𝑠𝑡 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 > 0, ∀𝑎 ∈ 𝔸
Unconstrained Generalize to 𝔸𝑢𝑛𝑠𝑒𝑒𝑛

Basic types of Subpopulation shift

데이터 포인트 관점에서 a와 y에 대해 분해를 하여 4가지 basic shift로 나눠 볼 수 있음

Basic shift들이 혼합되어 subpopulation shift를 발생시키기도 함

https://subpopbench.csail.mit.edu/
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Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

ℙ 𝑦 𝑥 =
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

PMI Attribute bias Class bias

Subpopulation Shift Type Attribute Bias Class Bias Impact on Classification Model

(2)Attribute Imbalance
𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒
≫ 𝑃𝑡𝑟𝑎𝑖𝑛(𝑎′|𝑦, 𝑥𝑐𝑜𝑟𝑒)

𝑃𝑡𝑒𝑠𝑡 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 = 𝑃𝑡𝑒𝑠𝑡(𝑎′|𝑦, 𝑥𝑐𝑜𝑟𝑒)
∙

ℙ(𝑎|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝑎|𝑥𝑐𝑜𝑟𝑒)
≫

ℙ 𝑎′ 𝑦, 𝑥𝑐𝑜𝑟𝑒
ℙ 𝑎′ 𝑥𝑐𝑜𝑟𝑒

⟹ ℙ 𝑦 𝑥𝑐𝑜𝑟𝑒 , 𝑎 ≫ ℙ(𝑦|𝑥𝑐𝑜𝑟𝑒, 𝑎′)

Train dataset

강아지

고양이

강아지 고양이

https://subpopbench.csail.mit.edu/
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Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

ℙ 𝑦 𝑥 =
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

PMI Attribute bias Class bias

Subpopulation Shift Type Attribute Bias Class Bias Impact on Classification Model

(2)Attribute Imbalance
𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒
≫ 𝑃𝑡𝑟𝑎𝑖𝑛(𝑎′|𝑦, 𝑥𝑐𝑜𝑟𝑒)

𝑃𝑡𝑒𝑠𝑡 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 = 𝑃𝑡𝑒𝑠𝑡(𝑎′|𝑦, 𝑥𝑐𝑜𝑟𝑒)
∙

ℙ(𝑎|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝑎|𝑥𝑐𝑜𝑟𝑒)
≫

ℙ 𝑎′ 𝑦, 𝑥𝑐𝑜𝑟𝑒
ℙ 𝑎′ 𝑥𝑐𝑜𝑟𝑒

⟹ ℙ 𝑦 𝑥𝑐𝑜𝑟𝑒 , 𝑎 ≫ ℙ(𝑦|𝑥𝑐𝑜𝑟𝑒, 𝑎′)

Train dataset

강아지

고양이

Water

Outdoor

강아지 고양이

Attribute

강아지 고양이

Water Outdoor

‘테스트 시 outdoor attribute에 대해서 lower prediction confidence’

https://subpopbench.csail.mit.edu/
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Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

ℙ 𝑦 𝑥 =
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

PMI Attribute bias Class bias

Train dataset

강아지

고양이

Water Outdoor

Subpopulation Shift Type Attribute Bias Class Bias Impact on Classification Model

(3)Class Imbalance ∙
𝑃𝑡𝑟𝑎𝑖𝑛 𝑌 = 𝑦 ≫ 𝑃𝑡𝑟𝑎𝑖𝑛 𝑌 = 𝑦′

𝑃𝑡𝑒𝑠𝑡 𝑌 = 𝑦 = 𝑃𝑡𝑒𝑠𝑡 𝑌 = 𝑦′
ℙ 𝑦 ≫ ℙ y′ ⟹ℙ 𝑦 𝑥 ≫ ℙ(𝑦′|𝑥)

강아지 고양이

Water

Outdoor

강아지 고양이

https://subpopbench.csail.mit.edu/


2222

Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

ℙ 𝑦 𝑥 =
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

PMI Attribute bias Class bias

Subpopulation Shift Type Attribute Bias Class Bias Impact on Classification Model

(4)Attribute Generalization
𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 = 0, ∀𝑎 ∈ 𝔸𝑢𝑛𝑠𝑒𝑒𝑛

𝑃𝑡𝑒𝑠𝑡 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 > 0, ∀𝑎 ∈ 𝔸
Unconstrained Generalize to 𝔸𝑢𝑛𝑠𝑒𝑒𝑛

Train dataset

강아지

고양이

Water Outdoor

Water

Outdoor

강아지 고양이

https://subpopbench.csail.mit.edu/
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Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

ℙ 𝑦 𝑥 =
ℙ(𝑥𝑐𝑜𝑟𝑒|𝑦)

ℙ(𝑥𝑐𝑜𝑟𝑒)
⋅
ℙ(𝕒|𝑦, 𝑥𝑐𝑜𝑟𝑒)

ℙ(𝕒|𝑥𝑐𝑜𝑟𝑒)
⋅ ℙ 𝑦

PMI Attribute bias Class bias

Subpopulation Shift Type Attribute Bias Class Bias Impact on Classification Model

(4)Attribute Generalization
𝑃𝑡𝑟𝑎𝑖𝑛 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 = 0, ∀𝑎 ∈ 𝔸𝑢𝑛𝑠𝑒𝑒𝑛

𝑃𝑡𝑒𝑠𝑡 𝑎 𝑦, 𝑥𝑐𝑜𝑟𝑒 > 0, ∀𝑎 ∈ 𝔸
Unconstrained Generalize to 𝔸𝑢𝑛𝑠𝑒𝑒𝑛

Train dataset

강아지

고양이

Water Outdoor

Test dataset

Water

Outdoor

강아지 고양이

? ?
?

https://subpopbench.csail.mit.edu/
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Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

Benchmarking subpopulation shift using real-world datasets

Vision, language, health care 도메인 등 총 12가지 데이터셋에 대해서 분석을 함

데이터셋들은 basic shift들이 혼합되어 있음

Class Imbalance

Spurious Correlations

Attribute Generalization

Attribute Imbalance

Waterbirds
CelebA

CXRMultiSite

CheXpert
MIMIC-Notes

MetaShift

MIMIC-CXR
MultiNLI

CivilComments

NICO++
ImageNetBG

Living17

Natural Image      | Text    | Chest X-rays

https://subpopbench.csail.mit.edu/


2525

Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

Benchmarking subpopulation shift using real-world datasets

Vision, language, health care 도메인 등 총 12가지 데이터셋에 대해서 분석을 함

데이터셋들은 basic shift들이 혼합되어 있음

https://subpopbench.csail.mit.edu/
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Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

SOTA algorithms only improve certain types of shift –Attributes are unknown in both training and validation set

Shift에 가장 많은 영향을 받은 하위 집단(worst-group)에 대해서 일반적인 지도학습(ERM) 대비 성능 향상 비교

모든 shift type에서 가장 좋은 성능을 보이는 알고리즘은 없음

Attribute imbalance, attribute generalization에서는 더 개선된 알고리즘이 필요함

https://subpopbench.csail.mit.edu/
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Subpopulation Shift
Change is Hard: A Closer Look at Subpopulation Shift

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.

https://subpopbench.csail.mit.edu/

Attribute availability & model selection

Attribute 정보를 학습 또는 검증 단계에서 사용할 수 있는지 여부에 따라서 성능 편차가 존재할 수 있음

평가에 사용할 model을 선택하는 방식에 따라서도 성능 편차가 존재함

https://subpopbench.csail.mit.edu/
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Distributionally robust neural networks for group shifts –GroupDRO (ICLR, 2020)

Stanford, Microsoft 연구원들에 의해 연구되었으며 2025년 4월 11일 기준 2,003회 인용됨

Distribution shift 중 subpopulation (group) shift 문제를 distributionally robust optimization 개념으로 해결한 논문

Subpopulation Shift
1-stage method for subpopulation shift
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GroupDRO vs. ERM

ERM은 일반적인 모델 지도 학습에서 사용하는 목적식으로써 평균 성능을 최적화하는 방식

GroupDRO는 그룹별 불균형 요소를 반영하여 worst-group 성능을 개선하는 방식

Subpopulation Shift
Distributionally robust neural networks for group shifts – GroupDRO

Group 1
Y : Dog
a : Outdoor

Group 2
Y : Dog
a : Indoor

Group 4
Y : Cat
a : Indoor

Group 3
Y : Cat
a : Outdoor

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5
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GroupDRO vs. ERM

ERM은 일반적인 모델 지도 학습에서 사용하는 목적식으로써 평균 성능을 최적화하는 방식

GroupDRO는 그룹별 불균형 요소를 반영하여 worst-group 성능을 개선하는 방식

Subpopulation Shift
Distributionally robust neural networks for group shifts – GroupDRO

Group 1
Y : Dog
a : Outdoor

Group 2
Y : Dog
a : Indoor

Group 4
Y : Cat
a : Indoor

Group 3
Y : Cat
a : Outdoor

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5

(0.5 + 1.5 + 1.5 + 0.5)/4
= 1.0

Minority group들에대한일반화성능보장못함

ERM loss
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GroupDRO vs. ERM

ERM은 일반적인 모델 지도 학습에서 사용하는 목적식으로써 평균 성능을 최적화하는 방식

GroupDRO는 그룹별 불균형 요소를 반영하여 worst-group 성능을 개선하는 방식

Subpopulation Shift
Distributionally robust neural networks for group shifts – GroupDRO

Group 1
Y : Dog
a : Outdoor

Group 2
Y : Dog
a : Indoor

Group 4
Y : Cat
a : Indoor

Group 3
Y : Cat
a : Outdoor

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5

Group weights = [¼, ¼, ¼, ¼] DRO step: 0.01 (hyperpara.)
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GroupDRO vs. ERM

ERM은 일반적인 모델 지도 학습에서 사용하는 목적식으로써 평균 성능을 최적화하는 방식

GroupDRO는 그룹별 불균형 요소를 반영하여 worst-group 성능을 개선하는 방식

Subpopulation Shift
Distributionally robust neural networks for group shifts – GroupDRO

Group 1
Y : Dog
a : Outdoor

Group 2
Y : Dog
a : Indoor

Group 4
Y : Cat
a : Indoor

Group 3
Y : Cat
a : Outdoor

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5

Group weights = [¼, ¼, ¼, ¼]

Group weight updates

𝐺𝑟𝑜𝑢𝑝𝑤𝑒𝑖𝑔ℎ𝑡 ×𝑒(𝐷𝑅𝑂𝑠𝑡𝑒𝑝×𝐺𝑟𝑜𝑢𝑝𝑙𝑜𝑠𝑠)

weight: 
𝟏

𝟒
×𝒆𝟎.𝟎𝟏×𝟎.𝟓 =0.2512

weight: 
𝟏

𝟒
×𝒆𝟎.𝟎𝟏×𝟏.𝟓 =0.2538

weight: 
𝟏

𝟒
×𝒆𝟎.𝟎𝟏×𝟏.𝟓 =0.2538

weight: 
𝟏

𝟒
×𝒆𝟎.𝟎𝟏×𝟎.𝟓 =0.2512

Normalization Updated Group weights
= [0.2487, 0.2513, 0.2513, 0.2487]

DRO step: 0.01 (hyperpara.)
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GroupDRO vs. ERM

ERM은 일반적인 모델 지도 학습에서 사용하는 목적식으로써 평균 성능을 최적화하는 방식

GroupDRO는 그룹별 불균형 요소를 반영하여 worst-group 성능을 개선하는 방식

Subpopulation Shift
Distributionally robust neural networks for group shifts – GroupDRO

Group 1
Y : Dog
a : Outdoor

Group 2
Y : Dog
a : Indoor

Group 4
Y : Cat
a : Indoor

Group 3
Y : Cat
a : Outdoor

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5

Group weights = [0.2487, 0.2513,                  
0.2513, 0.2487]

DRO step: 0.01 (hyperpara.)

(0.5×0.2487)=0.12435

(0.5×0.2487)=0.12435

(1.5×0.2513)=0.37695

(1.5×0.2513)=0.37695

Group weighted losses

GroupDRO loss
= 1.0026
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GroupDRO vs. ERM

ERM은 일반적인 모델 지도 학습에서 사용하는 목적식으로써 평균 성능을 최적화하는 방식

GroupDRO는 그룹별 불균형 요소를 반영하여 worst-group 성능을 개선하는 방식

Subpopulation Shift
Distributionally robust neural networks for group shifts – GroupDRO

Group 1
Y : Dog
a : Outdoor

Group 2
Y : Dog
a : Indoor

Group 4
Y : Cat
a : Indoor

Group 3
Y : Cat
a : Outdoor

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5

Group weights = [0.2487, 0.2513,                  
0.2513, 0.2487]

DRO step: 0.01 (hyperpara.)

(0.5×0.2487)=0.12435

(0.5×0.2487)=0.12435

(1.5×0.2513)=0.37695

(1.5×0.2513)=0.37695

Group weighted losses

GroupDRO loss
= 1.0026

Train & validation
Attributes both known

Train & validation
Attributes both unknown
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Last layer re-training is sufficient for robustness to spurious correlations –DFR (ICLR, 2023)

New York university에서 연구 되었으며 2025년 4월 11일 기준 352회 인용됨

Subpopulation shift 상황에서 모델 성능 저하를 간단한 classifier re-training 기법으로 개선할 수 있다는 것을 보임

Subpopulation Shift
2-stage method for subpopulation shift
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Deep feature reweighting (DFR): 2-stage training method

첫번째 stage: ERM으로 학습(train dataset 활용)

두번째 stage: 특징 추출기 고정 및 분류기 재학습(resampledvalidation dataset 및 𝑙1 regularization 활용)

Subpopulation Shift
Last layer re-training is sufficient for robustness to spurious correlations – DFR

Group 1
Y : Dog
a : Outdoor
# : 500

Group 2
Y : Dog
a : Indoor
# : 50

Group 4
Y : Cat
a : Indoor
# : 500

Group 3
Y : Cat
a : Outdoor
# : 50

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5

(0.5 + 1.5 + 1.5 + 0.5)/4
= 1.0

ERM loss

Train dataset
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Deep feature reweighting (DFR): 2-stage training method

첫번째 stage: ERM으로 학습(train dataset 활용)

두번째 stage: 특징 추출기 고정 및 분류기 재학습(resampledvalidation dataset 및 𝑙1 regularization 활용)

Subpopulation Shift
Last layer re-training is sufficient for robustness to spurious correlations – DFR

Group 1
Y : Dog
a : Outdoor
# : 500

Group 2
Y : Dog
a : Indoor
# : 50

Group 4
Y : Cat
a : Indoor
# : 500

Group 3
Y : Cat
a : Outdoor
# : 50

Train dataset Classifier

Feature
Extractor

Classifier

Spurious

Invariant

Large weights

Small weights
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Deep feature reweighting (DFR): 2-stage training method

첫번째 stage: ERM으로 학습(train dataset 활용)

두번째 stage: 특징 추출기 고정 및 분류기 재학습(resampledvalidation dataset 및 𝑙1 regularization 활용)

Subpopulation Shift
Last layer re-training is sufficient for robustness to spurious correlations – DFR

Group 1
Y : Dog
a : Outdoor
# : 100

Group 2
Y : Dog
a : Indoor
# : 10

Group 4
Y : Cat
a : Indoor
# : 100

Group 3
Y : Cat
a : Outdoor
# : 10

Resampled validation dataset Classifier

Feature
Extractor

Classifier

Spurious

Invariant

Large weights

Small weights

Re-training
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Deep feature reweighting (DFR): 2-stage training method

첫번째 stage: ERM으로 학습(train dataset 활용)

두번째 stage: 특징 추출기 고정 및 분류기 재학습(resampledvalidation dataset 및 𝑙1 regularization 활용)

Subpopulation Shift
Last layer re-training is sufficient for robustness to spurious correlations – DFR

Group 1
Y : Dog
a : Outdoor
# : 10

Group 2
Y : Dog
a : Indoor
# : 10

Group 4
Y : Cat
a : Indoor
# : 10

Group 3
Y : Cat
a : Outdoor
# : 10

Resampled validation dataset Classifier

Feature
Extractor

Classifier

Spurious

Invariant

Large weights

Small weights

Re-training

𝑙1 regularization
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GroupDRO vs. ERM

ERM은 일반적인 모델 지도 학습에서 사용하는 목적식으로써 평균 성능을 최적화하는 방식

GroupDRO는 그룹별 불균형 요소를 반영하여 worst-group 성능을 개선하는 방식

Subpopulation Shift
Last layer re-training is sufficient for robustness to spurious correlations – DFR

Group 1
Y : Dog
a : Outdoor

Group 2
Y : Dog
a : Indoor

Group 4
Y : Cat
a : Indoor

Group 3
Y : Cat
a : Outdoor

Feature
Extractor

Classifier

예측 실제

ො𝑦 𝑦

Group 1 Loss: 0.5

Group 2 Loss: 1.5

Group 3 Loss: 1.5

Group 4 Loss: 0.5

Group weights = [0.2487, 0.2513,                  
0.2513, 0.2487]

DRO step: 0.01 (hyperpara.)

(0.5×0.2487)=0.12435

(0.5×0.2487)=0.12435

(1.5×0.2513)=0.37695

(1.5×0.2513)=0.37695

Group weighted losses

GroupDRO loss
= 1.0026

Train & validation
Attributes both known

Train & validation
Attributes both unknown
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Summary

Basic types of Subpopulation shift

Spurious correlations, attribute imbalance, class imbalance, attribute generalization

1-stage method for subpopulation shift: GroupDRO

2-stage method for subpopulation shift: DFR

Conclusion

Outdoor

Indoor

강아지 고양이 강아지 고양이 강아지 고양이 강아지 고양이

? ?
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