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De-biasing with Causal Theory

Tang K, Niu Y, Huang J, et al. Unbiased scene graph generation from biased training[C]//Proceedings of
the IEEE/CVF conference on computer vision and pattern recognition(CVPR).

Sun S, Zhi S, Liao Q, et al. Unbiased scene graph generation via two-stage causal modeling[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence(TPAMI), 2023.



Certain field

Existing problems of SGG
1) Long-Tailed Distribution of Dataset
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2) semantic relationship confusion/ coarse-grained predicate

(a) Input Ima
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Unbiased Scene Graph Generation from Biased Training

Kaihua Tang', Yulei Niu®, Jiangiang Huang'?, Jiaxin Shi*, Hanwang Zhang'

'Nanyang Technological University, “Damo Academy, Alibaba Group, *Renmin University of China, *Tsinghua University
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Motivation

Solid points|1]:

o Using Total Direct Effect (TDE) to remove bias

o Modeling causal diagrams on Scene Graph Generation(SSG)

NNDJ-Y 131584

Environmental
Extraction | Context Embedding
B E

o =
= /o

X: Object Features

Y: Predicate Logits ]
N —— The Causal Graph of SGG

| @ : Image @ : Object Labels

@ : Object Features @ : Predicate Logits

o

“Sujppaqui3
ainjead uiof

Label
Prediction
v
Z: Object Labels

Horse | [Ess[is]

2

Suippaqu3 |
|2qe ulor

f[x'BJ T“"El z'e)

Training on Likelihood

The SGG Framework Used for Biased Training
[1] Tang K, Niu Y, Huang J, et al. Unbiased scene graph generation from biased training(CVPR). ,



,Implementation

Variables : {I. X\ Z. Y}

(1) I (Input Image & Backbone):

Faster R-CNN outputs a set of bounding boxes B
and feature map M

(2) X (Object Feature):

It consists of the pairwise object feature xe
(3) Z (Object Class):

It consists of the pairwise object label ze
(4) Y (Predicate Classification):

It generates by combining three variables
through the fusion function
such as ye = W,z - a(Wyzl + W,vl + 20).

g
Eﬁ\\\\\\\\\\mm,y////// -

?
iy,

7‘,
ui‘.@

&

Il
\\ “\\\ll u

1952

e
’V s

7 "”ﬂi’mm

The Causal Graph of SGG

(1) I-=>X (Object Feature Extractor):

Bi-LSTM
Input : {(r;,bi,1;)} = Output : {z;}

(2) X—Z (Object Classification):

Bi-LSTM
Input : {x;} = Output : {z;}

(3) X—Y (Object Feature Input for SGG):

merge

Input : {x.} = Output : {x_}

(4) Z—Y (Object Class Input for SGG):

Joint embedding label z,
(5) I—>Y (Visual Context Input for SGG):

Contextual union region features v,



Counterfactual thinking
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(a) Biased Generation Based on Likelihood

Comparing

(b) An Intuitive Example of Counterfactual Thinking
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Unbiased inference—TDE

@ Comparing Image
/@X @X @ Object Features
@.&7 ?@ . —Q % ::::a:ij;ts
2

TDE
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TDE = Yy, — Yy,




Results
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Recall M Biased Generation m Proposed Unbiased Generation
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,Complementary

@ @ TE=Y, — Y, = E[Y|do(X = z)] — E[Y|do(X = z*)]
/@\I = .\] ITE =Y(1) - Y(0)
= @—@

Total Effect

W) (W) W
/@X - A\ e\ — /@\
=0 @— =—7r G—»\

Total Direct Effect Natural/ Total Indirect Effect

)

.@© —¥. @®@ .—EO

Pure Indirect Effect Natural/Pure Direct Effect

ATE = E[ITE| = E[Y(1) — Y(0)]

N

Average Treatment Effect

Pure + mediated interaction effect = Total ﬂ




Unbiased Scene Graph Generation via
Two-stage Causal Modeling

Shuzhou Sun, Shuaifeng Zhi, Qing Liao, Janne Heikkila, Li Liu



Complementary

the induced submodel M3 in our work is (V,U, Fy, P(U))

Where V = {X,Y,S5/L}, X is input

Y is output (relationships), S is the

semantic confusion confounder, L is the long-tailed distribution

confounder; U = {Ux,Uy,Us, UL} Fy = {F1, F, F3, Fy, Fs };

P(Ux,Uy,Ug,Ur) is the distribution over the exogenous
variables.

Us
:P(S)a U,
P(L), oy,
= Fy(L, P(L)Y+ Fy(S, P(S)).
— Fy(X, P(X)) + Fa(L, P(L)) + F5(S, P(S)),

Definition 3 (Interventions in SCM ). An intervention
do(V;:=7v") in an SCM M is modeled by the i-th
structural equation by V; := v', where v' is a Vi-independent value.
Definition 4 (Counterfactual in SCM ). A counterfactual
in an SCM M is modeled by replacing fhrz i-th structural equation by
V; := v’ and@pdaly the P(U), where v' shares the same meaning as
it does in Definition 3. The above counterfactual intervention induces
the submodel MV,
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(a) The Original Case of Y, (u) (b) The Intervention Case of Yx(u)
@\j @ = @

@ —— s

(c) The Counterfactual Case of Yz ,(u)



Complementary

Independent Causal Mechanisms (ICM) Principle

The causal generative process of a system’ s variables is composed of
autonomous modules that do not inform or influence each other. In
the probabilistic case, this means that the conditional distribution of
each variable given its causes (i.e., its mechanism) does not inform or
influence the other mechanisms.

Assumption 1 (Causal-insufficient). The exogenous variable U in
M satisfies that: P(Uy,...,Uy) # P(Uy) x P(Uz) X - -- x P(Uy).

Sparse Mechanism Shift (SMS)|2 |

Small distribution changes tend to manifest themselves in a sparse or
local way in the causal/disentangled factorization, i.e., they should
usually not affect all factors simultaneously.

Binary case (X—Y) :
P(X,Y)=P(X)P(Y|X)
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Causal representation:

T

Vo) = [[ P (Vi | pa(Vy))

i=1

P(Va, Vo i

disentangled

Entangled factorization:

PV Vo - Vid = [ [ PG Vo W)
=1

[2]Scholkopf B, Locatello F, Bauer S, et al. Toward causal representation learning[J]. Proceedings of the IEEE, 2021, 109(5): 612-634. ﬂ
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, Motivation

Solid points|3]:

o The bias from the long tail as well as the semantic bias and the
unknown situation

o Using sparsity and SMS for two-stage causal modeling

o Designing P-loss to eliminate semantic bias, designing AL-Adjustment
to eliminate long-tail bias and calibrating causal representation

[3] Sun'S, Zhi S, Liao Q, et al. Unbiased scene graph generation via two-stage causal modeling (TPAMI), 2023. ﬂ
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, Counterfactual (soft) intervention thinking

/
N
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Biased SGG Stage 1 Stage 2

EY | X,do(S :=s),do (L :=1)]
= EX[IE[Y" | Xydol(s = S)l‘!’{E[Y | XY do( L =={]]].

¥

k\—l

Vo

stage 1 stage 2

where s/l 1s a S/L-independent value.



Flow Chart
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oy, f(z))

Cross-entropy loss

SGG
model

waman

Js,

Test image

Y

Output logits

Biased graph

(b) Proposed Two stage Causal Modeling (TsCM)

Stage 1: Causal representation learning

—_—————

1
Extract 1 - -
statistical | Relationship- :
knowledge | populations ! Egtimate
L | counterfactual
I
1

Population Loss

D

model

Trained
model

Stage 2: Causal calibration learning

Extract statistical -_

knowledge Adjustment
ctors

: Output logits

Augmented logits

Unbiased prediction: Predicting the correct relationships.
(e.g., <woman, holding, racker>)

Biased prediction: Predicting fine-grained relationships as
coarse-grained relationships (e.g.. <woman, has, racker>).

Estimate
counterfactual
woman

) Adjusted logits .

Trained
model

Test image

Adaptive Logit Adjustment

Unbiased graph
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Stage 1: Causal representation learning iy
Biased SGG Stage 1 Stage 2 4, J"““L\ \>.

Would the above error still occur if standing on
and walking on are no longer similar? {

How to exploit the sparsity properties?
How to eliminate semantic bias?

P(ylz.do(S := 8))

= P(y|z,do(S := s1)) — P(y|z,do(S := sp))
ate — Ex[E(Y|X,do(S := s1)) — E(Y|X, do(S := s0))] 2

optimal *» = P(y|‘r, s ’?1') = fﬁ* ('B)

* Relationship similarity set P. = {P4}i_;

P>} is a relationship set containing the o most
similar relationships to y;

P-loss:
U(Pasy, f(z)) =log[l+ x elfv ()= fy(2))
. y' Py
* New loss function: P-loss Q LY dh@hE)
o 4o — Y EPL Y FY
more capable of distinguishing between .
. . . . 0* = argminE| E {(P,.y, f(z))],
similar relationships 6 (zy~D

a



Stage 1: Causal representation learning
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 Relationship similarity set Pa = {P{},
two objects, 0; and oj, whose bounding boxes are [b%,b%.b),bi,] and
[b%, b, by, bl,], respectively.
the relationship between these two objects as 1), o,
(2008 +b2) — (B, +8) 2055 +by) — (% +b3)
4b}, ’ .4b}1 — '
2005 +bs) + (b, +8) Abp+by) + Gi+ ) b B,
4b, ' 4by, BT
£; € R* Cx C x K x 6) is a four-dimensional statistic: } < 04, Ys, oj ~
g;l,l) 6;1!2) gélyc)
ST e gen L gee
5( 1) sg(; :2) 53(,, :€)
(i.5) i We then calculate the feature of each relationship, for instance,
where &£ = {§, }K_, is the normalized features of for the ¢-th relationship £,,:
relationship < 0;,ys,0; >, and it can be calculated as:
5("’3) E50u05> f|e<on05>|, ZZg(w)/C%
i=1 j=1
520097 and [€;,°7%7 | are thelfusion features|and numbers of all

relahonslups < 0;,Y,0; > in the observed data D, respectively.

For relationship-populations P,, P,
population of y; can be calculated as:

Y —
Pt =

{p }1_1, the

argsmal o
tst'E{lszx"' ,K}:t7£tl

”6?# - gy:’

a
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Stage 2: Causal calibration learning
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If one collected the balanced data, or, in particular, looking at
and near share the same distribution in the observed data D,
will the above error still occur?

P(y|z, do(L := 1)) [How to eliminate long-tail bias 1

; C: P(y|x,do(L :=11)) — P(y|z,do(L = ly))
=Ex []E(Yyl}(J dO(L = 11)) = E(YlX: dO(L = ZU))]

optimal »= P(y|z,Tg, fo) = fav(ﬂMT/B* for (@) = eforv(®) x f28 (z)

0%y

Optimal: Y = argmax {(fe*,y(?:) x@yETﬁ a (fﬁ'*,y(:{:))yﬁTﬁ}

yE{yl T 1yK}
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Stage 2: Causal calibration learning

true predictions 7D

. obs
* Adjustment factors Tpg ( TV
] ] , 5.8, 36, 13 1.1, 08, .. 02}—
Our proposed adaptive adjustment factors Tg is a two- [6.7, 5.8, 2.6, 2.5, 2.2, .., 0.3]
dimensional (K x 3) matrix: [7.6, 6.8, 2.6, 1.5, 0.7, ..., 0.1
‘3? .
,r! D M i ? l..?
Tyl b T%l’ig Tgl " obs .FDyi’Ij & false predictions ]—'DZ{];I’ 4 Tyi’lj
TB —_— .. DR ... 3 Obs ﬁ
Tyx i TYRlz T;stﬂ [9.6, 8.2, 6.3, 3.1, 2.7, .., 0.7} ——
? 8.6, 6.1, 5.3, 1.1, 0.9, ..., 0.2}—
where T%"’lj adjusts the j-th largest prediction logit to % 6.7, 58, 16, _%‘3' 0.8, 03} A7
correspond to the i-th relationship, and it can be calculated as: vir g
Tyz ¥ = argmax( TP  (fo- ,(x) X T%"’l") -
yil (:.,- y)~DYiolj i —
TB JET ’ g p | yi'-ij‘ |f\y.,;,£j|
I TN . _
true prediction with adjustment } Ty 7 — aro"max( Z Il(t Sy M;r:,gj)+ ]]_(t < A;:,Ij)):
T]P (fﬂ’“ ( ))) 3 teT m=1 n=1
(z,y)~DYi )
true prediction \;Ehout adjustment
where T € R and ('II‘IP)( f) is a computation kernel that calculates
the true prediction numbers (e.g., recall rate (R@K) in SGG
task) of model f on dataset (X,Y). D¥"li is all relationships
with the j-th largest prediction logit to correspond to the i-th min(| ¥y, 1 LAy, 050
category reasoned by fg- Yi,l 'm
gory ¥y Tz’ = arg max( Z I{E = % )+
teT ]
min(|Yy, 1, [ Ay;,151)
Z Lt < RyZLJJ))'
n=1

:



Results

One of backbone for experiment
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Predicate classification Scene Graph Classification Scene Graph Detection
PredCls SGCls SGDet
mR@20 mR@50 mR@100 AVG,, z |mR@20 mR@50 mR@100 AVG,,z |mR@20 mR@50 mR@100 AVG,,r
MotifsNet (backbone) [¢] 122 155  16.8 14.8 /. 9.0 9.5 8.6 5.2 7.2 8.5 7.0
TDE [14]°1 cvpra0) 185 255 291 24.4 98 131 149 12.6 5.8 8.2 9.8 7.9
SegG [19]21 accva 145 185  20.2 1.7 89 112 121 10.7 6.4 8.3 9.2 8.0
BPL+SA [27]*°T accvan) 248 297 3.7 28.7 | 140 165 175 160 | 10.7 135 156 13.3
CogTree [21]*1 geara 209 264 290 254 | 121 149  16.1 14.4 79 104 118 10.0
DLFE [24]°T a2y 221 269 28.8 25.9 12.8 15.2 15.9 14.6 8.6 11.7 13.8 114
EBM-loss [15]*T cvpran) 142 180 195 17.2 82 102 11.0 9.8 5.7 7.7 9.3 7.6
Loss-reweight [44]*T qcir2n | 265 329 35.3 316 | 138 174 193 16.8 9.2 128 165 12.8
Logit-reweight [44]°T gciran| 12.2 154 16.7 14.8 6.4 7.6 8.3 74 45 5.9 7.7 6.0
HML [28]2¢7 (ecevaz 301 363  38.7 35.0 | 171 208 221 200 | 108 146 173 14.2
EGPL [30]®*7T (cver22) 243 330 375 316 | 171 213 225 %03 | f11 154 182 14.9
TransRwt [20]27 ecva) s 358  39.1 = = 215 228 = - 15.8  18.0 =
GCL [16]** «cverzy 305 361  38.2 349 | 180 208 218 202 | 129 168 193 16.3
PPDL [17]*7 cverzz) - 32,2 333 - = 175 182 - - 114 135 s
RTPB [29]*°% (aaar22) 28.8 353 37.7 33.9 163 194 226 19.4 9.7 13.1 15.5 12.8
NICE [31]2*1 cver) — 300 321 — — 164 175 - - 104 127 —
PKO [25]°7 arxiv22) 25.0 314  34.0 30.1 141 176 191 16.9 9.6 134  16.1 13.0
LS-KD(Iter) [22]*T tarxic22 - 241 274 - - 13.8 152 — — 9.7 11.5 -
CAME [33]2*F (arxiv22) 181 262 320 25.4 105 151 18.0 14.5 6.7 9.3 12.1 9.4
TsCM* Ot 31.8 378 409 368 | 187 224 238 216 | 137 174 197 16.9
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One of backbone for experiment

behind bench bench
eI
person 2 @ it @ fence person 2 @& @ fence " :
I Heat ind walking on walking on
m L
mmt 2 man 2 man 1 man 2
’ ¥ gIO\l.re 2 standing o standing on
has has
girl person 1 girl person 1 surfboard 1
wearing{ \wearing wearing] \wearing |wearing vearing wearing{ \wearing surfboard 2 surfboard 2
attached to
®
glove 1 hat2 glove2 hatl glove | hat 2 glove2 hat | i
near
man dog book
®
E laying on on
7 person girl
wave ——— @ PETSON | wave bed
near near behind behind
on tanding on on on
surfboard pillow pillow

Input images

MotifsNet

TsCM

Input images

MotifsNet

TsCM




Results

Ablation

Results obtained by different logit augmentation strategies
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Model performance trained with different loss functions

| Logit augmentation | mR@20 mR@50 mR@100
. No augmentation 28.3 34.1 37.4
g efor.v(®) x 1 30.9 36.4 39.7
= efor .v(®) x 2 30.7 36.5 40.3
eforu®) x 7% (z) | 318 37.8 40.9
" No augmentation 29.6 35.1 38.2
- eforv(®) x 1 31.6 38.1 40.8
g efor v(®@) x 9 31.4 37.3 40.9
eforu(® x 7% (x) | 323 38.7 41.5
e No augmentation 30.4 36.2 38.7
: eforv(®) 1 31.9 38.4 41.7
E efor (@) x o 32.2 38.0 41.5
eforu(® x fi¥ (x) | 328 40.1 42.3

| Loss | mR/R@20 mR/R@50 mR/R@100

l 12.2/59.5 15.5/66.0  16.8/67.9

2 | & | 12.3/588 15.7/65.1  17.2/66.3
g | £ 12.3/58.5  15.8/64.2  17.5/65.9
< | £ | 125/57.7 16.1/63.3  17.9/65.4
] 12.9/53.5 16.9/59.4  20.1/61.8

¢ 12.4/59.8 15.4/66.2  16.6/68.1

g | & 12.3/59.3 15.6/65.4  17.4/67.2
5| £ 12.4/58.8  15.6/64.3  17.8/66.4
> | ¢ | 125/58.2 15.9/63.8  18.2/65.9
‘ 12.7/54.3  16.4/59.9  19.8/62.3

o | £ 12.4/58.5 16.0/65.0  17.5/66.7
E| & | 125/58.2 162/642  17.6/65.1
S| ¢~ | 127/57.9 16.3/63.8  17.6/64.9
§ | /9 | 12.8/57.4 16.6/63.6  18.1/63.7
3 i 13.1/50.8  17.2/58.1  20.3/61.2
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