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Figure 3: (a) Lexical generalization: a novel combina-
tion of a familiar primitive and a familiar structure. (b)

Structural generalization: a novel combination of two
familiar structures.



. Dataset - COGS (i& L fENTHES)

Case Training Generalization

S.3.1. Novel Combination of Familiar Primitives and Grammatical Roles

Subject — Object (common noun) A hedgehog ate the cake. The baby liked the hedgehog.
Subject — Object (proper noun) Lina gave the cake to Olivia. A hero shortened Lina.
Object — Subject (common noun) Henry liked a cockroach. The cockroach ate the bat.
Object — Subject (proper noun) The creature grew Charlie. Charlie worshipped the cake.
Primitive noun — Subject (common noun) shark A shark examined the child.
Primitive noun — Subject (proper noun) Paula Paula sketched William.
Primitive noun — Object (common noun) shark A chief heard the shark.
Primitive noun — Object (proper noun) Paula The child helped Paula.
Primitive verb — Infinitival argument crawl A baby planned to crawl.

S.3.2. Novel Combination Modified Phrases and Grammatical Roles

Object modification — Subject modification Noah ate the cake on the plate. The cake on the table burned.

S.3.3. Deeper Recursion

Depth generalization: Sentential complements ~ Emma said that Noah knew that Emma said that Noah knew that

the cat danced. Lucas saw that the cat danced.
Depth generalization: PP modifiers Ava saw the ball in the bottle on  Ava saw the ball in the bottle on
the table. the table on the floor.



. Dataset - COGS (i& L fENTHES)

S.3.4. Verb Argument Structure Alternation

Active — Passive The crocodile blessed William. A muffin was blessed.
Passive — Active The book was squeezed. The girl squeezed the straw-
berry.

Object-omitted transitive — Transitive Emily baked. The giraffe baked a cake.

Unaccusative — Transitive The glass shattered. Liam shatterd the jigsaw.

Double object dative — PP dative The girl teleported Liam the Benjamin teleported the cake to
cookie. Isabella.

PP dative — Double Object Dative Jane shipped the cake to John. Jane shipped John the cake.
S.3.5. Verb Class

Agent NP — Unaccusative subject The cobra helped a dog. The cobra froze.

Theme NP — Object-omitted transitive subject The hippo decomposed. The hippo painted.

Theme NP — Unergative subject The hippo decomposed. The hippo giggled.




Dataset - SCAN (354-#

bb
=
N

jump = JUMP

jump left = LTURN JUMP

jump around right = RTURN JUMP RTURN JUMP RTURN JUMP RTURN JUMP
turn left twice = LTURN LTURN

jump thrice = JUMP JUMP JUMP

jump opposite left and walk thrice = LTURN LTURN JUMP WALK WALK WALK

jump opposite left after walk around left = LTURN WALK LTURN WALK LTURN WALK LTURN WALK

LTURN LTURN JUMP

Figure 1. Examples of SCAN commands (left) and the corresponding action sequences (right).
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Training Example Lexicon
So: e || e e ] =
= —= i
[: pour the last green beaker into —=green |
beaker two, then into the first, mix | _ _ "
2 _imaluisis)e| —=tron |2,
B
Homomorphic -
Transformation orange <> green
Generated Example Lexicon
» @EENDED < o= o
— -
I: pour the last orange beaker into _ o
beaker two, then into the first, mix B ) =
- = green :
s : — e
|| b el = -

L

(a) Alchemy: Instruction Following

Training Example Lexicon
(O = yellow
Q: How many yellow =
objects? A: 1 = it
|
O« @
yellow <> green
Generated Example Lexicon
@= green
Q: How many green -
objects? A: 1 Qf ya2-ay
(c) CLEVR-CoGenT: VQA
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Contrastive Loss

- Contrastive Objective
V\’ - He can blow his trumpet after success
v / (::; ﬁ__band blew long brass trumpets Linear + |(®EEElile= lels
v 1= Positive ./ Softmax Loss é
= L
® ]
Dataset L . ”
9 + 3
D 1
Anchor
v
Ranking by Difficulty — Encoder —

é:l'heir achievement makes them start to blow their trumpets

Figure 1: The diagram illustrates the CLCL framework.

CLCL: Non-compositional Expression Detection with Contrastive Learning and Curriculum Learning (ACL’23)
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write a book . the book he likes
Text A X1 =M " Yl hy h, hs hy - T
e 9
(grouped by i i M ' ,‘
token t Y hy h; hs hy I '
SR ¥. — 2 the book on wildlife 00K i
2 i z O got'a book
Y 2 hl hg hg h4 ‘\ O 37
-'—" - . ,’
the book he likes checked a book out
E D Model <«—> Consistency Regularization O Contextualized Representation Context === Token Boundary :

Consistency Regularization Training for Compositional Generalization (ACL’23)
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Training Example Lexicon Training Example Lexicon Training Example Lexicon

mEX
sy
el

so. (o b [ 1L EIE] = = = = || @ A cake was thrown by baked = bake O= yellon
— _— e Scarlett cooked = cook 0:H " o =
I: pour the last green beaker into - e : How many yellow :
= ; ) - = Ereen -— —F stabbed = stab ) i = green
beaker two, then into the first, mix = LF: cake(xi) AND pick ;; = objects? A: 1 .' E
= Heked = & =

- b | throw.theme(xs, x:1) AND
S m - G throw.agent(xi, Scarlett) thrown = throw

i | |
Homomorphic -y - baked <> thrown O «— @
Transformation orange <> green bake < throw yellow <> green
Generated Example Lexicon Generated Example Lexicon Generated Example Lexicon
Sn:m z — - Q: A cake was baked by thrown = throw @= green
—— _— Scarlett cooked = cook @ =
I: pour the last orange beaker into o L bbb Q: How many green E)E velion
beaker two, then into the first, mix _ Ny LF: cake(x;) AND ' r'.-A-IJ _ ik objects? A: I <
-5 bake. theme(xs, xi) AND S S :
- ROOOQED e O | | [ R O [ o
(a) Alchemy: Instruction Following (b) COGS: Semantic Parsing (c) CLEVR-CoGenT: VQA

Compositionality as Lexical Symmetry (ACL’23)



Answer { largest ( city { loc 2 { smallest ( state { loc_2 { countryid (usa })))))) )
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/ .ff s
/ / AN
F, / loh 2
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/ FAN
rd F / / ' LY *
/ S Fi /' stgte popitation_1
y / o Vi ‘_./ M i PaN
/ / / /o) 2 y P ge
4 / / / Vi i 4 p 4 %
A / P / g .
answer largest cify  loc 2 smallest state loc 2 countryid#usa answer population | largest  tate
‘Whulfis the larpest  cily inthe smallest state inthe TUSA 7 ‘What is the population of the largest  state ?
span;=[largest, city, in ,the, smallest] exchangeable span;=[largest]
[I(span,)=(rn(largest ), n(smallest )) [{span,)=(n(largest ), n(largest))

augmented example:
What is the population of the largest city in the smallest state ?
Answer ( population_1 ( largest ( city ( loc_2 ( smallest ( state (all)))}))))

Figure 2: An augmentation example by SpanSub. Span-
Sub substitutes a span “largest” with another span
“largest city in the smallest”, and augments a new ques-
tion “What is the population of the largest city in the
smallest state?”.

Learning to Substitute Spans towards Improving Compositional Generalization (ACL’23)



ZNIEES

Category In-Context Examples Test Case lllustration of Combination
input: shark ) &
Primitive output: SHARK input: The shark drew a boy . X Xy
Substitution input: A girl drew the boy . output: DRAW ( SHARK , BOY , NONE) O+ @ =
output: DRAW ( GIRL, BOY , NONE)
1 X2
input: The goose baked . Xs >
Primitive output: BAKE ( GOOSE , NONE , NONE) input: A teacher baked the chicken . X, +
Structural Alternation  input: A teacher noticed a chicken . output: BAKE (TEACHER , CHICKEN , NONE ) o .
output: NOTICE ( TEACHER , CHICKEN , NONE )
2
input: Logan mailed Stella the cake in the pile . X3 Xs
Phrase output: MAIL (LOGAN , IN ( CAKE, PILE ) , STELLA ) input: A wisitor in the pile rolled a resident . + Xy —
Recombination input: The goose rolled a baby in a room . output: ROLL ( IN' ( VISITOR, PILE ) , RESIDENT , NONE ) ©]
output: ROLL ( GOOSE , IN ( BABY , ROOM ) , NONE )
input: The girl wished that a crocodile declared that \
s . . the boy admired that Emma liked that\ == =—— — = — — — -
. input: ']I;i::r:;z" ;:m;;:: ;h:;i\{:;:h confessed that\ Evelyn was passed a drink:. v n (,mes |
onger _ g : output: WISH ( GIRL, NONE , NONE) \ recursion
Chain output: ADMIRE ( BOY , NONE , NONE ) \ —
CCOMP DECLARE ( CROCODILE , NONE , NONE ) \ ¥
CCOMP CONFESS (NOAH, NONE, NONE ) \
CCOMP GIVE (NONE , COOKIE , EMMA ) CCOMP ADMIRE ( BOY , NONE , NONE ) \ ) )
! ! CCOMP LIKE (EMMA , NONE , NONE ) \ S e
CCOMP PASS (NONE, DRINK , EVELYN )
input: A dog painted the girl beside the chair \
input: Noah appreciated a girl in a house \ in a house besidearoadonadish. =000 0 o —— ~
beside the chair . output: PAINT ( DOG, \ ye n times
Deeper output: APPRECIATE (NOAH , \ BESIDE ( GIRL, \ recursion
Nesting IN ( GIRL, \ IN ( CHAIR, \ 3
BESIDE ( HOUSE , CHAIR\ BESIDE ( HOUSE, \ @ J
)), NONE) ON (ROAD , DISH\ —_———— - ——

)))), NONE)

Figure 2: Five categories of aiming combinations. The key parts in combinations are marked with underlines and
colors (blue in NL-side and purple in code-side). The last column follows the notations defined in Section 3.2.

How Do In-Context Examples Affect Compositional Generalization? (ACL’23)
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TRE: Tree Reconstruction Error

“...1o treat a set of primitive meaning representations as hidden, and
optimize over them to find an explicitly compositional model that
approximates the true model as well as possible...”

Measuring compositionality in representation learning.
(ICLR, 2019)
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A Systematic Search for Compound Semantics
in Pretrained BERT Architectures

Filip Miletic and Sabine Schulte im Walde
Institute for Natural Language Processing, University of Stuttgart
{filip.miletic, schulte}@ims.uni-stuttgart.de
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Compositionality rating

Compound Modifier Head Phrase

guinea pig 047 +072 047 +072 0.24 £0.56
flea market 038 +081 4.71 +084 1.52+1.13
biological clock 471 +047 1.76 +135 2.29 +1.21
health insurance 4.53 +088 4.83 +£0.58 4.40 + 1.17

Table 1: Sample gold standard compounds with compo-
sitionality ratings (mean and standard deviation).
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« H¥{h1T: M<head, modif, comp, cont, cls>FmITERIZHH{NE
- HEMRE: <comp, cont, cls>H{E—/ 5<head, modif>f# il T & %%

ADD = cos(comp, modif) + cos(comp, head)
MULT = cos(comp, modif) - cos(comp, head)
COMB = ADD + MULT

» HHRIFFFEBICE -
KFF: TURIE, BHEITIHE
B T8 Es, BEBES
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p layers pool len seqs estimate agg p layers pool len seqs estimate  agg

Compr | 0.706  1-1 sum 3 1k COMB cont token -0.642 23 avg 3 1k cont cls type

0.706  1-1 avg 3 1k COMB cont token -0.644  3-3 avg 3 1k cont cls type

i‘ 1 . 0.706  1-1 sum 20 1k MULT cont token -0.645 15 avg 3 1k cont cls type
h— n . 0.706  1-1 avg 20 1k MULT cont token -0.646  2-4  avg 3 1k cont cls type
0.706  1-1 sum 3 1k MULT cont token -0.649 1-4  avg 3 1k cont clIs type

HEAD  0.645  I-1 sum 3 1k head cont token -0.598  0-7 avg 3 1k cont clIs type

0.645  1-1 avg 3 1k head cont token -0.599  1-4  avg 3 1k cont clIs type

0.638  1-1 sum 3 1k COMB cont token -0.600 0-6 avg 3 1k cont cls type

0.638  1-1 avg 3 1k COMB cont token -0.604  1-5 avg 3 1k cont <ls type

0.638  1-1 sum 3 1k ADD  cont token -0.606 1-6  avg 3 1k cont cls type

Mobir | 0.553  1-1 avg 20 1k modif cont token -0464 2-4  avg 3 1k oont <cls type

0553 1-1 sum 20 1k  modif cont token -0465  1-5 avg 3 1k cont cls type

0.548  1-1 sum 3 1k modif cont token -0.471 1-3 avg 3 1k cont cls type

0.548  1-1 avg 3 1k modif cont token -0474 1-4  avg 3 1k cont cls type

0546  1-1 avg 20 1k modif cont type -0476  1-2  avg 3 1k cont cls type

Table 2: Best (left) and worst (right) evaluated implementations. Abbreviations: pool = pooling function; len =
minimum tokens per sequence; segs = minimum number of modeled sequences; agg = aggregation of occurrences
(type vs. token-level).

. HihiF s chgs7s A8 0.726 vs. BERT 0.37

- HERTEK (41,496) , TBEEERK
« REBIEVs. RERE
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HIEZ=

min. 3 tokens min. 20 tokens

CoMP  0.146 (-0.649, 0.706)
HEAD 0.102 (-0.606, 0.645)
MODIF 0.099 (-0.476, 0.548)

0.134 (-0.587, 0.706)
0.087 (-0.561, 0.637)
0.093 (-0.460, 0.553)

Table 3: Spearman’s p (mean, min, max) for minimum
sequence length.

avg sum
Comp 0.139 (-0.649, 0.706) 0.141 (-0.587, 0.706)
HEAD 0.094 (-0.606, 0.645)  0.095 (-0.563, 0.645)

MODIF  0.095 (-0.476, 0.553)  0.097 (-0.460, 0.553)

Table 5: Spearman’s p (mean, min, max) for pooling
functions.

Tsinghua - Computational Linguistics

10 sequences 100 sequences 1,000 sequences
C  0.135 (-0.394,0.622) 0.142 (-0.607, 0.689)  0.143 (-0.649, 0.706)
H 0.093 (-0.384,0.565) 0.094 (-0.551,0.621) 0.096 (-0.606, 0.645)
M  0.089 (-0.367,0.495) 0.101 (-0.459,0.544) 0.098 (-0.476, 0.553)

Table 4: Spearman’s p (mean, min, max) for number of
sequences. C, H, M = compound, head, modifier.

token-level type-level
CoMP  0.150 (-0.584,0.706) 0.130 (-0.649, 0.699)
HEAD  0.103 (-0.556, 0.645) 0.085 (-0.606, 0.628)

MODIF 0.100 (-0.460, 0.553) 0.092 (-0.476, 0.546)

Table 6: Spearman’s p (mean, min, max) for token- vs.
type-level processing.
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| BETEE

o JH O L modif head comp cont cls
45 Iﬂﬁ_]fl-' Comp  0.135 0274 0245 0.072 -0.128
Head E &= 0383 -0.133 -0324 -0.649  -0.649
’Z.A - head / 0.615 0.630 0.666 0.706 0.611
%ﬁgzg%ﬂj fhLEY HEAD  0.071 0242 0.194 0.130 -0.161

-0.384  -0.130  -0.327 -0.606  -0.606
0464  0.645 0598  0.645  0.558
MobIir 0.106 0.167 0.164 0.133 -0.094
0274 -0.130  -0.229 -0476  -0.476
0.553 0415 0517 0553 0477

Table 7: Spearman’s p (mean, min, max) for embedding
types, across all direct and composite estimates if used.
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Figure 2: Effect of alternative parameter values com-
pared to the top parameter constellation.
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Feature Mean Std. Example
Frequency 42 + 30 silver spoon
(thousands) 452 + 108 labor union
3,614 +2438 crash course
Productivity 7 +5 night owl

15 + 19 time difference
448  +208 birth rate

Ambiguity 2 + 1 research project
5 + 1 flea market
13 + 4 application form
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Frequency Productivity Ambiguity

0 low
B mid
B high

Comp Head Modif Comp Head Modif Comp Head Modif

Figure 3: Effect of empirical properties of the head on model performance, observed across the evaluated implemen-
tations. Values on the x-axis indicate prediction targets (compound, head, and modifier scores).
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From chocolate bunny to chocolate crocodile:
Do Language Models Understand Noun Compounds?

Jordan Coil' and Vered Shwartz'*
I University of British Columbia 2 Vector Institute for Al
jco1l93@students.cs.ubc.ca, vshwartz@cs.ubc.ca

Findings of ACL 2023
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* NCI (Noun Compound
Interpretation)?i?}?ufﬂﬁiIE’%AﬁJ‘Liﬂ
HIEB 9 Z BRI B EERIIE X R &

« NCC (Noun Compound
Conceptualization) #EHTZTEIE K
EIRITEX R &

- HAEN. RIEEX... “KREIEX"
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Noun Compound Interpretation Noun Compound Conceptualization

chocolate bunny chocolate crocodile
bunny-shaped chocolate crocodile-shaped chocolate
chocolate shaped like a bunny chocolate shaped like a crocodile

Figure 1: An example NC (input) and paraphrases (out-
put) for each of the NCI and NCC tasks.
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« BHAENMA— NI EES, FEEXTF—EXR IS (9ria), ZhiE

%, of, from, contains, purpose) -> FH|FRE. AEXR

c A EEHHERKXEANRE, ETFEK[N2]...[n1]; HEZETIRFH
« X—EEFERKIEF SemEval 2013 task 4
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« FE3k B SemEval-2023%): ERIEEE—TMENX: [n2]...[n1].

F XA TR WA R AT AR AR AT
o BRI T 32NN E R HINE G ER S T
- HIEIR. BN FNEE

I\

&

Original Revised
train dev test train dev test
#NCs 174 0 181 160 28 110

#paraphrases 4,256 0 8,190 5441 1,469 4,820

Table 1: Statistics of the original SemEval 2013 dataset
(Hendrickx et al., 2013) vs. our revised version (hence-

forth: the NCI dataset).

Paper Sharing
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- WERA: FIE|FIRITS-largetREY, EH|%k
» DEARESER. GPT-3, G810 Rfl.
« A% (MTurk)

Q: what 1s the meaning of <NC>?
A:<paraphrase>
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NC GPT-3 TS

access road road that provides access road for access

reflex action a sudden, involuntary response to a stimulus action performed to perform reflexes
sport page a page in a publication that is devoted to sports  page dedicated to sports

computer format  the way in which a computer organizes data format used in computers

grief process process of grieving or mourning process that a grief sufferer experiences

Table 2: Example paraphrases generated using GPT-3 and T5 for NCs in the revised SemEval 2013 test set.

Method METEOR ROUGE-LL BERTScore Human

TS 69.81 65.96 95.31 65.35
GPT-3 56.27 47.31 91.94 95.64

Table 3: Performance of the TS5 and GPT-3 models on the revised SemEval 2013 test set.

- Bzh{LiEfE: METEOR. ROUGE-L. BERTScore; AR A ZKiT(h
« GPT-3&RBIEMZHE, AXEMEEGPT-3
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« BT AZ#EEEDhar and van der Plas (2019), 3B Google Ngram
Corpus, ERIIZEE20005F Z H, ﬂﬂJJﬁ, rzooo:_on

» HFGPT-3RVEE R B TirHA, ZA30EE LidSdES i BnER

Ei1EEE’JSOO =Y54%

B — RN e HARIESIE. Emat A L IR ET
MAﬁﬂ LR TINEER T 10510 A8 & A iE.
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Test Set NCI NCC
Human Performance - 73.33
GPT-3 05.64 R3.81

Table 4: Human evaluation performance (percent of
correct paraphrases) of paraphrases proposed by peo-
ple or generated by GPT-3 for the NCI and NCC test
sets.
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» IRl H R P RIN-gram 5 C4AE#LEE 8B & R SR 2 7 IE fAFE s 0
IR |J_'_| t IE/R
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—Z->NCCEINAE
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Figure 2: The percent of n-grams among the generated paraphrases (for n = {3, 4, 5}) that occur in the C4 corpus
0, 1-5, or 5+ times, for each of the NCI and NCC test sets, grouped by correct vs. incorrect generated paraphrases.
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