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Abstract001

In this work, we investigate factors influenc-002
ing the compositionality development of pre-003
trained language models during fine-tuning004
from the perspective of two key concepts in005
linguistic compositionality: structure and com-006
ponent. Our key finding is that even fine-tuning007
of identical symbolic essences can lead to dif-008
ferent compositionality developments of the009
same pre-trained language model, driven by010
the following factors: (1) structures uncommon011
in natural language lead to high compositional-012
ity, (2) components uncommon in natural lan-013
guage lead to high compositionality, and (3)014
component combinations uncommon in natural015
language lead to low compositionality. This016
phenomenon is intrinsically linked to linguistic017
compositionality, offering a new perspective for018
compositionality research on language models.019

1 Introduction020

Compositionality is a property that languages pos-021

sess to some degree, expressed as "the meaning of022

a complex expression is determined by its structure023

and the meanings of its components" (Szabó, 2004;024

Pagin and Westerståhl, 2010). This concept extends025

from the expression-meaning mapping in language026

to the input-output mapping of any task. The com-027

positionality of a language model on a task refers028

to the extent to which it leverages compositionality029

to process that task. High model compositionality030

aids generalization on unseen combinations, but031

may also introduce hallucinations in parts of the032

task that are inherently non-compositional.033

Although there has been extensive research on034

the evaluation of the compositionality of language035

models in specific downstream tasks requiring fine-036

tuning (Hu et al., 2023; Xu and Wang, 2024), the037

factors stemming from pre-training on natural lan-038

guage that influence the compositionality develop-039

ment of pre-trained language models during fine-040

tuning remain an unexplored area. Similar to de-041

bates surrounding language learning capabilities 042

(Kallini et al., 2024), a contentious issue is whether 043

the compositionality development of pre-trained 044

language models during fine-tuning is entirely sym- 045

bolic (i.e., whether fine-tuning the same model with 046

training data that provides linguistically distinct 047

mappings of identical symbolic essence would lead 048

the model to develop the same compositionality). 049

In this work, we investigate the two key con- 050

cepts of linguistic compositionality—structure and 051

component—to identify and explain factors influ- 052

encing the compositionality development of lan- 053

guage models during fine-tuning. We find that 054

the compositionality development of pre-trained 055

language models during fine-tuning is not entirely 056

symbolic, and our investigation into structure and 057

component reveals two distinct pathways that exert 058

influence. We further discuss the possible causes 059

of this phenomenon and its connection to linguistic 060

compositionality. 061

2 Compositionality Quantification 062

We construct a conversion task where the input is 063

natural language text generated based on a template 064

(Lee et al., 2025) with 12 components: 065

In the [place.ADJ] [place.N], I 066

[action.VI] beside the [animal.N] and the 067

[plant.N], while the [person.ADJ] [job.N] 068

[action.ADV] [action.VT] the [object.ADJ] 069

[texture.ADJ] [object.N]. 070

Each component enclosed by [] has 50 distinct 071

candidate words (common and consistent with the 072

component role; details are provided in the ap- 073

pendix A), with each candidate word corresponding 074

to a unique 5-digit random number code. The task 075

output is the sequence formed by concatenating the 076

corresponding number codes for each component 077

in order (separated by spaces). 078

By selecting one candidate word for each com- 079

ponent, we can obtain 5012 distinct instances. How- 080
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In the dim cafe,
I tiptoe beside the dog and the mint, 
while the old scientist casually pulls 
the handmade copper fork. 

14699 03544 73430 04708 15119 26916
24226 78134 85224 96601 93716 50508

Training (fixed combinations) Test (free combinations)

In the dim school, I
crawl beside the ant
and the pine, while
the old accountant
numbly shakes the
sticky stone pillow.

In the tidy school, I
crawl beside the ant
and the moss, while
the old accountant
carelessly designs
the sticky stone cup.

Output 1 Output 2

Structure (shuffle)
cafe the In, dim the mint the and tiptoe I dog, beside pulls
scientist while old the casually handmade the fork copper.

Component (replacement) In the score cafe, I tiptoe beside the pause and the mint, while
the old scientist awake pulls the handmade into fork. 

Figure 1: Illustration of compositionality quantification and how inputs change under two types of settings. Each
component has 50 candidate words. In the training data, the combination of components within a semantic group
(indicated by color) is fixed. In the test data, components can be freely combined.

ever, during training set construction, for each se-081

mantic group represented by a color in the template,082

we restrict the selection of components to 50 fixed083

combinations, and any candidate word appears in084

exactly one combination. In such a training set, any085

word always appears alongside fixed other compo-086

nents within the semantic group. Consequently,087

there is no evidence that a word independently de-088

termines an output component (i.e., the training set089

provides no evidence for compositionality). When090

fine-tuning a language model using this training set,091

the extent to which the model perceives a word as092

independently determining an output component in-093

dicates the degree of its spontaneous composition-094

ality development. We randomly construct 20,000095

distinct samples in this manner to form the training096

set for fine-tuning the pre-trained model.097

Following Sevestre and Dupoux (2025), we em-098

ploy the concept of Topographic Similarity to quan-099

tify the compositionality of language models. We100

first generate 2,000 text inputs based on the tem-101

plate, where candidate word selection no longer102

imposes combination constraints as in training set103

construction. For the i-th input xi, we randomly104

select an input distance di ∈ [1, 12] , forming the105

input x∗i by replacing the di components in xi with106

other candidate words. We then measure the dis-107

tance between the model’s outputs for inputs xi108

and x∗i (i.e., the number of differing number codes)109

as si. Finally, we compute the Pearson correlation110

coefficient between {di} and {si} as a quantita-111

tive metric for compositionality. When the model 112

exhibits maximum compositionality, each compo- 113

nent in the input independently determines a corre- 114

sponding number code in the output, resulting in 115

a correlation coefficient of 1. A lower correlation 116

coefficient indicates lower model compositionality. 117

3 Experiments 118

We conduct experiments on the following pre- 119

trained language models: gemma-7b-it (Gemma- 120

Team, 2024), Llama-3.1-8B-Instruct (Llama-Team, 121

2024), Qwen2.5-7B-Instruct (Qwen-Team, 2024), 122

and Olmo-3-7B-Instruct (Olmo-Team, 2025). All 123

results are averaged across three independent runs 124

with different random seeds. Implementation de- 125

tails are provided in Appendix B. 126

3.1 Structure 127

Regarding structure, we seek to investigate whether 128

the compositionality development of language 129

models during fine-tuning changes when the sym- 130

bolic essence of training data remains identical but 131

inputs lose their typical natural language structure. 132

Following Kallini et al. (2024), we employ Lo- 133

calShuffle to construct instances that lose natural 134

language structure. Under the shuffle setting, for 135

each original instance, we randomly shuffle all 136

words within each semantic group, causing the in- 137

put to lose its typical natural language structure. 138

The shuffling pattern remains consistent across dif- 139

ferent instances within the same semantic group, 140
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Figure 2: Curve showing the model compositionality over epochs under the original and shuffle settings.

and the order of the output number codes is ad-141

justed to match the input component sequence after142

shuffling. This ensures that the symbolic essence143

of the training set remains identical between the144

original and shuffled settings. We observe whether145

there are differences in the compositionality de-146

velopment of models during fine-tuning under the147

original and shuffled settings.148

Figure 2 presents the experimental results. We149

find that all pre-trained models exhibit higher com-150

positionality under the shuffle setting compared151

to the original setting. This indicates that even152

when the training set provides mappings of identi-153

cal symbolic essence, structural alterations still in-154

fluence compositionality development during fine-155

tuning. When the structure deviates from the natu-156

ral language structure common in pre-training, the157

model develops higher compositionality, exhibiting158

a greater degree of component independence.159

3.2 Component160

Regarding component, we seek to investigate161

whether the compositionality development of lan-162

guage models during fine-tuning changes when the163

symbolic essence of training data remains identi-164

cal but inputs present uncommon combinations of165

components in natural language.166

We first employ a random replacement setting167

to construct instances with uncommon component168

combinations. Under the random replacement set-169

ting, for each original instance, we randomly re-170

place one word component in each semantic group171

with a word from a shared vocabulary of the four172

models (containing 13,740 words, none of which173

are candidate words when constructing the original174

instances; see Appendix C for details). Different in-175

stances share identical component selections within176

the same semantic group and employ the same re-177

placement word for the same original word. This178

ensures that the symbolic essence of the training set179

remains identical between the original and random 180

replacement settings. We observe whether there are 181

differences in the compositionality development of 182

models during fine-tuning under the two settings. 183

Figure 3 presents the experimental results (blue 184

and orange lines). We observe that random replace- 185

ment settings influence the compositionality devel- 186

opment of models, but the direction varies across 187

different models: compositionality increases on 188

gemma-7b-it and Olmo-3-7B-Instruct, while com- 189

positionality decreases on Llama-3.1-8B-Instruct 190

and Qwen2.5-7B-Instruct. 191

This result prompts us to consider whether other 192

factors influence compositionality development in 193

component replacement. Through observation of 194

instances, we find that under the random replace- 195

ment setting, there is a high probability of select- 196

ing uncommon words from the large vocabulary. 197

Based on frequency and compositionality theory 198

(Kirby, 2001; Sevestre and Dupoux, 2025), we hy- 199

pothesize that the commonness of the replacement 200

words themselves may also affect compositionality 201

development. To verify this, we supplement our ex- 202

periments with a common replacement setting. The 203

common replacement setting follows the same con- 204

struction as the random replacement setting, but the 205

vocabulary used to select replacement words is a 206

subset of the vocabulary in the random replacement 207

setting, containing only 1,312 common words. 208

The green line in Figure 3 shows the results of 209

the supplementary experiment. We find that all 210

pre-trained models exhibit higher compositionality 211

under the random replacement setting than under 212

the common replacement setting, indicating that 213

low word commonality leads to high composition- 214

ality. Comparison between the original setting and 215

the common replacement setting eliminates the in- 216

fluence of word commonality. The results show 217

that all pre-trained models exhibit lower or essen- 218

tially unchanged compositionality the common re- 219
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Figure 3: Curve showing the model compositionality over epochs under the original and replacement settings.

placement setting. This implies that even when the220

training set provides mappings of identical sym-221

bolic essence, changes in component still influence222

compositionality development during fine-tuning.223

The influencing factors include both the commonal-224

ity of components and the commonality of compo-225

nent combinations. Uncommon components lead226

models to develop higher compositionality during227

fine-tuning, while uncommon component combina-228

tions result in lower compositionality.229

4 Discussion of the Phenomenon230

In the field of emergent communication, prior re-231

search has demonstrated that limited data expo-232

sure due to low commonality leads neural net-233

works to develop higher compositionality (Sevestre234

and Dupoux, 2025). However, the differences in235

compositionality observed across various settings236

emerge during fine-tuning that is symbolically iden-237

tical. The training data used for fine-tuning ex-238

hibits no differences in the degree of data expo-239

sure. Therefore, these compositionality differences240

cannot be attributed to data exposure differences241

during fine-tuning.242

Past research indicates that pre-training on natu-243

ral language leads to language models exhibiting244

poorer learning capabilities for languages that share245

the same symbolic essence as natural language but246

are linguistically impossible (Kallini et al., 2024).247

We therefore conjecture that the influence of struc-248

ture and component factors on the compositional-249

ity development of language models during fine-250

tuning stems from characteristics inherent to lan-251

guage models that arise from pre-training on nat-252

ural language text. This characteristic manifests253

during fine-tuning, preventing compositionality de-254

velopment from being entirely symbolic.255

If this conjecture is accepted, the phenomenon256

can be further explained based on the theory of257

data exposure. For pre-trained language models,258

the concept of data exposure in the development of 259

model compositionality may align with the concept 260

of linguistic compositionality—that is, the exposed 261

objects influencing model compositionality are the 262

component and the structure. Under this expla- 263

nation, less common components lead to higher 264

compositionality because they are less frequently 265

exposed during pre-training. Similarly, unnatural 266

syntactic structures lead to higher compositional- 267

ity due to less exposure of the structures during 268

pre-training. For less common component combi- 269

nations, language models may prefer to interpret 270

them as special wholes, rather than understand- 271

ing them through independent components based 272

on linguistic compositionality. Consequently, less 273

common component combinations lead to lower 274

compositionality. 275

5 Conclusion 276

In this work, we explore the factors influencing 277

the compositionality development of pre-trained 278

language models during fine-tuning from two per- 279

spectives: structure and component. By construct- 280

ing instances through local shuffling and compo- 281

nent replacement, we discover that fine-tuning of 282

identical symbolic essence can lead to different 283

compositionality developments in the same pre- 284

trained language model. Two pathways emerge 285

regarding structure and component: (1) Structures 286

uncommon in natural language lead to high compo- 287

sitionality; (2) Uncommon components in natural 288

language lead to high compositionality, while un- 289

common component combinations lead to low com- 290

positionality. This indicates that the composition- 291

ality development of pre-trained language models 292

during fine-tuning is not entirely symbolic and may 293

be influenced by characteristics linked to linguis- 294

tic compositionality, inherited from pre-training on 295

natural language. Our work offers new insights 296

into compositionality studies on language models. 297
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Limitations298

Limited experimental scenarios. To accurately299

quantify model compositionality and precisely con-300

struct mappings of identical symbolic essence for301

studying factors influencing the compositionality302

development of models during fine-tuning, our ex-303

periments are conducted on a fixed, artificially304

constructed transformation task where inputs are305

template-generated. Despite enriching the linguis-306

tic components within these templates as much307

as possible, such inputs cannot comprehensively308

cover all observable phenomena in natural lan-309

guage. Furthermore, model compositionality is310

easier to quantify under artificial tasks, whereas311

real-world tasks may present more complex scenar-312

ios where compositionality is difficult to measure.313

We will explore ways to broaden our experimental314

scenarios in future work.315

The explanation for this phenomenon remains316

under discussion. Although compositionality can317

be quantified and the phenomenon can be clearly318

observed (i.e., fine-tuning with identical symbolic319

essence can lead to different compositional devel-320

opments in the same model), explanations for this321

phenomenon are still being debated. In Section 4,322

our interpretive approach to the phenomenon in-323

volves excluding the influence of data exposure324

differences inherent in fine-tuning itself, attribut-325

ing it to pre-training, and providing an explanation326

linked to linguistic compositionality. While this327

explanation is theoretically plausible, it may lack328

substantive proof. Further exploration may be re-329

quired to explain this phenomenon. Nevertheless,330

we believe the discovery of this phenomenon itself331

constitutes a nontrivial contribution.332

Related work. Due to space constraints, we have333

placed the related work section in Appendix D.334

Ethics Statement335

We comply with the license to use language models336

for scientific research purposes only. The datasets337

we use do not contain any information that names338

or uniquely identifies individual people or offensive339

content.340

We use the translation tool DeepL for our writ-341

ing, which may provide translations based on342

LLMs. Nevertheless, we meticulously review the343

translated content to avoid potential issues.344
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A Candidate Words489

Tables 1 and 2 show the candidate words for each490

component. For each component, we provide491

DeepSeek-V3.2 with a description of the compo-492

nent’s function and request it to generate 50 com-493

monly used candidate words. When generated can-494

didate words have already served as candidates for495

other components, we require the model to regen-496

erate new candidate words, thereby ensuring no497

overlap among candidate words for different com-498

ponents.499

B Implementation Details500

For training, we use a fixed learning rate of 1e-6501

and a batch size of 1024. We train for 30 epochs,502

evaluating at the end of each epoch. Each point503

on the curve represents the average result over the504

most recent 5 epochs. Three runs of experiments505

take approximately 7 to 9 hours when using 8 A800506

GPUs.507

C Replacement Vocabulary508

The replacement vocabulary is derived from the509

intersection of the vocabularies from the four evalu-510

ated pre-training models. We identify words within511

this vocabulary intersection that can function as512

independent new tokens following a blank space.513

These words are then used to construct a vocabu-514

lary for the random replacement setting, excluding515

any component candidate words used to build the516

original instances.517

For the common replacement setting, we first518

require DeepSeek-V3.2 to provide a list containing519

3,000 distinct common words. We then take the520

intersection of this list with the vocabulary used521

for the random replacement setting to obtain the522

vocabulary for the common replacement setting.523

D Related Work524

Quantification of model compositionality on525

tasks. For the model compositionality on tasks, the526

most common quantitative approach is to character-527

ize it by the degree of manifestation of the ability to528

achieve compositional generalization, also known529

as the compositional generalization test (Bahdanau530

et al., 2019). Specifically, this test constructs a531

special training-test split for specific downstream532

tasks, ensuring that the components in the test set533

are rarely or never present in the training set. The534

model’s performance on the test set is then evalu-535

ated after fine-tuning on the training set (Lake and536

Baroni, 2018; Kim and Linzen, 2020; Keysers et al., 537

2020). This test has also been further extended to 538

in-context learning scenarios (An et al., 2023; Levy 539

et al., 2023; Xu and Wang, 2025). Although the 540

compositional generalization tests are now widely 541

accepted as a measure of model compositionality, 542

it requires models to adhere to a prescribed com- 543

positional structure that may not be sufficiently 544

supported by limited fine-tuned data (Hupkes et al., 545

2020; Jabbar et al., 2025). The sufficiency of this 546

support is difficult to define, leading to ambiguity 547

in characterization (Wiedemer et al., 2023). Some 548

studies have attempted to overcome this ambigu- 549

ity through novel quantitative approaches, such as 550

Complexity-based Theory (Elmoznino et al., 2025) 551

or Topographic Similarity (Sevestre and Dupoux, 552

2025). Our work adopts the latter approach. 553

Linguistic compositionality. Humans possess 554

the ability to understand and generate linguistic 555

expressions based on linguistic compositionality 556

(Chomsky, 1965). Through independent percep- 557

tion of linguistic components, we achieve compre- 558

hension and generation of arbitrary new combina- 559

tions formed from known components. In the field 560

of natural language processing, whether language 561

models understand and generate based on linguis- 562

tic compositionality has long been a contentious 563

issue (McCurdy et al., 2024). For language mod- 564

els, directly quantifying their degree of leveraging 565

linguistic compositionality is quite challenging. Al- 566

though some work has attempted to explore com- 567

positional generalization of models under natural 568

language variation (Shaw et al., 2021; Hu et al., 569

2023), the relationship between model composi- 570

tionality on tasks and linguistic compositionality 571

remains quite unclear. Our work explicitly estab- 572

lishes a connection between these two concepts for 573

the first time. 574
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Component Candidate Words
place.ADJ quiet, noisy, clean, dirty, bright, dim, modern, traditional, spacious, cramped, com-

fortable, plain, luxurious, shabby, safe, dangerous, peaceful, bustling, tidy, messy,
warm, cool, humid, dry, ventilated, stuffy, fresh, polluted, barren, advanced, back-
ward, lifeless, deserted, private, historic, newly-built, dilapidated, cozy, ornate,
crowded, public, terrifying, dedicated, versatile, abandoned, vacant, heavily-guarded,
fireproof, oppressive, relaxing

place.N library, supermarket, school, hospital, park, restaurant, cinema, mall, bank, postof-
fice, airport, station, cafe, bar, gym, pool, museum, gallery, theater, stadium, zoo,
arcade, bookstore, market, office, apartment, house, classroom, hotel, dormitory,
garage, basement, attic, kitchen, bedroom, bathroom, church, temple, courthouse,
prison, clinic, laboratory, factory, farm, garden, playground, parking, lobby, elevator,
stairwell

action.VI stand, sit, lie, sleep, run, walk, jump, laugh, cry, crawl, fly, rest, wait, think, dream,
sing, dance, play, work, study, read, write, breathe, yawn, sneeze, cough, shiver,
tremble, smile, shout, whisper, spin, roll, wriggle, complain, pray, meditate, slip,
glide, stomp, bend, stretch, linger, hide, squat, kneel, tiptoe, blink, bow, wander

animal.N dog, cat, cow, pig, chicken, duck, goose, horse, sheep, goat, rabbit, mouse, bear,
lion, tiger, leopard, wolf, fox, elephant, giraffe, zebra, hippopotamus, rhinoceros,
crocodile, shark, whale, dolphin, eagle, pigeon, sparrow, crow, peacock, parrot,
snake, lizard, turtle, frog, butterfly, bee, ant, spider, mosquito, cockroach, cricket,
kangaroo, panda, koala, penguin, monkey, gorilla

plant.N apple, banana, grape, strawberry, watermelon, pineapple, mango, peach, lemon,
pomelo, papaya, tomato, potato, carrot, cucumber, cabbage, spinach, onion, garlic,
broccoli, eggplant, rose, sunflower, lily, orchid, jasmine, peony, chrysanthemum,
tulip, daisy, lavender, cactus, oak, maple, willow, pine, palm, birch, cherry, ginkgo,
moss, fern, grass, mint, aloe, ivy, lotus, wheat, rice, corn

person.ADJ kind, intelligent, brave, friendly, diligent, humorous, honest, confident, optimistic,
patient, lazy, selfish, rude, arrogant, timid, pessimistic, hypocritical, irritable, stupid,
jealous, tall, short, fat, thin, young, old, outgoing, introverted, serious, lively, gentle,
strong, fragile, enthusiastic, indifferent, careful, careless, cheerful, melancholy,
generous, stingy, cautious, impulsive, reliable, unreliable, creative, conservative,
open-minded, steady, easygoing

Table 1: The candidate words for the first six components.
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Component Candidate Words
job.N doctor, teacher, engineer, lawyer, nurse, police-officer, firefighter, chef, driver,

programmer, accountant, salesperson, manager, waiter, architect, artist, musician,
writer, journalist, scientist, pilot, soldier, civil-servant, barber, farmer, worker, busi-
nessperson, consultant, designer, translator, actor, director, photographer, editor,
researcher, dentist, veterinarian, pharmacist, psychologist, mechanic, electrician,
plumber, courier, librarian, professor, judge, student, athlete, tailor, welder

action.ADV happily, sadly, angrily, excitedly, patiently, hurriedly, easily, arduously, carefully,
carelessly, bravely, fearfully, confidently, hesitantly, resolutely, gently, roughly, enthu-
siastically, coldly, sincerely, hypocritically, diligently, lazily, painfully, calmly, ner-
vously, naturally, quickly, slowly, gracefully, clumsily, seriously, dazedly, stealthily,
casually, actively, passively, wearily, bewilderedly, contentedly, composedly, anx-
iously, attentively, distractedly, smugly, desperately, numbly, unhurriedly, restlessly,
blankly

action.VT kicks, throws, licks, eats, scratches, bites, carries, hugs, rubs, hits, holds, squeezes,
grabs, punches, pats, touches, pushes, pulls, lifts, moves, rotates, shakes, presses,
cuts, destroys, repairs, cleans, washes, heats, observes, examines, analyzes, describes,
finds, hides, shows, protects, uses, makes, designs, draws, measures, wraps, isolates,
hangs, monitors, scans, kisses, curses, twists

object.ADJ red, blue, green, yellow, black, white, purple, orange, brown, gray, pink, cyan,
transparent, huge, tiny, round, square, triangular, oval, rectangular, fragrant, smelly,
odorless, smooth, rough, soft, hard, sticky, new, opaque, worn-out, cheap, expen-
sive, durable, premium, inferior, practical, flashy, classic, fashionable, outdated,
user-friendly, eco-friendly, portable, custom-made, handmade, sturdy, lightweight,
minimalist, exquisite

texture.ADJ plastic, wooden, metal, glass, ceramic, leather, rubber, paper, stone, iron, steel,
aluminum, copper, gold, silver, cotton, silk, wool, bamboo, titanium, brass, bronze,
marble, granite, concrete, sponge, wax, nylon, polyester, silicone, linen, canvas,
velvet, carbon-fiber, acrylic, resin, zinc, enamel, memory-foam, rattan, cork, chrome-
plated, corduroy, beeswax, nephrite, graphite, mica, pearl, zirconia, silicon-carbide

object.N necklace, bottle, table, chair, book, pen, mobile-phone, computer, cup, bowl, spoon,
fork, knife, lamp, clock, watch, shoes, clothing, pants, hat, bag, wallet, key, glasses,
headphones, television, refrigerator, air-conditioner, fan, mirror, toothbrush, towel,
pillow, quilt, sofa, bookshelf, vase, plate, pot, pan, kettle, oven, broom, keyboard,
hammer, hanger, suitcase, umbrella, basket, scissors

Table 2: The candidate words for the last six components.
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