Rainbow Memory: Continual Learning with a Memory of Diverse Samples

* Representative for corresponding class
* Discriminative to other classes

Measure ] 1 A
uncertaint s
Y e Z P (y = C|xl‘ )7

T
S SNSRSEINNTESS ) Leargmax p(y = ¢|%),

Bl T i L - 1 é
A 1
E EEEnEEEn - - u(x) =1 —ngxSc,

Input Perturbed samples



Algorithm 1 Diversity-Aware Memory Update

I: Input: K denotes memory size, N; denotes the num-
ber of seen classes until task ¢, D7 denotes stream data
at task 7, Df’i ; denotes exemplars stored in a episodic
memory after task 7 — 1.
Output: DY exemplars after learning task .
Y=} > New exemplars from scratch
ke = floor(K/N;) > Class-balanced sampling
forc=1.2.....N, do
D= {(x,)’)b’ =Gy (x’y) € @;SU@,A{' }
Sort ©. by u(x) computed by (4)
for j=1,2,....k. do
i = jx* lgcl/ ke
DM 4= D[]
end for
. end for
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Exploring Classification Equilibrium in Long-Tailed Object Detection

Data re-sampling is prone to over-fit tail data and under-represent the head data
Loss reweighting may cause unstable training
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Equilibrium Loss

e*v
L(z,y) = —log — = log[1 + Z ey’ ~ %],
Zy’é{l,iz,...,()'—}-l} eV ke
L(z,y) =log[L+ ) e 2 touw],
y'#y
0. ) = log( Sy’ ) * reduce the suppression of dominant classes (i.e., having high mean classification
JY Sy score) over weak classes, by reducing the margin between dominant positive

classes and weak negative classes

* enlarge the suppression of weak classes over dominant classes, by increasing the
margin between weak positive classes and dominant negative classes



Memory-augmented Feature Sampling

Uand Q : images containing head class and tail class: and  : ground-truth boxes of head class and tail class; Memory-agumented fggture sampling

8 | Feature memory o oo
‘and D: bounding boxes from RPN and model-agnostic bounding box generator. | [m:00000 — vector
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(a) Existing sampling methods (b) The proposed method
= L) f(sy) = L
* Proposal resampling depend on RPN Y Zy, [(sy)’ Y sy'
* Tailed data overfitting
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Conventional training Score-balanced training
® and @: region proposal features ¥ and % : optimization direction and intensity by @ and @

and © : memory features and ' : optimization direction and intensity by © and



Method Framework Backbone Dataset AP®* AP AP, AP. APy
RFS [7] 26.1 259 178 262 288
EQL [22] 241 252 146 244 268
Forest R-CNN [27] - 259 256 183 264 276
BAGS [13] MaskR-CNN ~ ROO-FEN  LVISW.D 508 963 180 269 287
BALMS [19] 276 270 19.6 289 275
EQL v2 [21]f 27.0 27.1 186 27.6 299
LOCE (ours) 282 284 220 290 30.2
RFS [7] M7 937 135 22.8. 293
EQL [22] 225 216 38 257 292
Seesaw Loss [24]* T Mask R-CNN  R-50-FPN  LVISvI.0 243 233 130 229 282
EQL v2 [21]7 26.1 255 177 243 302
LOCE (ours) 274 266 185 262 30.7
RFS [7] 26.6 255 166 245 306
EQL [22] 240 227 37 233 304
BAGS [13] 264 256 173 250 30.1
sscmmwiosppzayt  TBERCNN RIOLEEN IVDOYLY 994 271 187 263 317
EQL v2 [21]T 279 272 206 259 314
LOCE (ours) 29.0 28.0 278  32.0
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Prompt pool Inout
(a shared memory space) e

Prepend selected PfomptS ( Pretramed Embeddlng Layer )

I I
mput | Q @ [P 0 - 0
Matched—p-ai;; { Pretrained Transformer Encoder ]
0 ,’ N / AvgPool
o ( Classifier )
A key-value pair ]
Prediction
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