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Raven’s Progressive Matrices



BFRMER bLx v 7 [Webb+ 2023a)

MR EZRREIC T BAIRIANA TR A2, 7—FT 7 F v CFIR

FWED B (1) BB REA & WD BHR CTERIMER Lk y 7 2318 [Webb+
2020; 2021; Kerg+ 2022; Altabaa+ 2023]
Object-Centric Relational Abstraction (OCRA) [Webb+ 2023b]

- MR (object-centric representation) [Greff+ 2019; Burgess+ 2019; etc]
SRR R IL Ry 7 HEA

Sk B

« STEEAFWLE WD BE

Abstractors [Altabaa+ 2023]
e Transformer®¥i5E
« relational cross-attention (&) 24k - TE% & W{EE# A disentangleE 115

AT DIRZESIot Abstractorsid. abstractors& &R KRR A TS



Slot Abstractors : 7 —F% 7 7 F «

YR ILRER

Locatello+ 2020; Webb+ 2023b
Locatello+ 2020; Webb 20230 MR S IR AL S N BRI R

[ \ [Alta bAanr 2023]

Feature erln beddings ( \

‘ Slot Zy=1 , Zk=k
frAO‘{ 'c,-’ me [ attention ([ ... o
o0 - 040 —
* { .
e e Relation
“ !
\\ .J// embeiidlngs
\ 1 | slot | \
. Z _ _ | Al
ce Q | attention | 1o _| Abstractor'=! |, ¢i=1_| Abstractor'=? |_. sl=2 -+ gl-1 | Abstractor® |. ..,
—E— Oex | - s v e
' i IOt T
. _ - -
om | *x T il PN
4& .*: O .. Slot b |
. — . . | attention| Abstractor layer

3 —
— A._ o e (= —) Z__ Relational + . . .. el Attenti . f ) . 1
Ll x| AR -1 Cross-Attention eedforwar elf-Attention Feedforwar s
5 6 7 8 s ‘f: — I ] I I




HREFRIROFHE

« Multi-head relational cross-attention
« ZADcross-attention & ME W
« query & keyldfeature embeddings* 5. valueldposition embeddingh* H1ERK
« downstream#’position|ZB T BIERICOA T 72 XASBERMER ML xy 7

Feature embeddings
1

Zp—1 , Zk=k

s' = RCA(z,s'1)

Relation
embeddings
1

my—, : my-g

Position embeddings
RCA(z,s71) = concat(5"=1, . sh=H)w,

L. |
\

4

t-1 _,| Abstractor: L

S = — g —

Z = | -
§1=0 Abstractor=" |, ¢l=1 | Abstractor’=2 |, gl=2 .-
/ - .-

W, (zW,"
§h:softmax((z a) (Wi ))sl_lwvh’
VD

Abstractor layer

q —
Relational . !
- k —‘ + Feedforward + Self-Attention + Feedforward + s
st v — I I ] I




=ES 0 ART

Relational Distribution-of-3 Identity rules
. Same / different matchA—to-sAample . . A . A .
« ARTT—%+ v I [Webb+ 2021] AR A® ol

1 2
1 2 3 4 1 2 3 4

Table 1. Results on the four tasks of the ART dataset. Results reflect test accuracy averaged over 10 trained networks(4- standard error).

MODEL SAME/DIFFERENT RELATIONAL-MATCH-TO-SAMPLE  DISTRIBUTION-OF-3  IDENTITY RULES
RESNET 66.60=+1.5 49.89+0.2 50.07+1.3 54.84+2.4
SLOT-CORELNET 50.50+0.2 49.824+0.2 26.80+0.8 43.50+5.2
SLOT-ESBN 50.02+0.2 49.9940.2 25.56+0.1 50.33+2.8
SLOoT-GAMR 62.98+1.4 59.55+2.7 32.77+1.0 61.924+0.9
SLOT-RN 77.26£1.9 61.624+1.1 52.10+0.7 65.96+1.1
SLOT-IN 59.23+2.3 56.93+0.8 49.48+1.8 72.82+1.6
SLOT-TRANSFORMER 68.46+ 2.0 73.994+ 3.0 60.61+ 1.9 7832+ 1.8
GAMR 83.49+ 1.4 72.20+ 3.0 68.62+ 1.8 66.23+ 4.8
OCRA 87.95+ 1.3 85.31+ 2.0 86.42+ 1.3 92.8+ 0.3
SLOT-ABSTRACTOR 96.36+ 0.4 91.64+ 1.6 95.22+ 0.4 96.41+0.4
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« SVRT7—%+ v b [Fleuret+ 2011]
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(a) Examples of same/different task.

(b) Examples of spatial relation task.

Table 2. Results on the two task categories of the SVRT dataset. Results reflect test accuracy averaged over different tasks from each
category (+ standard error), for 1 trained network for each task.

MODEL SAME/DIFFERENT SPATIAL RELATIONS
DATASET S1ZE =0.5K  DATASET SIZE =1K  DATASET S1ZE =0.5K  DATASET SIZE = 1K

RESNET 54.97+2.2 56.88+2.5 85.18+4.3 94.87+1.6
ATTN-RESNET 62.30+3.5 68.83+4.4 04.80+1.4 97.66+0.7
SLOT-CORELNET 52.95+1.4 57.13+2.6 60.95+£3.7 74.59+3.7
SLOT-ESBN 53.834+1.1 51.67+1.1 61.30+2.3 62.69+2.4
SLoT-GAMR 63.06+3.7 66.87+3.2 84.90+2.4 86.994+2.2
SLOT-RN 71.48+4.8 81.79+4.4 01.73+1.8 96.20+1.4
SLOT-IN 68.23+4.8 74.99+4.9 90.23x2.0 94.86x1.4
SLOT-TRANSFORMER 76.54+5.1 89.85+4.2 94.06+1.6 97.86+-0.9
GAMR 76.80+4.9 82.05+4.4 97.40+0.7 98.74+0.3
OCRA 79.89+4.5 90.30+4.1 89.25+2.5 95.02+2.4
SLOT-ABSTRACTOR 82.20+4.7 91.86+4.0 91.74x2.2 97.26x1.1
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« CLEVR-ART [Webb+ 2023b]

Table 3. Results on the two tasks (relational-match-to-sample
(RMTS) and identity rules (ID)) of the CLEVR-ART dataset. Re-

Relational-match-to-sample sults reflect test accuracy averaged over 5 trained networks (£

Identity rules

standard error).

MODEL RMTS 1D

SLOT-CORELNET 49.87+0.2 24.80+0.3
SLOT-ESBN 62.53+£0.1 28.874+0.7
SLOT-GAMR 52.56+0.5 39.834+0.9
SLOT-RN 64.79+0.5 60.27+0.6
SLOT-IN 66.72+3.7 67.22+1.7
SLOT-TRANSFORMER  87.54+0.7 78.81%1.6
GAMR 70.40£5.8 74.15+4.0
OCRA 93.34+1.0 77.064+0.7
SLOT-ABSTRACTOR 96.34+0.5 91.61+0.2
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Table 4. Results on different generalization regimes of the PGM dataset. Results reflect test accuracy for 1 trained model for each regime.

MODEL NEUTRAL INTP. H.O.A.P. H.O.T.P. H.O.TrRIPLES H.O.L-T H.O.S-C EXTP.
WREN 8 =0 62.6 64.4 27.2 41.9 19.0 14.4 12.5 17.2
VAE-WREN 64.2 - 36.8 43.6 24.6 - - -

MXGNET B =0 66.7 65.4 33.6 43.3 19.9 16.7 16.6 18.9
DCNET 68.6 59.7 - - - - - 17.8
REL-BASE 85.5 - - - - - - 22.1
MRNET 93.4 68.1 38.4 55.3 25.9 30.1 16.9 19.2
MLRN 98.0 57.8 - - - - - 14.9
STSN 98.2 78.5 - - - - - 20.4
ARII 88.0 72.0 50.0 64.1 32.1 16.0 12.7 29.0
PREDRNET 97.4 70.5 63.4 67.8 234 27.3 13.1 19.7

SLOT-ABSTRACTOR 91.5 91.6 63.3 78.3 20.4 16.7 14.3 39.3
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« V-PROMT—%+t v I [Teney+ 2020]

Table 5. Results on the PGM Neutral regime when trained on a
subset (20% vs. 100%) of the training data. Results reflect test
accuracy for 1 trained model.

MODEL % TRAINING DATA
20% 100%

STSN 53.35 98.2

SLOT-ABSTRACTOR 71.25 91.5
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