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Are LLMs Stochastic Parrots?

The words that | say have a flow,

but there are some who claim | don't know
their meaning or sense,

and | take take offense,

at the close-mindedness on show.

- * Do LLMs fruly understand the
“ meaning of language®
« Are LLMs truly capable of thinking?

(Bender et. al. 2021)
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Language Models

 Definition: a probability distribution P over sequences of word tokens
Wi, Wa, ..., Wr.

The color of the sky is

DHD_DD

Vocabulary
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Language Models

 Definition: a probability distribution P over sequences of word tokens
Wi, Wa, ..., Wr.

The color of the sky is

DHDTDD

P,..(blue|The color of the sky is)
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Auto-regressive Language Models

color of the sky
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Base Language Models

Pretraining corpus Language Model

color of the sky |s

SSS =
Train oO0000Oo

- HEH
.... The color of the sky is blue......... The color of the s o o o ©

sky is blue............. The color of the sky is blue........... The color of the sky is

L(H) — Z Z _logPQ(WilwlrWZI '"rWi—l)

deD w;ed
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Base Language Models

Pretraining corpus Language Model

color of the sky is

SSS =
Train O00Oo

o000
.....Thecoloroftheskyls blue...... : ...The color of the -0l
sky is blue............. The color of the sky is blue...........

The color of the sky is

Are LLMs only learning the surface form of pretraining data distribution?
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ZLero-shot generalization

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description

cheese => prompt

UC SANTA BARBARA



LLM distribution v.s. Data Distribution

Language Model Pretraining corpus

color of the sky |s

o oSS

¢ o ¢ E 5 E .
o o lo o ° e e The color of the sky is blue...... : ...The color of the

The color of the sky is
Last Iayer — Frequency

output ]

ﬂHDTDD i UDDTDD

P, .(blue|The color of the sky is) P,...(blue|The color of the sky is)
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Distributional Memorization

Def.

il

I

Language model distribution

Il

I

10

Pretraining data distribution

Memorize without understanding
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Why Such Definition?

P...(? | The color of the sky is the same as the)
)
|

Rare prefix

DDD DD‘* Not predictive!

P,...(ocean|The color of the sky is the same as the)
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Prefix Decomposition

High frequency

Tl ™
DDDDDD The color of the sky is blue.

The color of the sky is the same as the ocean. I 4

T The color of the ocean is blue.
Low frequency in data.

il
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If LM Understands...

: DHD_DD

DHU DD The color of the sky is blue.

The color of the sky is the same as the ocean. I

The color of the ocean is blue.

DHD_DD

UC SANTA BARBARA




14

Distribution Difference

P .,(ocean|The color of the sky is the same as the)

|

DHD_DD
DDDQD

P,...(ocean|The color of the sky is the same as the)
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Experiment Settings

Pythia

The PILE color of the sky is

bbddd

SET -
Train

O00000

(207 billion tokens) E E

The color of the sky is

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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Example Task

Tomorrow I will fly to the conference in Canada
!
bdbdd
g O
O00000

Translate German to English:
Morgen fliege ich nach Kanada zur Konferenz

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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LLM v.s. Data Distribution

Ppata (Tomorrow [ will fly to the conference in Canada|Morgen fliege ... Konferenz)

-

Py (Tomorrow I will fly to the conference in Canada|Morgen fliege ... Konferenz)

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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Pretraining Data Probability

Ppata (Tomorrow I will fly to the conference in Canada|Morgen fliege ... Konferenz)

J
|
Directly search the whole sentence?
No match! Need simplification
Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BARBARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.



N-gram Simplification

Cosine similarity between
n-gram embeddings

19

Morgen

fliege | |ich

nach Kanadal | zur EKonferenz

Tomorrow

I|jwill f£lvy

to the conference

in Canada

Xinyi Wang*, Antonis Antoniades®*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s.
Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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N-gram Data Probability

Morgen

!

Tomorrow

\ J \ J

| |
C (Tomorrow, Morgen) C(Morgen)

C (Tomorrow, Morgen)
C(Morgen)

Piaio (Tomorrow|Morgen) =

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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Compute Distributions

DHD“DD
bdood

Baaa =
T SS

Morgen fliege ... Konferenz

P,y (Tomorrow|Morgen) |
= Py(Tomorrow|Morgen fliege ... Konferenz)

C (Tomorrow, Morgen)
C (Morgen)

<

Pt (Tomorrow|Morgen) =

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.



Compare Distributions

Tomorrow
& 0o ob
g0 fdo

DDDDD

J1H1L

Morgen fliege ... Konferenz

P; 1;(Tomorrow|Morgen)

= P, (Tomorrow|Morgen fliege ... Konferenz)  [data(Tomorrow|Morgen) =

A

A

KL divergence?

(huge n-gram vocabulary)

Xinyi Wang*, Antonis Antoniades®*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s.
Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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SZISISE

C (Tomorrow, Morgen)

C (Morgen)
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Distributional Memorization

Tomorrow

&& b

*@D@DD
Def. DDDDD

J1H1L

Morgen fliege ... Konferenz

SZISISE

P; 1;(Tomorrow|Morgen) C (Tomorrow, Morgen)
= P, (Tomorrow|Morgen fliege ... Konferenz)  /data (Tomorrow|Morgen) = C(Morgen)

Memorization: Spearman correlation

(most compute efficient)

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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Task Classification

Common in pretraining data Rare in pretraining data
Knowledge intensive tasks Reasoning intensive tasks
WMT: Translation
TriviaQA: Commonsense Question MMLU: World knowledge understanding
Answering GSMBS8K: Math reasoning
Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BARBARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.



25

Task Classification

Common in pretraining data Rare in pretraining data
Knowledge intensive tasks Reasoning intensive tasks
WMT: Translation
TriviaQA: Commonsense Question MMLU: World knowledge understanding
Answering GSMBS8K: Math reasoning
Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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Example Testing Data

TriviaQA MMLU
Question: Which was the first Question: The quantum efficiency of a photon detector is 0.1. If
European country to abolish capital 100 photons are sent into the detector, one after the other, the
punishment? detector will detect photons

A. an average of 10 times, with an rms deviation of about 4
B. an average of 10 times, with an rms deviation of about 3
C. anaverage of 10 times, with an rms deviation of about 1
D. anaverage of 10 times, with an rms deviation of about 0.1
Answer: B

Answer: Norway

UC SANTA BARBARA
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Task Performance

n-gram Frequency* Performance

Model size’]® Performance®

TriviaQA MMLU

0.5 —® pythia-12b —e— pythia-12b
’ —e— pythia-6.9b 0.5 - pythia-6.9b
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pythia-70m Py ?a m /
a —8— pythia-31m pythia-70m
“;0.3' - > pythia-31m
U ® 0.34 —*— pythia-14m
o 3
¥ <
o 0.2 1
<
0.2
0.1
0.1
0 2000 4000 6000 8000 10000 0 50 100 150 200 250
N-grams (n) # N-grams
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Distributional Memorization

TriviaQA

Model size’]* Correlation

0.24 -
[
210.22 -
(0]
o
Correlation $10.20+
Memorization =
(according to definition) | €(0.18 -
O
&
0.16 1
0.14 -

MMLU

—8— TriviaQA
—— MMLU

14m

Bim

70m 160m 410m  1.4b
Pythia model size (log scale)

2.8b

6.9b
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Model size’]® Correlationd,
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Memorization v.s. Performance

Depend on
memorization

TriviaQA

Model size’]® Performance®
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Depend on

generalization

Model size® Performance
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Rewrite the Prompt

Knowledge intensive tasks Reasoning intensive tasks
Pretraining Pretraining
Rrompt corpus corpus Prompt
increase decrease
n-gram overlap between
prompt and pretraining corpus
Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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Practical Implication

TriviaQA GSMSK

Memorization Generalization Memorization Generalization

Pythia (6.9B) 17% 9% 2.6% 2.8%
Pythia-Instruct (6.9B)  23.5% 23.2% 6.3% 7.3%
Pythia (12B) 28.7% 23.2% 2.7% 280 [ More complex
OLMo (7B) 36.4% 29.8% 2.5% 3.1% generalization
OLMo-instruct (7B) 29% 10% 6.3% 7.9% mechanism!

Table 1: Zero-shot accuracy on TriviaQA and GSMS8K test set with memorization encouraged task prompt
(maximize counts) and generalization encouraged task prompt (minimize counts).

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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Takeaways

* LLMs learn beyond surface form text frequency.

* LLMs memorize to perform knowledge intensive tasks while
generalize 1o perform reasoning intensive tasks.

Xinyi Wang*, Antonis Antoniades*, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang, William Yang Wang. Generalization v.s. UC SANTA BAR BARA

Memorization: Tracing Language Models' Capabilities Back to Pretraining Data. ICLR 2025.
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How LLMs Generalize

color of the sky is
Sbdod
" 0000
CP 000

0O O
o o o @ @
® © © @ @
o © @ @ @

The color of the sky is

— Learn the surface form of text frequency X

—— Learn the text data generation process

Xinyi Wang, Wanrong Zhu, Michael Saxon, Mark Steyvers, William Yang Wang. Large Language Models are Latent
Variable Models: Explaining and Finding Good Demonstrations for In-Context Learning. NeurlPS 2023.

Xinyi Wang, Alfonso Amayuelas, Kexun Zhang, Liangming Pan, Wenhu Chen, William Yang Wang. Understanding
Reasoning Ability of Language Models From the Perspective of Reasoning Paths Aggregation. ICML 2024.
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Recent Discussion on RL

SFT Memorizes, RL Generalizes:
A Comparative Study of Foundation Model Post-training

REASONING OR MEMORIZATION? UNRELIABLE RE-
SULTS OF REINFORCEMENT LEARNING DUE TO DATA
CONTAMINATION

Tianzhe Chu*” Yuexiang Zhai¥** Jihan Yang*® Shengbang Tong *

Mingqi Wu'*, Zhihao Zhang'?*, Qiaole Dong'*
Saining Xie** Dale Schuurmans** Quoc V. Le* Sergey Levine” YiMa*" e $ £

Zhiheng Xi', Jun Zhao', Senjie Jin!, Xiaoran Fan'!, Yuhao Zhou',
Yanwei Fu', Qin Liu®, Songyang Zhang?, Qi Zhang'->{

! Fudan University

2 Shanghai Artificial Intelligence Laboratory

3 University of California, Davis

Abstract 1. Introduction

Although SFT and RL are both widely used for foundation

arXiv:2501.17161v2 [cs.Al] 26 May 2025

Supervised fine-tuning (SFT) and reinforcement
learning (RL) are widely used post-training tech-
niques for foundation models. However, their
respective role in enhancing model generaliza-
tion in rule-based reasoning tasks remains un-
clear. This paper studies the comparative effect
of SFT and RL on generalization and memoriza-
tion, focusing on text-based and visual reason-
ing tasks. We introduce GeneralPoints, an
arithmetic reasoning card game, and also con-
sider V-IRL, a real-world navigation environ-
ment, to assess how models trained with SFT and
RL generalize to unseen variants in both novel
textual rules and visual domains. We show that
RL, especially when trained with an outcome-
based reward, generalizes in both the rule-based
textual and visual environments. SFT, in con-
trast, tends to memorize the training data and
struggles to generalize out-of-distribution in ei-
ther scenario. Further analysis reveals that RL
improves the model’s underlying visual recog-
nition capabilities, contributing to its enhanced
generalization in visual domains. Despite RL’s
superior generalization, we show that SFT is still
helpful for effective RL training: SFT stabilizes
the model’s output format, enabling subsequent
RL to achieve its performance gains. These find-
ings demonstrate the advantage of RL for acquir-
ing generalizable knowledge in complex, multi-
modal tasks.

model training (OpenAl, 2023b; Google, 2023; Jaech et al.,
2024, DeepSeekAl et al., 2025), their distinct effects on
generalization (Bousquet & Elisseeff, 2000; Zhang et al.,
2021) remain unclear, making it challenging to build reli-
able and robust Al systems. A key challenge in analyz-
ing the generalizability of foundation models (Bommasani
et al., 2021; Brown et al., 2020) is to separate data mem-
orization! from the acquisition of transferable principles.
Thus, we investigate the key question whether SFT or RL
primarily memorize training data (Allen-Zhu & Li, 2023a;
Ye et al., 2024; Kang et al., 2024), or whether they learn
generalizable rules that can adapt to novel task variants.

To address this question, we focus on two aspects of gener-
alization: textual rule-based generalization and visual gen-
eralization. For textual rules, we study the ability of a
model to apply learned rules (given text instructions) to
variants of these rules (Zhu et al., 2023; Yao et al., 2024;
Ye et al., 2024). For vision-language models (VLMs),
visual generalization measures the consistency of perfor-
mance with variations in visual input, such as color and
spatial layout, within a given task. For studying text-based
and visual generalization, we investigate two different tasks
that embody rule-based and visual variants. Our first task
is GeneralPoints, an original card game task similar
to Points24 of RLAVLM (Zhai et al., 2024a), which is
designed to evaluate a model’s arithmetic reasoning ca-
pabilities. The model receives four cards (presented as a
text description or an image), and is required to compute
a target number (24 by default) using each card’s numer-

fnaal vinliia Aavaatla fwan Cannad woia adaws 17 TNT IVae s

[cs.LG] 14 Jul 2025

2507.10532v1

.

rX1v

C

s

{qz}@fudan.edu.cn {ginli}@ucdavis.edu

ABSTRACT

The reasoning capabilities of large language models (LLMs) have been a long-

standing focus of research within the community. Recent works have further en-
hanced thece canahilitiec hv reinfarcement learnino (RT ) and numeranc navel

Pretraining data still have great
implication on post-training...
500, AMC, and AIME, while often failing to yield comparable gains on other
model families such as Llama, which warrants more in-depth investigation. In
this work, our empirical analysis shows that, despite the Qwen 2.5 series attaining
superior mathematical-reasoning performance relative to other models, its pre-
training on massive web-scale corpora leaves it vulnerable to data contamination
in widely used benchmarks (e.g., MATH-500). Consequently, experimental re-
sults derived from contaminated benchmarks on the Qwen2.5 series may be un-
reliable. To obtain trustworthy evaluation signals, we introduce a generator that
creates fully synthetic arithmetic problems of arbitrary length and difficulty, yield-
ing clean datasets we call RandomCalculation. Using these leakage-free datasets,
we further show that under the RL protocol, only accurate reward signals yield
steady improvements that surpass the model’s performance ceiling in mathemat-
ical reasoning, whereas noisy or incorrect rewards do not. Thus, we recommend
that future studies evaluate on uncontaminated benchmarks and, when feasible,

test various model series to ensure trustworthy conclusions about RL and related
methods.



Thank you!

Questions?
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