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Continually Changing Environments

949, On clean samples
Of-the-shelf pre-trained model /

57%

- On samples with unseen noise

P7{{I\

Accuracy on CIFAR10

Wang, Q., Fink, O., Van Gool, L., & Dai, D. (2022). Continual test-time domain adaptation. CVPR. 2



Continual Test-time Adaptation (CTA)

Of-the-shelf pre-trained model

7

LY

Fine-tune

P7{{I\

SN

A batch of unlabeled test samples

94% On clean samples
/%

57Vo

- On samples with unseen noise

Accuracy on CIFAR10

Wang, Q., Fink, O., Van Gool, L., & Dai, D. (2022). Continual test-time domain adaptation. CVPR. 3




Continual Test-time Adaptation (CTA)

I—» Car 90%

/I\

Continual adaptation via Tent/EATA
of ResNet50 w/ 64-sized batches

Wang, D., Shelhamer, E., Liu, S., Olshausen, B., & Darrell, T.

(2021). Tent: Fully test-time adaptation by entropy
minimization. ICLR. 4




Continual Test-time Adaptation (CTA)

Entropy Minimization (Tent)
6, = Optimizeyg, (]E:::NPz(x) [H(fo())], 0t—1),

l I—» Car 90% — ~

* Unsupervised finetuning.

g J

/I\

. . - Wang, D., Shelhamer, E., Liu, S., Olshausen, B., & Darrell, T.
Continual adaptation via Tent/EATA (2021). Tent: Fully test-time adaptation by entropy

of ResNet50 w/ 64-sized batches minimization. ICLR. 5



Continual Test-time Adaptation (CTA)

Entropy Minimization (Tent) —  Forward
0 = Optimizey. g, (Ex~p, (2)[H (fo(z))],0:—1), Baseline — Backward
Dense cache |
Car 90%
l I_’ | KCTA: \

* Unsupervised finetuning.
e Parameter efficient: Update BN only.

\_ J

Wang, D., Shelhamer, E,, Liu, S., Olshausen, B., & Darrell, T.
(2021). Tent: Fully test-time adaptation by entropy
minimization. ICLR.
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Continual adaptation via Tent/EATA
of ResNet50 w/ 64-sized batches 6




Continual Test-time Adaptation (CTA)

Batch Norm (BN)

Entropy Minimization (Tent) —  Forward g . A I y oy oy

.. ] L =t .

0, = Optumze%et(IEprt(x) [H(fg (:1:))], Ht—l), Baseline —> Backward J \/af+eo n,i,j,k 1°n,1,5,k T
Dense cache |

l I—» Car 90%

KCTA: \

Unsupervised finetuning.
e Parameter efficient: Update BN only.
e Batch-estimated BN statistics (u, o)
for capturing new environment.

\_ J

Wang, D., Shelhamer, E,, Liu, S., Olshausen, B., & Darrell, T.
(2021). Tent: Fully test-time adaptation by entropy
minimization. ICLR.
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Continual adaptation via Tent/EATA
of ResNet50 w/ 64-sized batches 7




Continual Test-time Adaptation (CTA)

Batch Norm (BN)
Entropy Minimization (Tent) —  Forward ) RS 7

. . znaiajak = 2 a’ni N :’y'fzﬁzz N +b’lL
0: = Optimizeycg, (Eznp, () [H (fo(2))], 0:-1), Baseline — Backward Voi+eo ) >
Dense cache |

l I—» Car 90% l = ~

I [ ] Unsupervised finetuning.
- T * Parameter efficient: Update BN only.
e Batch-estimated BN statistics (u, o)
[ G Conv ] for capturing new environment.
1 e (EATA by Niu et al., 2022)

(2021). Tent: Fully test-time adaptation by entropy

(f\\) (f\\) s S
_O_ v ] minimization. ICLR.
~~ 000 / | N\ Niu, S., Wu, J., Zhang, Y., Chen, Y., Zheng, S., Zhao, P,, &
a Conv

Tan, M. (2022). Efficient test-time model adaptation
1 T without forgetting. ICML.

- L \ Computation efficient. j
.‘ \
[ ] Wang, D., Shelhamer, E,, Liu, S., Olshausen, B., & Darrell, T.

Continual adaptation via Tent/EATA
of ResNet50 w/ 64-sized batches 8



High memory load for CTA on edge

model.init | 156 Mb —  Forward
—> Backward
Cache for inference
+786 Mb
model . forward
I
[ G Conv ]
 / 1 Raspberry Pi: 1-4Gb RAM

* Enough for inference

(f,::) (:;} _\O/_ % :

/I\

Continual adaptation via Tent/EATA T
of ResNet50 w/ 64-sized batches 9



High memory load for CTA on edge

model.init | 156 Mb —  Forward

Baseline —> Backward
optimizer.init | +98 Mb

Cache for inference

+786 Mb
model.forward |cache for backward

Dense cache |

+4.5 Gb

loss.backward +1186 Mb

optimizer.step | +0 Mb

v Raspberry Pi: 1-4Gb RAM
* Enough for inference but
not for adaptation
SIS .
~— 600 _O_ 3%

/I\

Continual adaptation via Tent/EATA
of ResNet50 w/ 64-sized batches 10



High cache memory for back-propagation

Batch-norm

model.init 156 Mb

optimizer.init | +98 Mb

model . forward |cache for backward

loss.backward

Cache for inference

+786 Mb

+4.5 Gb

+1186 Mb

optimizer.step | +0 Mb

\4

Y

Continual adaptation via Tent/EATA
of ResNet50 w/ 64-sized batches

Q (:;27 _\O/_ %

/I\

Baseline
Dense cache

=—» Forward
=—» Backward




High cache memory for back-propagation

Batch-norm
l _ wiz,z j,k_/-/’i l 1.1 l
o Znyigk = o2t eg nijk = Yi%n,ijk T b;
model.init | 156 Mb —  Forward :
. o Baseline —> Backward =Y, E L E
optimizer.init | +98 Mb Dense cache Z_”l” :ZZZ
Cache for inference | n=1 97 n=1j=1 k=1

+786 Mb

Cache size
model.forward |cache for backward ]

wad = maxXje{1,...,L} B x Cl X Wl X Hl.

—_—

Ry ;[z{;lB x C x W' x H' > waJ

+4.5 Gb

loss.backward +1186 Mb

optimizer.step | +0 Mb

/Traditional CTA cannot fit into Iow—\

v memory devices.
* (B) Require large batch size for
| statistic estimation.
(f\) (r\) _\O/_ 3%%‘( * (L&C) The cache tensor z scales
= %00 AN by number of layers and

channels.
Continual adaptation via Tent/EATA \ /
of ResNet50 w/ 64-sized batches 12




Memory-Efficient Adaptation by MECTA

l l
l Ln,i,g,k Hi

zn,iaj’k = ‘ /0'3+€O

Rywa = S5 B x C! x W! x H' > Rpyg

13



Memory-Efficient Adaptation by MECTA

—> Forward

* (B) Reduce batch size and sascline  —> Backward Oure
maintain accurate statistic Dense cache | 1 Sparse cache
estimation. - © 08

e = 1B,W'H ™\ — MECTA Norm —> I
‘u :[EJWE xn,i,j’k -I [_lafr‘h Norm | ’(B)
. . n,j,k . 1
Accurate.statlstlcs ¢ = [u, o] require more a Conv ]
samples in a batch (larger B).

- o J

A (L)
A = Ing kb MECTA Norm
n’Z,J’k 0-+e
i 0 - AT C Torm

wad = EIL=IB X Cl X Wl X Hl 2 wad A

a Conv ]
I

14



Memory-Efficient Adaptation by MECTA

—> Forward

* (B) Reduce batch size and saceline  — Backward oure
maintain accurate statistic Dense cache | 1 Sparse cache

estimation. a © 08
MECTA Norm —> I
(B)

AR 4

(@

l y

. T ik~ M (L)
n,t,j,k /70?%0 —— MECTA Norm
-I 23tch NNorm

Rpwa = 1B X C" >'<‘Wl x H! > Riyg ‘

T
[ a Conv ]
Drop cache < Drop gradient
Maintain effective adaptation requires 1 T
enough gradient information. 15

* (C) Reduce channels to update.

* (L) Reduce layers to update.




Memory-Efficient Adaptation by MECTA

MECTA Norm

ST (B)

Exponential Moving Average (EMA)

* (B) Reduce batch size and
maintain accurate statistic _
estimation per BN layer. Pt

Statistic of current batch

1|1
U= —=

_JWH

BWH

Z xnl]k

n,j,k

Inaccurate if B |

16



Memory-Efficient Adaptation by MECTA ([

* (B) Reduce batch size and
maintain accurate statistic
estimation per BN layer.

* Moving average accommodate
small batch sizes towards robust

and accurate statistic estimations.

MECTA Norm
229Tch Nlorm (B)

Exponential Moving Average (EMA)

Pt =

(1= B)oet1 +

Previous memory

¢t)

Statistic of current batch

11

_JWH

U= —=

BWH

Z xnl]k

n,j,k
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2Atrh Norm

Memory-Efficient Adaptation by MECTA ([MECTANOS
(B)

* (B) Reduce batch size and
maintain accurate statistic
estimation.

* Moving average accommodate
small batch sizes towards robust

and accurate statistic estimations.

Exponential Moving Average (EMA)

¢t = (1 — Bloef1 + bt

Previous memory Statistic of current batch

f = 1: Only using current small batch result in
inaccurate estimation.

[ How to set (8 in changing env? ]

ﬁﬁ\l/%ﬁ

000 /I\
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Memory-Efficient Adaptation by MECTA

* (B) Reduce batch size and
maintain accurate statistic
estimation.

* Moving average accommodate
small batch sizes towards robust

and accurate statistic estimations.

Exponential Moving Average (EMA)

¢t = (1 — Bloef1 + bt

Previous memory Statistic of current batch

pf=1:

[ How to set (8 in changing env? ]
(\B dagh gy ~N 3%
6006 / A\
B=0: OnIy using training/past stat (without

updates) result in non-adaptive/non-robust
estimation.

19



Memory-Efficient Adaptation by MECTA

* (B) Reduce batch size and
maintain accurate statistic
estimation.

* Moving average accommodate
small batch sizes towards robust

and accurate statistic estimations.

Exponential Moving Average (EMA)

¢t = (1 — Bloef1 + bt

Previous memory Statistic of current batch

f = 1: Only using current small batch result in
inaccurate estimation.

0<p<1
Trade-off between accuracy and adaptivity

f = 0: Only using training batch (without
updates) result in non-adaptive estimation.

20



Memory-Efficient Adaptation by MECTA

. Exponential Moving Average (EMA)
* (B) Reduce batch size and
maintain accurate statistic _
estimation. ¢t = (1 = B)Pe41 + [,

* Moving average accommodate Previous memory Statistic of current batch
small batch sizes towards robust
and accurate statistic estimations.

* Adaptive memory by ti e-vzg/ry\i)ng ~ -
2 RN R XX =R~ | P,_; =P, :Stable = B — 0 (accurate)
P;_; # P; : On change. = 8 — 1 (fast adapt)

f = 1: Only using current small batch result in
inaccurate estimation.

| f = 0 : Only using training batch (without
updates) result in non-adaptive estimation.

21



Memory-Efficient Adaptation by MECTA

. Exponential Moving Average (EMA)
* (B) Reduce batch size and

maintain accurate statistic _
estimation. ¢t = (1 — B)de41 + Hox,

* Moving average accommodate Previous memory Statistic of current batch
small batch sizes towards robust
and accurate statistic estimations.

* Adaptive memory by time-varying

f = 1: Only using current small batch result in
inaccurate estimation.

B ¢i—1 = ¢, : Stable = 3 — 0 (accurate)
®._1 #* ¢, : On change. D B — 1 (fast adapt)

By =1— e—D(d)t 1 ¢t)
f = 0 : Only using training batch (without
D(¢i-1,:) = Z KL(¢t-1,illpe,i) + KL(r,il|pr—1,:) updates) result in non-adaptive estimation.
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Memory-Efficient Adaptation by MECTA

* (B) Reduce batch size and
maintain accurate statistic
estimation.

* (C) Reduce channels to update.

* (L) Reduce layers to update.

—> Forward

Dense cache | 4

Ours
Sparse cache

(C),
MECTA Norm

o

a Conv ]

. (7

— (L)
—I [_ MECTA Norm
|

[aConv ]
I

23




Memory-Efficient Adaptation by MECTA

—> Forward

* (C) Reduce channels to update. Saceline = Backward Ours
* Drop ¢X100% channels in cache. Dense cache | ¢ Sparse cache

-I Masked cache
Zn,i,j,k :> Znijk = Miznijk

B x C!' x W! x H! B x[qCYx W' x H!

(€) -
MECTA Norm > —

Drop cache < Drop gradient
Maintain effective adaptation requires
enough gradient information.

24



Memory-Efficient Adaptation by MECTA

—> Forward

* (C) Reduce channels to update.

Ours

* Stochastically drop ¢x100% Dense cache | t Sparse cache

channels in cache. (C)

| [_[MECTA Norm >

Stoc. drop cache <~ Not drop gradient.
Maintain effective adaptation requires

| I

Masked cache

enough gradient information. Zn,ij,k |:> Znijk = Miznijk

B x C'x W! x H! B x

[E[MiZn,i,k] ]: QE| zni j 1]

Expectation over continual batches
can restore the dropped channels

qC

x Wt x H

25



Memory-Efficient Adaptation by MECTA

—> Forward

* (C) Reduce channels to update. Saceline = Backward Ours

¢ Stochastically drop q>(100% Dense cache | 4 Sparse cache
channels in cache. :

(C), -
* Implicit gradient regularization MECTA Norm | I I
which mitigates forgetting.

Masked cache
Zn,ij,k :> Znijk = Miznijk

801 80 —
SRR SRS SR a-anan an an 2 BRNS
e b~ -
< 60 -sog B x C' x W x H! B x[qCYx W' x H!
8 2 '
3 40 40 £
&) Clea S — -
A Cle o . —
. N\ 2 e e [|208 [0: — Ooll = [122¢ gell < Oyl
5 A &~ Corruptio o Acc. (Ours) 2
A == Corruption Acc. {Tent) c
(&) .
L S S R Y S st e e W00 Smaller => less forgetting
(’00,,,‘7;900 Q\)\c, \oc..‘)"\’o" S 1106‘ S Q‘& ‘(00)6_\@\ é,g,t@&q 2 QQ,O
& 13
Adaptation Order (=)
Niu, S., Wu, J,, Zhang, Y., Chen, Y., Zheng, S., Zhao, P., & Tan, M. (2022). Efficient test-time model 26

adaptation without forgetting. ICML.



Memory-Efficient Adaptation by MECTA

—> Forward

* (Reduce B) Adaptive and online saceline = Backward Ours
statistic estimation on dynamic Dense cache | t Sparse cache

distributions for accurate (©, I
statistics on small batch sizes. -I ['[ MIECTA N°E§(B)

* (Reduce C) Channel-sparse
gradients via stochastically- \ @ conv ]

pruned caches. 1

(D ic L) Cache and trai | (rMECTANOSﬂ’
¢ ynamic dachne an rain
|

layers on demand.
[a Conv ]

vl

27



Memory-Efficient Adaptation by MECTA

* (Dynamic L) Cache and train
layers on demand.

* If environment is stable, there is
no need to continually adapt.

* Stop gradient to save caches.

—> Forward

Baseline —> Backward Ours

Dense cache | I Sparse cache

| [_[MECTA Norm
I 1

Conv ] _
. a Drop cache < Drop gradient

e \ (L)
—— MECTA Norm p—>

B
[ﬂcOnv ]
P

28



Memory-Efficient Adaptation by MECTA

: : — (1 — | f
* (Dynamic L) Cache and train ¢t = (1 = B)deq1 + fr,
|ayerS on demand. Previous memory Statistic of current batch

* If environment is stable, there is
no need to continually adapt.

* Stop gradient to save caches.

) (L)

* When to stop? Environment is stable.
MECTA Norm |—>

* When to restart? Environment changes.

| ==

[aConv ]
I

29



Memory-Efficient Adaptation by MECTA

* (Dynamic L) Cache and train ¢t = (1 — B)dt41 + [,
|ayerS on demand. Previous memory Statistic of current batch
* |f environment is stable, there is Py, = Py : Stable.

no need to continually adapt. Pt—1 # P : On change.

* Stop gradient to save caches.

) (L)

* When to stop? Environment is stable.
MECTA Norm |—>

* When to restart? Environment changes.

| ==

[aConv ]
I

30



Memory-Efficient Adaptation by MECTA

* (Dynamic L) Cache and train bt = (1= B)peq1 + 42,
|aye rs on demand. Previous memory Statistic of current batch
e If environment is stable, there is Pi_y =P, :Stable €[ >0
no need to continually adapt. Pty # Py :On change. € f ~ 1
» Stop gradient to save caches. —D(¢s—1,¢
P8 Bi=1—c¢ (e 1¢t),
* When to stop? Environment is stable. \ (L)
* When to restart? Environment changes. [_[ MECTA Norm |—>

a Conv ]
I

31




Memory-Efficient Adaptation by MECTA

* (Dynamic L) Cache and train Ot = (1 = B)de{1 + [,
|ayerS on demand. Previous memory Statistic of current batch

* If environment is stable, there is P;_y = P : Stable €B-0

no need to continually adapt. Pe_1 # Py : On change. € f§ — 1

* Stop gradient to save caches. Byi=11.— e—D(dn_l,q?n)

* When tostop? Environment is stable:|3; < B¢n
* When to restart? Environment changes|{f; > Bin

.

L
[_[ MECTA Norm ﬂ»

a Conv ]
I

32



Memory-Efficient Adaptation by MECTA

—> Forward

* (Reduce B) Adaptive and online saceline = Backward Ours
statistic estimation on dynamic Dense cache | t Sparse cache

distributions for accurate (©, I
statistics on small batch sizes. -I ['[ MIECTA N°E§(B)

* (Reduce C) Channel-sparse
gradients via stochastically- \ @ conv ]

pruned caches. 1

(D ic L) Cache and trai | (rMECTANotgﬁ'
¢ ynamlc acne an Fain
|

layers on demand.
[a Conv ]

vl
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del.init

Lzer.init

. forward

backward

Lzer.step

v

600

156 Mb

+98 Mb

Cache for inference

+786 Mb

Cache for backward

+4.5 Gb

+1186 Mb

+0 Mb

\I/
> G O 3

Continual adaptation via Tent/EATA
of ResNet50 w/ 64-sized batches

Baseline
Dense cache

=—» Forward
= Backward

Memory-Efficient Adaptation by MECTA

Memory-economic continual adaptation via MECTA

of ResNet50 w/ 16-sized batches

Ours
| 4 Sparse cache

’:
[_[ MECTA Norm&-(—QV
KJ®)

I 1
(8o

y

(L)

MECTA No f

(G )

_~N |

1
| —~— 600

Cache
+1

\I/
ayayeX

for inference
Q7 Mh

model.ForwarfCadm

for backward
+682 Mb

]

H [

MECTA greatly reduce running
memory.

-




Benchmark: Accuracy & Memory Efficiency

Changing test-time noise

| Noise Blur Weather Digital Acc. Cache  #fwd #bwd

Alg. |Gauss. Shot. Impul. Defoc. Glass. Motion Zoom. Snow Frost Fog Bright. Contr. Elast. Pixel. JPEG Avg Max (Mb)
ResNet50; Reset model per perturbation
ITT (GN+JT) | 31.0 33.6 33.4 28.1 7.8 33.2 36.8 40.9 19.0 51.0 61.8 38.9 49.4 51.7 48.0 37.6 2460x20 21 20
BN 15.5 16.1 16.3 20.0 20.0 28.5 40.0 34.8 35.0 48.5 65.9 24.1 45.8 50.7 41.1 33.5 206 1 0
TTA 4.1 4.9 4.5 12,5 8.2 12,9 25.8 14.0 19.1 21.3 53.0 12.4 14.6 24.6 33.6 17.7 206 64 0
MEMO 7.5 8.7 9.0 19.7 13.0 20.7 27.6 25.3 28.8 32.1 61.0 11.0 23.8 33.0 37.5 23.9 2460x65 65 65
ResNet50; Lifelong adaptation

CoTTA(+GC) | 169 203 228 206 220 31.7 424 345 340 472 589 241 445 486 424 341 2845(1618) 33 1
Tent(+GC) 28.4 34.1 31.7 19.3 12.2 6.9 40 14 0.8 0.7 09 04 0.6 0.7 0.6 9.5 2845(1618) 1 1
Tent+MECTA | 24.5 29.5 28.3 22.0 23.5 27.4 37.2 28.2 27.1 36.8 50.7 15.5 38.0 40.2 34.7 30.9 847 1 1
EATA(+GC) 35.0 38.1 36.8 338 34.2 473 532 511 456 59.7 68.0 442 572 604 54.7 8) 1 0.56
EATA+MECTA| 33.7 39.1 37.8 31.7 33.1 42.2 50.3 46.3 43.0 56.9 65.4 41.2 55.2 58.2 53.7 45.9 847 1 0.56

Best trade-off between memory and
accuracy.
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MECTA dynamically cache data on demand

cache size (Mb

| | | |
1200 A i ] ] i
Gauss. : Shot, : Impul, : Defoc. : Glass.
5 1000- | : | |
I I | |
800 : : EATA+MECTA -
1 | —— EATA
600 - : | —— EATA+GC
I 1 i i
400 - : : ' :
500 W Cache on demand of
S - l L — environment change
0 1000 2000 3000 4000 5000 6000 700

iteration
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Benchmark with Constrained Cache

MECTA norm avoid
forgetting of TENT.

Noise Blur Weather Digital

Acc. | Cache GFLOPs

Alg. BS |Gauss. Shot. Impul. Defoc. Glass. Motion Zoom. Snow Frost Fog Bright. Contr. Elast. Pixel. JPEf; Orig. Avg |Avg Max
ImageNet-C

BN 128| 39.2 42.6 39.6 29.9 32.9 40.8 47.4 45.0 47.7 55.8 68.5 36.0 54.8 65.4 7T T4.2 48.5|411 411 4.1
TENT 8 1338 165 08 04 03 04 04104 04 03 04 0.2 03 04 03 04 ) 3.5 |35 355 818
+GC 16 [43.3 46.1 428 258 148 50 13 ]107 07 07 08 06 07 07 07 0.7 )11.6|404 404 103
+MECTA 30 |48.6 50.9 48.5 35.7 38.3 39.6 44.2\37.0 37.4 42,1 51.9 31.7 42.9 47.6 42.5 53.6)43.3 |338 397 8.190
EATA 8 |34.1 37.0 35.0 27.5 28.1 35.5 38B.6 39.6 39.7 47.8 56.6 35.5 44.1 53.3 46.7 63.2 41.4 |355 355 B8.183
+GC 16 [44.4 47.1 45.4 39.0 39.4 474 49.7 49.7 48.4 57.6 64.3 47.8 54.5 61.7 56.3 69.5 S1l.4l404 404 _103
+MECTA 30| 50.6 563.3 51.7 44.7 46.1 52.2 56.1 53.4 53.0 62.0 68.9 52.9 60.4 67.1 61.7 73.6|56.7|342 397 |8.190

Better accuracy on all noise,
reasonable computation load.

~\

J
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Which component matters more?

Trade-off between robust accuracy and memory (cache size)

60 - =
- °-®-0- 0;0/. @
- o
% }" /
c 301 0’,.’, Lo 2 [ B, C are more effective while L is ]
P {1 ¢ useful in low memory region.
S P o’ ./ method yres
5 40 - l e S EATA
z . —— EATA+MECTA-B
< 35 4
] — BN
€ 30- —— EATA+MECTA-BL
25 - . —  EATA+MECTA-BLC

0 500 1000 1500 2000 2500
average cache size (Mb)

38



MECTA: Memory-Economic Continual Test-Time
Model Adaptation

Improve on-device machine learning memory efficiency
on changing environments.

* New Problem: We initiate the study on the memory efficiency of
continual test-time adaptation (CTA), revealing the substantial
obstacle in practice.

* New Method: We propose a novel method with a simple plug-in
MECTA Norm layer that improves the memory efficiency of different

CTA methods.

* Better Memory-Robustness Trade-off: Our method maintains

comparable performance to full back-propagation methods while
significantly reducing the dynamic and maximal cache overheads.
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Thank you!
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