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F Hard positive pairs may hamper DG

F Using Proxy to reduce the complexity of contrastive
loss

Comparison between two losses

(a) Contrastive-based Loss
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F Contrastive loss: sample-to-sample pairs
F Proxy loss: proxy-to-sample pairs

Complexity comparsion

Loss function positive pair negative pair relations category training complexity

softmax CE loss (wy, xi) (w1, xi), (w2, xi), ..., (wj, xi) proxy-to-sample proxy-based O(CN)

Contrastive loss (xi, x∗i ) (xi, x1), (xi, x2), ..., (x1, xn) sample-to-sample pair-based O(N2)

MS Loss (xi, xj)...(xi, xm) (xi, x1), (xi, x2)...(x1, xn) sample-to-sample pair-based O(N2)

triplet Loss (xi, xj)...(xi, xm) (xi, x1), (xi, x2)...(x1, xn) sample-to-sample pair-based O(N3)

F Pair-based loss: rich sample-to-sample pairs, high complexity
F Proxy-based loss: low complexity, high generalization

Proxy-based Contrastive Learning
Review Softmax-based CE Loss

F Advantage: learn a proxy for each class efficently

F Disadvantage: miss rich sample-to-sample pairs

Review Contrastive-based Loss

F Advantage: plentiful sample-to-sample pairs, im-
plicit hard pair mining

LCL = lim
α→∞

1

α
− log(

exp(α · sp)
exp(α · sp) +

∑N−1
j=1 exp(α · sjn)

)

= lim
α→∞

1

α
log(1 +

N−1∑

j=1

exp(α(sjn − sp)))

= max[sjn − sp]+.

(1)

1

F Disadvantage: high complexity, hard to optimize

0

Gradients of  the positive similarity score
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<latexit sha1_base64="GUIVU9NDuYzh4HVzSryMKFU4C+I=">AAACEHicbVA9T8MwEHXKd/kKMLJYVAimKkEgGBEsDAwgUVqpCdHFdcCq40S2g1RZ+Qks/BUWBhBiZWTj3+CUDtDypJOe3rvT3b0450xpz/tyalPTM7Nz8wv1xaXllVV3bf1aZYUktEUynslODIpyJmhLM81pJ5cU0pjTdtw/rfz2PZWKZeJKD3IapnArWMIIaCtF7k5AEgnEBDlIzYDjIAV9R4Cb87I06sZAGRlRlpHb8JreEHiS+CPSQCNcRO5n0MtIkVKhCQelur6X69BUWwinZT0oFM2B9OGWdi0VkFIVmuFDJd62Sg8nmbQlNB6qvycMpEoN0th2Vueqca8S//O6hU6OQsNEXmgqyM+ipOBYZ7hKB/eYpETzgSVAJLO3YnIHNiBtM6zbEPzxlyfJ9V7T328eXO43jk9GccyjTbSFdpGPDtExOkMXqIUIekBP6AW9Oo/Os/PmvP+01pzRzAb6A+fjG8PvnlY=</latexit>
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<latexit sha1_base64="HsWrio8QAh4hIIocgYCpPpqHiRM=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkqgrGChYGhSPQhNSFyXKe16jiR7SBVVj6BhV9hYQAhVkY2/gan7QAtR7rS0Tn36t57wpRRqRzn2yotLa+srpXXKxubW9s79u5eWyaZwKSFE5aIbogkYZSTlqKKkW4qCIpDRjrh6KrwOw9ESJrwOzVOiR+jAacRxUgZKbCPPRwJhLWXIqEoYtCLkRpixPRNnmt5r8M80DzPA7vq1JwJ4CJxZ6QKZmgG9pfXT3AWE64wQ1L2XCdVvi62YEbyipdJkiI8QgPSM5SjmEhfTx7K4ZFR+jBKhCmu4ET9PaFRLOU4Dk1nca6c9wrxP6+XqejC15SnmSIcTxdFGYMqgUU6sE8FwYqNDUFYUHMrxENkAlImw4oJwZ1/eZG0T2tuvXZ2W682LmdxlMEBOAQnwAXnoAGuQRO0AAaP4Bm8gjfryXqx3q2PaWvJms3sgz+wPn8AxXmeVw==</latexit>
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<latexit sha1_base64="q3o8oYzV7mLRj8W0xZLbCh8lhZ0=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkqgrGChYGhSPQhNSFyXKe16jiR7SBVVj6BhV9hYQAhVkY2/gan7QAtR7rS0Tn36t57wpRRqRzn2yotLa+srpXXKxubW9s79u5eWyaZwKSFE5aIbogkYZSTlqKKkW4qCIpDRjrh6KrwOw9ESJrwOzVOiR+jAacRxUgZKbCPPRwJhLWXIqEoYtCLkRpixPRNnmt5r3EeaJ7ngV11as4EcJG4M1IFMzQD+8vrJziLCVeYISl7rpMqXxdbMCN5xcskSREeoQHpGcpRTKSvJw/l8MgofRglwhRXcKL+ntAolnIch6azOFfOe4X4n9fLVHTha8rTTBGOp4uijEGVwCId2KeCYMXGhiAsqLkV4iEyASmTYcWE4M6/vEjapzW3Xju7rVcbl7M4yuAAHIIT4IJz0ADXoAlaAINH8AxewZv1ZL1Y79bHtLVkzWb2wR9Ynz/HA55Y</latexit>
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<latexit sha1_base64="pJN/5qH1ZWkDRzFGJFS91nSaww0=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkqgrGChYGhSPQhNSFyXKe16jiR7SBVVj6BhV9hYQAhVkY2/gan7QAtR7rS0Tn36t57wpRRqRzn2yotLa+srpXXKxubW9s79u5eWyaZwKSFE5aIbogkYZSTlqKKkW4qCIpDRjrh6KrwOw9ESJrwOzVOiR+jAacRxUgZKbCPPRwJhLWXIqEoYtCLkRpixPRNnmt5r/t5oHmeB3bVqTkTwEXizkgVzNAM7C+vn+AsJlxhhqTsuU6qfF1swYzkFS+TJEV4hAakZyhHMZG+njyUwyOj9GGUCFNcwYn6e0KjWMpxHJrO4lw57xXif14vU9GFrylPM0U4ni6KMgZVAot0YJ8KghUbG4KwoOZWiIfIBKRMhhUTgjv/8iJpn9bceu3stl5tXM7iKIMDcAhOgAvOQQNcgyZoAQwewTN4BW/Wk/VivVsf09aSNZvZB39gff4AyI2eWQ==</latexit>
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<latexit sha1_base64="VCiWft1r7aK3ewRUhx5GACjWXpU="></latexit>

softmax loss

Contrastive loss

Decision boundary

(xi − xj)
>x

<latexit sha1_base64="2du0CzvsvK9+zwg1CEalZHf4x8o=">AAACJnicbVDLSgMxFM3UV62vqks3wSLUhWVGKroRim5cVrAPaMeSyaRtbCYZkoxYhvkaN/6KGxcVEXd+imk7C516IORwzr3ce48XMqq0bX9ZuaXlldW1/HphY3Nre6e4u9dUIpKYNLBgQrY9pAijnDQ01Yy0Q0lQ4DHS8kbXU7/1SKSigt/pcUjcAA047VOMtJF6xcty1xPMV+PAfPFT0otpcpKVHpLj+7irRZjAjFUs2RV7BrhInJSUQIp6rzjp+gJHAeEaM6RUx7FD7cZIaooZSQrdSJEQ4REakI6hHAVEufHszAQeGcWHfSHN4xrO1N8dMQrUdDVTGSA9VFlvKv7ndSLdv3BjysNIE47ng/oRg1rAaWbQp5JgzcaGICyp2RXiIZIIa5NswYTgZE9eJM3TilOtnN1WS7WrNI48OACHoAwccA5q4AbUQQNg8AxewQS8Wy/Wm/Vhfc5Lc1basw/+wPr+AXjaqEI=</latexit>

(wi −wj)
>x

<latexit sha1_base64="il8Hqxj/wJB1CQ3qIZ15xmSVSPM=">AAACJnicbVDLTgIxFO3gC/GFunTTSExwIZkxGN2YEN24xEQeCeCkUwpUOu2k7ahkMl/jxl9x4wJjjDs/xQ7MAsGTND05597ce48XMKq0bX9bmaXlldW17HpuY3Nreye/u1dXIpSY1LBgQjY9pAijnNQ01Yw0A0mQ7zHS8IbXid94JFJRwe/0KCAdH/U57VGMtJHc/GWx7QnWVSPffNFT7EY0PpmXHuLj+6itRRDDWes5dvMFu2RPABeJk5ICSFF18+N2V+DQJ1xjhpRqOXagOxGSmmJG4lw7VCRAeIj6pGUoRz5RnWhyZgyPjNKFPSHN4xpO1NmOCPkqWc1U+kgP1LyXiP95rVD3LjoR5UGoCcfTQb2QQS1gkhnsUkmwZiNDEJbU7ArxAEmEtUk2Z0Jw5k9eJPXTklMund2WC5WrNI4sOACHoAgccA4q4AZUQQ1g8ALewBh8WK/Wu/VpfU1LM1basw/+wPr5BXWHqEA=</latexit>

Category  classfication

Sample  classfication

Our Solution Combine softmax and contrastive losses

LPCL = − 1

N

N∑

i=1

log
exp(w>

c zi · α)
Z

(1)

1

where Z is given by:

Z = exp(w>c zi · α) +
C−1∑

k=1

exp(w>k zj · α) +
K∑

j=1,j 6=i

exp(z>i zj · α)

1

Results
Ablation study on positive loss

Method PACS OfficeHome TerraIncognita

softmax CE 88.1 70.6 50.0
softmax CE w. positive loss 86.7 70.1 48.5

Positive loss is not effective in DG
Abaltion study on different settings
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Our method is relative stable with different setting
t-SNE visualization results

−60 −40 −20 0 20 40 60

−40

−20

0

20

40

Baseline

dog

elephat

giraffe

guitar

horse

house
person

−60 −40 −20 0 20 40 60

−40

−20

0

20

40

PCL

dog

elephat

giraffe

guitar

horse

house
person

Analysis on hard negative pairs selection
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Good selection of hard negative pairs
Results

Algorithm A C P R Avg

Mixstyle 51.1 53.2 68.2 69.2 60.4
ERM 63.1 51.9 77.2 78.1 67.6

I-Mixup 62.4 54.8 76.9 78.3 68.1
SagNet 63.4 54.8 75.8 78.3 68.1
CORAL 65.3 54.4 76.5 78.4 68.7
SWAD 66.1 57.7 78.4 80.2 70.6

Ours 67.3 59.9 78.7 80.7 71.6

Our method achieves the sota performance on several
benchmarks, e.g., OfficeHome.


