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Objective: Improving model generalizability when test data diverges from 
training distribution, without requiring access to training data and processes.
Weakness of existing methods: Current TTA methods fail to address the 
fundamental issue: covariate shift, i.e., the decreased generalizability can be 
attributed to the model’s reliance on the marginal distribution of the training 
data, which may impair model calibration and introduce confirmation bias.
Motivation: Transforming the trained classifier into an energy-based model 
and aligning the model’s distribution with the test data’s, enhancing its ability 
to perceive test distributions and thus improving overall generalizability.

Negative Samples

Test-Time Energy Adaptation
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Langevin Dynamics
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Source Model
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x̃0 ⇠ p0

<latexit sha1_base64="Oa2wobewX9pRF5gAGO7WN7hwFgI=">AAACEXicbZC7SgNBFIZn4y3GW9TSZjERYhN2A17KoI1lBHOBJITZydlkyOyFmbNiWPYVbHwVGwtFbO3sfBtnky008YeBj/+cw5zzO6HgCi3r28itrK6tb+Q3C1vbO7t7xf2DlgoiyaDJAhHIjkMVCO5DEzkK6IQSqOcIaDuT67TevgepeODf4TSEvkdHPnc5o6itQbFSdgdxD8eANKn0PIpjx40fEu2lLL0YQWGSnJYHxZJVtWYyl8HOoEQyNQbFr94wYJEHPjJBleraVoj9mErkTEBS6EUKQsomdARdjT71QPXj2UWJeaKdoekGUj8fzZn7eyKmnlJTz9Gd6Z5qsZaa/9W6EbqX/Zj7YYTgs/lHbiRMDMw0HnPIJTAUUw2USa53NdmYSspQh1jQIdiLJy9Dq1a1z6tnt7VS/SqLI0+OyDGpEJtckDq5IQ3SJIw8kmfySt6MJ+PFeDc+5q05I5s5JH9kfP4Av6OePQ==</latexit>

f✓(xtest)
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Energy-Based Model

<latexit sha1_base64="A4ZJYb0p0ejsi6QgjJ4DKR5U1zw=">AAACEXicbZDJSgNBEIZ7XGPcRj16GUyEeAkzAZdjUASPEcwCSQg9nZqkSc9Cd40YhnkFL76KFw+KePXmzbexJ8lBE39o+Piriq763Uhwhbb9bSwtr6yurec28ptb2zu75t5+Q4WxZFBnoQhly6UKBA+gjhwFtCIJ1HcFNN3RVVZv3oNUPAzucBxB16eDgHucUdRWzywVr3tJB4eANC11fIpD10seUu1lLP0EQWGanhR7ZsEu2xNZi+DMoEBmqvXMr04/ZLEPATJBlWo7doTdhErkTECa78QKIspGdABtjQH1QXWTyUWpdaydvuWFUr8ArYn7eyKhvlJj39Wd2Z5qvpaZ/9XaMXoX3YQHUYwQsOlHXiwsDK0sHqvPJTAUYw2USa53tdiQSspQh5jXITjzJy9Co1J2zsqnt5VC9XIWR44ckiNSIg45J1VyQ2qkThh5JM/klbwZT8aL8W58TFuXjNnMAfkj4/MHiLmeHA==</latexit>
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<latexit sha1_base64="7UvcZeFVpUhsc8u84CwmWrgq5yA=">AAACCXicbVDJSgNBEO1xjXEb9eilMQp6CTMBl2NQBI8RzAKZEHo6NUmTnoXuGjEMc/Xir3jxoIhX/8Cbf2NnObg9KHi8V0VVPT+RQqPjfFpz8wuLS8uFleLq2vrGpr213dBxqjjUeSxj1fKZBikiqKNACa1EAQt9CU1/eDH2m7egtIijGxwl0AlZPxKB4AyN1LXp/mU383AAyPJDD4XsQeaFDAd+kN3l+dF+1y45ZWcC+pe4M1IiM9S69ofXi3kaQoRcMq3brpNgJ2MKBZeQF71UQ8L4kPWhbWjEQtCdbPJJTg+M0qNBrExFSCfq94mMhVqPQt90jo/Uv72x+J/XTjE462QiSlKEiE8XBamkGNNxLLQnFHCUI0MYV8LcSvmAKcbRhFc0Ibi/X/5LGpWye1I+vq6UquezOApkl+yRQ+KSU1IlV6RG6oSTe/JInsmL9WA9Wa/W27R1zprN7JAfsN6/AIddmj4=</latexit>

E✓(x̃)

…

Test Samples
<latexit sha1_base64="YHCVecndZ7t3sczuwSoCi8n0P2I=">AAACBXicbZDLSsNAFIYnXmu9RV3qItgKrkpS8LIsunFZwV6gDWUynbRDJ5MwcyKWkI0bX8WNC0Xc+g7ufBsnaRba+sPAx3/OYc75vYgzBbb9bSwtr6yurZc2yptb2zu75t5+W4WxJLRFQh7KrocV5UzQFjDgtBtJigOP0443uc7qnXsqFQvFHUwj6gZ4JJjPCAZtDcyjaj/AMPb85CEdJDnLIAGqIE2rA7Ni1+xc1iI4BVRQoebA/OoPQxIHVADhWKmeY0fgJlgCI5ym5X6saITJBI9oT6PAAVVukl+RWifaGVp+KPUTYOXu74kEB0pNA093Zmuq+Vpm/lfrxeBfugkTUQxUkNlHfswtCK0sEmvIJCXApxowkUzvapExlpiADq6sQ3DmT16Edr3mnNfObuuVxlURRwkdomN0ihx0gRroBjVRCxH0iJ7RK3oznowX4934mLUuGcXMAfoj4/MHkL+ZRQ==</latexit>xtest
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Frozen Weights

<latexit sha1_base64="A4ZJYb0p0ejsi6QgjJ4DKR5U1zw=">AAACEXicbZDJSgNBEIZ7XGPcRj16GUyEeAkzAZdjUASPEcwCSQg9nZqkSc9Cd40YhnkFL76KFw+KePXmzbexJ8lBE39o+Piriq763Uhwhbb9bSwtr6yurec28ptb2zu75t5+Q4WxZFBnoQhly6UKBA+gjhwFtCIJ1HcFNN3RVVZv3oNUPAzucBxB16eDgHucUdRWzywVr3tJB4eANC11fIpD10seUu1lLP0EQWGanhR7ZsEu2xNZi+DMoEBmqvXMr04/ZLEPATJBlWo7doTdhErkTECa78QKIspGdABtjQH1QXWTyUWpdaydvuWFUr8ArYn7eyKhvlJj39Wd2Z5qvpaZ/9XaMXoX3YQHUYwQsOlHXiwsDK0sHqvPJTAUYw2USa53tdiQSspQh5jXITjzJy9Co1J2zsqnt5VC9XIWR44ckiNSIg45J1VyQ2qkThh5JM/klbwZT8aL8W58TFuXjNnMAfkj4/MHiLmeHA==</latexit>

E✓(xtest)Energy
<latexit sha1_base64="D6nbwt93bH5qCnEzw/bXh5j/3yo=">AAACEXicbZC7SgNBFIZn4y3GW9TSZjERYhN2A17KoI1lBHOBJITZydlkyOyFmbNiWPYVbHwVGwtFbO3sfBtnky008YeBj/+cw5zzO6HgCi3r28itrK6tb+Q3C1vbO7t7xf2DlgoiyaDJAhHIjkMVCO5DEzkK6IQSqOcIaDuT67TevgepeODf4TSEvkdHPnc5o6itQbFSDgdxD8eANKn0PIpjx40fEu2lLL0YQWGSnJYHxZJVtWYyl8HOoEQyNQbFr94wYJEHPjJBleraVoj9mErkTEBS6EUKQsomdARdjT71QPXj2UWJeaKdoekGUj8fzZn7eyKmnlJTz9Gd6Z5qsZaa/9W6EbqX/Zj7YYTgs/lHbiRMDMw0HnPIJTAUUw2USa53NdmYSspQh1jQIdiLJy9Dq1a1z6tnt7VS/SqLI0+OyDGpEJtckDq5IQ3SJIw8kmfySt6MJ+PFeDc+5q05I5s5JH9kfP4A0EeeRw==</latexit>
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<latexit sha1_base64="SR+rNYmNbDXg8jf52dfBZo8qVV8=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIph4IrskPo5ELx4xCpLAhswOszBhdnYz02skhE/w4kFjvPpF3vwbB9iDgpV0UqnqTndXkEhh0HW/ndzK6tr6Rn6zsLW9s7tX3D9omjjVjDdYLGPdCqjhUijeQIGStxLNaRRI/hAMr6f+wyPXRsTqHkcJ9yPaVyIUjKKV7spP5W6x5FbcGcgy8TJSggz1bvGr04tZGnGFTFJj2p6boD+mGgWTfFLopIYnlA1pn7ctVTTixh/PTp2QE6v0SBhrWwrJTP09MaaRMaMosJ0RxYFZ9Kbif147xfDSHwuVpMgVmy8KU0kwJtO/SU9ozlCOLKFMC3srYQOqKUObTsGG4C2+vEya1Yp3Xjm7rZZqV1kceTiCYzgFDy6gBjdQhwYw6MMzvMKbI50X5935mLfmnGzmEP7A+fwBoJKNYA==</latexit>x

Energy

Energy

<latexit sha1_base64="X4NyBYzymTEUNI9c6UaFkrgyUUA=">AAAB/XicbVDLSsNAFL3xWesrPnZugq3gqiQFH8uiG5cV7AOaUCaTSTt0MgkzE7GG4q+4caGIW//DnX/jpM1CWw8MHM65l3vm+AmjUtn2t7G0vLK6tl7aKG9ube/smnv7bRmnApMWjlksuj6ShFFOWooqRrqJICjyGen4o+vc79wTIWnM79Q4IV6EBpyGFCOlpb55WHUVZQHJ3AipoR9mD5NJtW9W7Jo9hbVInIJUoECzb365QYzTiHCFGZKy59iJ8jIkFMWMTMpuKkmC8AgNSE9TjiIivWyafmKdaCWwwljox5U1VX9vZCiSchz5ejLPKOe9XPzP66UqvPQyypNUEY5nh8KUWSq28iqsgAqCFRtrgrCgOquFh0ggrHRhZV2CM//lRdKu15zz2tltvdK4KuoowREcwyk4cAENuIEmtADDIzzDK7wZT8aL8W58zEaXjGLnAP7A+PwBtWGVZw==</latexit>
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<latexit sha1_base64="2VCK1svdxUgwxpzTs4SAZjRa5PI=">AAAB+HicbVDLSsNAFJ34rPXRqEs3g61QNyUp+FgWRXBZwT6gDWEynbZDJ5MwcyPW0C9x40IRt36KO//GaZuFth64cDjnXu69J4gF1+A439bK6tr6xmZuK7+9s7tXsPcPmjpKFGUNGolItQOimeCSNYCDYO1YMRIGgrWC0fXUbz0wpXkk72EcMy8kA8n7nBIwkm8XSjd+2oUhAzIpP56WfLvoVJwZ8DJxM1JEGeq+/dXtRTQJmQQqiNYd14nBS4kCTgWb5LuJZjGhIzJgHUMlCZn20tnhE3xilB7uR8qUBDxTf0+kJNR6HAamMyQw1IveVPzP6yTQv/RSLuMEmKTzRf1EYIjwNAXc44pREGNDCFXc3IrpkChCwWSVNyG4iy8vk2a14p5Xzu6qxdpVFkcOHaFjVEYuukA1dIvqqIEoStAzekVv1pP1Yr1bH/PWFSubOUR/YH3+AJh1kmg=</latexit> E
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<latexit sha1_base64="YHCVecndZ7t3sczuwSoCi8n0P2I=">AAACBXicbZDLSsNAFIYnXmu9RV3qItgKrkpS8LIsunFZwV6gDWUynbRDJ5MwcyKWkI0bX8WNC0Xc+g7ufBsnaRba+sPAx3/OYc75vYgzBbb9bSwtr6yurZc2yptb2zu75t5+W4WxJLRFQh7KrocV5UzQFjDgtBtJigOP0443uc7qnXsqFQvFHUwj6gZ4JJjPCAZtDcyjaj/AMPb85CEdJDnLIAGqIE2rA7Ni1+xc1iI4BVRQoebA/OoPQxIHVADhWKmeY0fgJlgCI5ym5X6saITJBI9oT6PAAVVukl+RWifaGVp+KPUTYOXu74kEB0pNA093Zmuq+Vpm/lfrxeBfugkTUQxUkNlHfswtCK0sEmvIJCXApxowkUzvapExlpiADq6sQ3DmT16Edr3mnNfObuuVxlURRwkdomN0ihx0gRroBjVRCxH0iJ7RK3oznowX4934mLUuGcXMAfoj4/MHkL+ZRQ==</latexit>xtest
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Adaptation Objective
Contrastive Divergence

<latexit sha1_base64="bhbkI2EYJpcwQzrnY/Al1hqSYG8="></latexit>

E✓(·) = � log
P

i exp (f✓(·)i)

perception of
<latexit sha1_base64="17bJhIAmbfY6UNBteh8t/a7ZfTY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LLaCp5IU/DgWvXisYGuhKWWznbRLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28Sp5tDisYx1J2AGpFDQQoESOokGFgUSHoPx7cx/fAJtRKwecJJAL2JDJULBGVrJr4b9zMcRIJtW++WKW3PnoKvEy0mF5Gj2y1/+IOZpBAq5ZMZ0PTfBXsY0Ci5hWvJTAwnjYzaErqWKRWB62fzmKT2zyoCGsbalkM7V3xMZi4yZRIHtjBiOzLI3E//zuimG171MqCRFUHyxKEwlxZjOAqADoYGjnFjCuBb2VspHTDOONqaSDcFbfnmVtOs177J2cV+vNG7yOIrkhJySc+KRK9Igd6RJWoSThDyTV/LmpM6L8+58LFoLTj5zTP7A+fwBpjGRcQ==</latexit>

f✓
<latexit sha1_base64="zkbTXZebZiimw4EQr80ylaBJ/kA=">AAACCHicbVDLSsNAFJ34rPUVdenCYCvUTUkKPpZFNy4r2Ae0IUymk3bo5MHMjVhClm78FTcuFHHrJ7jzb5ykWWjrgYEz59zLvfe4EWcSTPNbW1peWV1bL22UN7e2d3b1vf2ODGNBaJuEPBQ9F0vKWUDbwIDTXiQo9l1Ou+7kOvO791RIFgZ3MI2o7eNRwDxGMCjJ0Y+qkZMMfAxj4SdAJaRpLf+6XvKQnlYdvWLWzRzGIrEKUkEFWo7+NRiGJPZpAIRjKfuWGYGdYAGMcJqWB7GkESYTPKJ9RQPsU2kn+SGpcaKUoeGFQr0AjFz93ZFgX8qp76rKbEc572Xif14/Bu/STlgQxUADMhvkxdyA0MhSMYZMUAJ8qggmgqldDTLGAhNQ2ZVVCNb8yYuk06hb5/Wz20aleVXEUUKH6BjVkIUuUBPdoBZqI4Ie0TN6RW/ak/aivWsfs9Ilreg5QH+gff4ASAWaJA==</latexit>
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Pretrained Classifier
<latexit sha1_base64="CeeEbXIM76f0QS6qHaULxX6dcrk="></latexit>

p✓(y | x) = exp(f✓(x)[y])P
y0 exp(f✓(x)[y0])

introduce unknown
normalizing constant

<latexit sha1_base64="VbFV7GSyfWRwor5hlODbLQ+dz0w=">AAAB9HicbVDJTgJBEK3BDXFDPXrpCCaeyAyJy5HoxSMmskSYkJ6mBzr0LHbXkJAJ3+HFg8Z49WO8+Tc2MAcFX1LJy3tVqarnxVJotO1vK7e2vrG5ld8u7Ozu7R8UD4+aOkoU4w0WyUi1Paq5FCFvoEDJ27HiNPAkb3mj25nfGnOlRRQ+4CTmbkAHofAFo2gkt/zYS7s45EinZdIrluyKPQdZJU5GSpCh3it+dfsRSwIeIpNU645jx+imVKFgkk8L3UTzmLIRHfCOoSENuHbT+dFTcmaUPvEjZSpEMld/T6Q00HoSeKYzoDjUy95M/M/rJOhfu6kI4wR5yBaL/EQSjMgsAdIXijOUE0MoU8LcStiQKsrQ5FQwITjLL6+SZrXiXFYu7qul2k0WRx5O4BTOwYErqMEd1KEBDJ7gGV7hzRpbL9a79bFozVnZzDH8gfX5A+1ukY8=</latexit>

Z✓
<latexit sha1_base64="4bDBUpdBw8Mxv96MUM4QMs/5T6U="></latexit>

p✓(x) =
X

y

p✓(x, y) =

P
y exp (f✓(x)[y])

Z✓
.

<latexit sha1_base64="7usR+OEHW+L66b50gxywwvfKT0E="></latexit>

p✓(x, y) =
exp(f✓(x)[y])

Z✓

<latexit sha1_base64="Tp6s3yPuEwvr8SJ00O6/HMcTqk8=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LLaCp5IU/DgWvXisYGuhDWWz3bRLdzdhdyOE0L/gxYMiXv1D3vw3btoctPXBwOO9GWbmBTFn2rjut1NaW9/Y3CpvV3Z29/YPqodHXR0litAOiXikegHWlDNJO4YZTnuxolgEnD4G09vcf3yiSrNIPpg0pr7AY8lCRrDJpXpaR8NqzW24c6BV4hWkBgXaw+rXYBSRRFBpCMda9z03Nn6GlWGE01llkGgaYzLFY9q3VGJBtZ/Nb52hM6uMUBgpW9Kgufp7IsNC61QEtlNgM9HLXi7+5/UTE177GZNxYqgki0VhwpGJUP44GjFFieGpJZgoZm9FZIIVJsbGU7EheMsvr5Jus+FdNi7um7XWTRFHGU7gFM7BgytowR20oQMEJvAMr/DmCOfFeXc+Fq0lp5g5hj9wPn8A+ECNiw==</latexit>ymarginalize out 

<latexit sha1_base64="c5tkCkEFgkE4jZCIZxBmWehgX28="></latexit>

E✓(x) = � log
P

y exp (f✓(x)[y])Energy Based Model

<latexit sha1_base64="YDpXZJzdg4PZoLwnn4wj0+2S37g="></latexit>

p✓(x) =
exp(�E✓(x))

Z✓
substitute
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