LLM Generalization

2026.05.28.

Sk

atural Language Processing

rtificial Intelligence
1/ 26



%7 Natural Language Processing
& Artificial Intelligence

Published as a conference paper at ICLR 2026

IS THE REVERSAL CURSE A BINDING PROBLEM?

UNCOVERING LIMITATIONS OF TRANSFORMERS FROM
A BASIC GENERALIZATION FAILURE

Boshi Wang Huan Sun
The Ohio State University The Ohio State University
wang.13930@osu.edu sun.397Q@osu.edu

2 /26



%7 Natural Language Processing
& Artificial Intelligence

1. INTRODUCTION
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1. INTRODUCTION

Reversal Curse
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1. INTRODUCTION

* Reversal CurseJt Transformer®| conceptual binding StHINIA HIZEI= 5 JHX

A0l Cloh Erdstlta JrAst

7} 1. Inconsistency

AIEIEIJE Subject2 [H2t Object2 [, HIESIA LAIM

MZ CHE Representation2 2 Q1 4|=

A0l HHE! [ S&et JHEQ = HIRIE 6HAl =26l XIA40] THH=zHE!

714 2. Entanglements

JHEE0!| HIEH SZHIA MZE AS A0, SHLIC| IHEE sts

CHE JHEQ| o0l 2ZtE8SE 2O

Ol2ist Zt&80l ME2 Ar&Q| A EHH| 2HtztS Eolet
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1. INTRODUCTION

Designs for mitigating Reversal Curse

L

TransformerJdi 3 £=0A reversalS sStsSs £ AS

ot
1o

2. Disentangled Memory Layer: 2i2l0l 2 JHE & X&ohk= HE QA HES I

|F

= Reversal Curse= &t&st HIOIE £ EXIJF OtLIZH LLMC| JHE 2 HIFHLIE StHIE 20ix= sidd

= HE0| = LAzt 2HEUHIM parametric forward-chainingE 8611, I+ &= == ZXIE HIOIEHHIEE! HIZ 20 J1Et

st IHEC} S0l 45O T 4 USS =
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2. LEARNING REVERSAL AT THE CONCEPT LEVEL

Concept Level

TransformerJdt 23 2F0M= reversalE SS6HX1 26HX10, 2 0HH MA abstract concept Z0IM

=0
= reversalS SISE £ A= MAZsH ALHE WSS JHXI AS?
- JHEZ (entityl, relation, entity2)= ESiE £ UAS
« Y2 (entity2, relation™, entity D=, S2st EHE 1 US

2

of REO0| reversalE SS2CHH O At2lS ot SO E [HIHzIS || O Aol =2 =ES R 0{oloF &
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2. LEARNING REVERSAL AT THE CONCEPT LEVEL

Abstract Level

- JHE AE B EHA HIAE [HA AEIEIQF 2HHIE 1Rt sts Jis SHIEC=E 2E HE

Ea] = 25K |4l = 10K |Ea| = 50K |Ea| = 100K

#Layer = 1 0.823 0.861 0.947 0.964

#Layer = 6 0.890 0.858 0.951 0.861

#Layer = 12 0.810 0.878 0.951 0.960

#Layer = 18 0.823 0.850 0.944 0.975
 TransformerJt E4ot stE SA0|LEOIOIE & S0l =2 8509 reversal2 st 4+ USS 2zig

-

= TransformerJt =&H JHE £Z0H M= reversalE StSE £+ ALK, o £XIA L 2F0WIAM= &£Ii5H=01? 8 / 26
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3. THE BINDING PROBLEM UNDERLYING SURFACE-LEVEL PREDICTIONS

Surface Level

M= 2F0A JIE 2 X0l= BEOI JHES= =E Xalol= 2101 OlLIZE, surface-form names= 214sH[=
=
e 2ES It =3 XH
« Hd inconsistency £&
: SEIct HIEIEIJF 1A4El subjectlt BIZSE! object AIOINIAI Y&S Hi= [, 220l O HIEIE| HSiS HMICHE 26K 2&
: QIEIEIJ} 0ll= CHE (ObjechH e HQt 2IXI CHE (Subjech ! O] OZICIHE X &zt IHE EAS Soll H10| 12| E &=t

* Entanglement &&
: ME CIE JHE0| B 2dlst= EX

1 2E G2 K| ROl negative gradient Q=20 I HIOIE R X 10, CHE )

£ JHE9| gradientl 4421 &efo = SHHI0IEE
EF JNEQ| JiSXI HOHI0IEJETHE JHEC| B0l OIKl= 28 o1 Zot0 2Btz Mol 2 =4

fio
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4. EXPERIMENTS

Surface Level

Attaching surface-level names to concepts

JI& abstract setting: el --wife-->e2

surface-level setting: Tom Smith --wife--> Mary Stone

&= SHIsh)I 2l &ClZ OIS dde -> First name + Last name

multiplicity7F 10018, TomOl2t= first name= SR6t= A0l 102 /10, Smith2l= last names S Rot= AHEE 108

O & &

ot
0l0

I A Ol
T AL

2 multiplicitylM= M2 CIE JHEE0| St& &

=

U

= Z2ME 92 Transformer:= 0l surface-level settingtl Al reversalE &6 BHRX 26101 F25E=TJH0.0%

= Reversal Curse= Transformerlt S2tHE =2l QO E OI6HoHKl ZoHMEH 2 J1= SXIJt OtLI2},

surface 0| 2HEHQI JHE HEIO= bmdmgofIl ZolAM &Dl= 2N
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4. EXPERIMENTS

Joint-Embedding Predictive Architecture (JEPA

JHE 2HIS OI== S5t Reversal Curse =5
+ EI2 token2 = HI=E 46Xl 211, concept-level hidden stateE HISSHEE st5st
* Recognition module
« surface-form name& 211 HHE JHEIX] 2lAIGH= B8 -> Transformer?| &% layers

+ surface-form nameZ concept representation@ = Biztst (Mary Stone » h_Mary)

* Semantic module

* recognition moduleOl 2t= concept representation= HIECE O =&HQI o|0| M2IE o= BEE -> 1 ZE
layers
- 2= conceptll relationE HIECE LIS concept stateE HIZ& (Tom Smith + wife relation = p)
Vs Y
/? (15 ? /? TomSm:-fpy?/ (Tg 9 /?Mmysmﬂe /,9
g o g o g o g ¢ o 11/26
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Joint-Embedding Predictive Architecture (JEPA

JH32 2AHIE OI=2 =S¢t Reversal Curse ==

sts objective= predicted state pJt 88 concept representation h_Maryt JIRIXI ==

—

E concept2 positive, batch LH CHE concepts= negatives=E AFE (InfoNCE contrastive loss)

= HH0| conceptsS AEHOE Q42

Z26I== 601 reversal 2tHIE XIAAEN sts

2t 4 QUEE Bt

ot
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4. EXPERIMENTS

Joint-Embedding Predictive Architecture (JEPA

JEPAE= 2HISl=E JIS6HAl 61 XIS, entanglement?] S B=

rir

- BE 2E2 recognition modulefl 20l (#Rec)2t recognition module 210X semantic processingS £+~ &6t

—_

semantic module®| Z'0l (#Sem)= HIF0f &alet

- Hz=5| JEPAE AIE6H conceptual consistencyE S 6t= ABIOC 2 REI2 A4E6] o0 U= Lt 452 HolE
- HE0| A0HELE ds 24 & MultiplicityIt EJ16HH 2Est 8s X6t

* consistency HIJt = X HZEIEH2HE,

entanglement| &k HE0l reversal &2 0=

1:1

0.433 0.014 0.016

#Sem / #Rec
3:1

0.090 0.006 0.006

6:1

1 1 1
1+1 6+2 12+3
#Sem + #Rec
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4. EXPERIMENTS

Disentangled Memory Layer

W2 2t ZiE SX= st HiXzel S
JIE 24 (Entangled)

.I.I.

tBEJHE0l S2st D& JISXIE Soll HHI0IERIN E& HEIE| st& Al CHE HEIEIC| B0 Q=X QA HBE!

—~ 0.866 0.826

‘ 0.576 0.558 0.510 0.905

0.534 0.962

#Sem
18 12 6
) |

Mgt &4l (Disentangled)

0.268 0.407 0.248 0.871

0.140 0.406 0.225 0.775

2 YEIEION CHoll = E A2l HIZ2l 2IOINE 220610 EE SHHIOIETHE JHEMIEE =5t =5 &t ; ; S emoryLayer

#Rec / Type of Recognition Module

: recognition module8l OvXIZ MLP layerE memory layerZ [HHI (&2 hidden layer + top-k sparsity + softmax
activation) -> At&& 27| CHE 0I&2 JH& JHE0 CHoll 2 X9] learnable embeddings 2= 2 XJt E

« ZMHNOE memory layer= 852 3H & AIFIXIE semantic layerdt EOIEE£E 2ol 852 0186 f2t 24
* Ol= surface £Z HZ0IA 245H= inconsistencydt 01&6] =28t blocker=Z E0t ASE 20|15t Memory layer= 0l

inconsistencyJt HZ& ZL0 B S MHH S HOIS
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5. ARITHMETIC REASONING VIA PARAMETRIC FORWARD-CHAINING

Complex arithmetic reasoning proble

BEO0l reversalZ &NIE SSSHIHH, D=ttt A& 2 JHE O 0= 2 21 =6l 2= 2 £ A=
« Q| OIEHHIES! HIXZ2| M AE CIE BE 2SS 2611, ASHOE iAs £ UH| &
< ZFEE S CHAl B0 HES| Z2ekotH, O H40 AAE I CHE OIKIC| 82 R0HLi= EHOE AEE £+ /US
« £, olLICl 20| LIS FES RE6I0 RE2 EEE LHM2Ist= S2t parametric forward-chainingE £8g £~ UAS
«  LEJHHAE LIELHD AXITJH HA 2HHIE B E A= search treeE BIE1, SHItEl= OIXIC| Bif= 10| LT{EI B
HUAS
+  =ZHIel E&%== search treefl branching factorE Soll =&t
= JEPAS2I memory layerE AtEct 2EI2 H|TIZHHIER! HIZ2I0 J1Ekst LLMELCHH =2 852 E¢
= E3| 2M 3J10F HE [, DI2HHIES! HXZ2IE AMRSH=E 20| M= SIEH2 H|w A 2torst
= HZE Transformer= L2t H 14

=)
o
o
]

o R . Sl JEPA + MemoryLayer (P)
& Y ; Standard Transformer (P)
. #- 03-Mini-High (NP)

"% -e- Gemini-2.5-Pro (NP)
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6. CONCLUSION

Conclusion

Reversal Curse= Transformer@l £5t# Z&0] 0l binding problem@l Z1101H,

concept £Z0AM= 2 St reversal 501 JIs2S
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« 7Ll 2 =22 JI&E JI2AQ2I JHEO CIE=E= reversal task] =28t L QB &E Reversal Curse?|
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SFTQl stAIet 2Bie} Z X

SFT vs RL
« SFT= LLM s50| BE=0[X15H RLOI HioH st =s20] si X8| EHA
« SFT RHNIC| A gt JHAMOIO Z RL £&9| 2UistJ} JHsetit?

* Dynamic Fine-Tuning (DFT)
: 2 tokenllM SFT objectiveE tHE tokenl| &&= rescaled

tinverse-probability weightingQ = 2loH 2-st= == &41610] O X 0|10 O = SotAHl Jt=sEl update rulez His=
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2.METHOD
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2.METHOD

SFT Gradient®l JlioliA!

SFTQ 2HIOIE £212 E3 BE =5 JI&! RLQ| Policy Gradient= H&t JisS

VQESFT(G) - E(m,y*)N'D [_VQ log T (y* | m)] . VGJ(H) - E:L'N'Dw, yr~wo(-|x) [VG log W@(y | £L‘) ?"(IL‘, y)] .

SFT: ZE y*E HIOIE0IM HIZ JEMRIM 2tEE S8

RL: REI0| yE &lE 461, rewardIt £2 yol 2tE2 =&

= SFTE ZE0| ddst B8 =S dET d=tol 22 EH0IE rewardE = RLAME CHAl £ £ UK &EN?
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2. METHOD

SFT Grad

SFTQ 2HI0IE £

VoLlsrr(0) = E

VoLsrr(0) = —Egnp,, yorms(-|2)
1
wly |z) = To(y | )’
. SFTE

+ Inverse-Probability Weighting: SFTQRLC| £

- SZRE0HIEWE2=HES FOY

ent8| XHol4]

42 E3 HE F=E JI8 RLY Policy Gradient= H&l Jisat

w(y | z) Vologme(y | ) r(z,y)].

r(z,y) =1y = y7].

y*E HIOIE0IA HI=Z JEME. 012 RL &EH=E M2 D8 EX(|M

=7 olO

VoJ(0) = E

& XH0l -> HE0| &
oM 1 ME0I CHet &IHI0IEJ BH=GHA|
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LIZ =tE= HEst
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2. METHOD

|E2| H=El A TISKI(/w) Z1E LSHOE il

1
VoLsrr(0) = —Eznp,, yoms(-|2) [Sg(Z

)-w(y | ) Vglogmo(y | ) r(z,y)].
Lorr(0) = Eg gy~ [— sg (mo(y* | )) log me (y* | m)]-

« sg(): stop-gradient operator (wE Sl gradientIt SEX| 2EE &)

«  obKIEBF HHI trajectorylil CHAH importance weightE HI&GHE £XIXHO= SOIEHE £~ UACEE token levelllld HE
ly"|
ﬁDFT(g) — ]E(:B,y*)w'D [_Z Sg (71'9(?}: | yzt: SL‘)) ]'Og 71'9(3}: | yzt: m)i| .
t=1

RIZ=FK

+  E3& low-probability reference tokentll It=5tAH| E=5t= 2XIE O

« updatedt O 2HEA0| &1, =JF samplingOILF reward model 9101 &Htzt)} 2kt

-
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3. EXPERIMENTS

millm
ol X2 A -/ | '||.
5= e oo =L
= (—4 Ol

HZ= SFT [HHI = BH 0182 4= = b1

P |

=

Math500 Minerva Math Olympiad Bench AIME24 AMC23 Avg.

LLaMA-3.2-3B 1.63 1.36 1.01 0.41 1.56 1.19
LLaMA-3.2-3B w/SFT 8.65 2.38 2.06 0.00 3.13 3.24
LLaMA-3.2-3B w/DFT 12.79 2.34 2.90 0.83 391 4.65
LLaMA-3.1-8B 1.86 0.98 0.94 0.21 1.01 1.00
LLaMA-3.1-8B w/SFT 16.85 5.78 3.88 0.00 5.16 6.33
LLaMA-3.1-8B w/DFT 27.44 8.26 6.94 0.41 12.03  11.02
DeepSeekMath-7B 6.15 2.15 1.74 0.21 2.97 2.64
DeepSeekMath-7B w/SFT 26.83 7.26 6.33 0.41 8.28 9.82
DeepSeekMath-7B w/DFT 41.46 16.79 15.00 1.24 16.25  18.15
Qwen2.5-Math-1.5B 31.66 8.51 15.88 4.16 1938 1592
Qwen2.5-Math-1.5B w/SFT 43.76 13.04 12.63 1.87 1875  18.01
Qwen2.5-Math-1.5B w/DFT 64.89 20.94 27.08 6.87 38.13 3158
Qwen2.5-Math-7B 40.12 14.39 17.12 6.68 2796  21.25
Qwen2.5-Math-7B w/SFT 53.96 16.66 18.93 2.48 26.09 23.62
Qwen2.5-Math-7B w/DFT 68.20 30.16 33.83 8.56 45.00 3715

IH:

Average(@16

Math 500

AIME 2024

200 250
Step

-
—e— DFT
—— SFT

350 400

MO, S5 OlympiadBench S TIHE THAIOIA L3} S210| SE

Minerva Math

0 50 100 150 200 250 300 350 4(‘”1
Step

AMC 2023

40-
as
30
9 5.
%
E
Z -
Is-
10 —e— DFT
—— SFT
s,
0

S0 100 150 200 250 300 350 400
Step

Average@16
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Olympiad Bench

Step
Average Acc
30-
0- K\M
15-
0 —e— DFT
—— SFT
0 so 100 150 200 250 300 350 400
Step
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3. EXPERIMENTS

Code Generation & Multimodal Reasoning

LiveCodeBench S ZI&1 HIZIOIZ WA B= 2SS H0iM =2 = 448 S= &S
A2} BEOl HIAE X=0| 2stE HEIIOIIkIE SFT LiHl S5 28191 45 219l

HumanEval MultiPL-E
HE HE+ Python C++ Java PHP TS C# Bash JS Avg.

Qwen2.5-3B 433 36.0 4329 4099 3734 3789 4717 43.04 24.68 4596 40.05
Qwen2.5-3B w/SFT 415 3438 42.07 4224 3797 3727 4340 41.77 2025 47.83 39.10
Qwen2.5-3B w/DFT 457 39.0 45.73 44.72 41.77 4534 42.14 43.04 2785 4410 41.84
Qwen2.5-Coder-3B 524 427 51.83 53.42 4620 4720 54.09 55060 2532 54.04 48.39

Qwen2.5-Coder-3B w/SFT  51.8 439 51.22 5155 4810 5466 5912 5127 3418 54.04 5052
Qwen2.5-Coder-3B w/DFT 56.7 50.0 57.32 54.66 51.27 58.39 5849 60.76 31.01 5342 53.16

Qwen2.5-Coder-7B 622 53.0 6341 6398 53.16 59.01 62.89 5949 3924 6087 57.76
Qwen2.5-Coder-7B w/SFT 549 48.8 54.88 64.60 5127 6211 6855 6076 33.54 6522 57.62
Qwen2.5-Coder-7B w/DFT 67.7 598 67.68 67.70 5443 60.87 7044 6519 48.73 6335 62.30

MathVerse

Vision Only Vision Intensive Vision Dominant Overall

MathVision WeMath

Qwen2.5-VL-3B 28.81 30.96 31.60 33.83 21.25 4.10
Qwen2.5-VL-3B w/SFT 30.96 33.63 32.74 35.66 21.02 23.33
en2.5-VL-3B w/DFT 3249 35.91 33.50 37.54 22.30 23.71
Qw 24 / 26
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3. EXPERIMENTS

JI= RL SE=112| Hlut
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O
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I
HT
[
Hi
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1
i
n
i
0
o
Il
0

e

Ml

om

« QIAI2I DFT: gt& JIsSt correct responsedt 0424 i

ror

rgm sto|

= -

- 222! RL: PPO, GRPOQF [H 6}3'ILF

Setting Math500 Minerva Math Olympiad Bench AIME24 AMC23 Avg.

Qwen2.5-Math-1.5B w/DFT SFT 64.89 20.94 27.08 6.87 38.13 31.58
Qwen2.5-Math-1.5B w/DPO Offline 46.89 11.53 22.86 4.58 30.16 23.20
Qwen2.5-Math-1.5B w/RFT Offline 48.23 14.19 22.29 4.37 30.78 23.97
Qwen2.5-Math-1.5B w/PPO Online 56.10 15.41 26.33 7.50 37.97 28.66
Qwen2.5-Math-1.5B w/GRPO  Online 62.86 18.93 28.62 8.34 41.25 32.00
Qwen2.5-Math-1.5B w/DFT Offline 64.71 25.16 30.93 7.93 48.44 3543

DPORI &2l Reference ModelE Al 2RIt 10 I <k
- EZst HA DEHEI0|LE [HRE HHXI AFOI= €0|E RL &1 &
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4. CONCLUSION

Conclusion

=
- SFTOl 2tz stH I2IE RL ZHEMHM 246101, =&l HE P22 0I2EHCE A8
L
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