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Abstract001

Recent work has shown that large language002
models can improve mathematical reasoning003
performance by allocating additional tokens at004
test time. However, the relationship between005
model scale and optimal token budgets remains006
unexplored. We conduct a systematic study of007
test-time compute scaling across four model008
sizes (0.5B to 7B parameters) on the GSM8K009
mathematical reasoning benchmark, evaluating010
performance at seven token budgets from 32 to011
2048 tokens. We find three key results: (1) all012
models exhibit a performance cliff consistent013
across scales at the 128 to 256 token transition,014
with accuracy gains ranging from 8% to 51%,015
(2) larger models saturate at lower token bud-016
gets while achieving higher accuracy, the 7B017
model peaks at 512 tokens (86.8%) while the018
0.5B model continues improving through 1024019
tokens (18.7%), and (3) models can perform020
worse with excessive token budgets, with the021
1.5B model losing 2.4% accuracy when increas-022
ing from 512 to 1024 tokens. These findings023
suggest that optimal token allocation strategies024
must account for model scale, and that practi-025
tioners should avoid over-allocating compute026
budgets at inference time.027

1 Introduction028

The ability of large language models (LLMs) to029

solve complex reasoning tasks has improved dra-030

matically with scaling (Kaplan et al., 2020; Hoff-031

mann et al., 2022). Recently, researchers have032

discovered a complementary scaling dimension:033

test-time compute, where models are given addi-034

tional computational budget during inference to035

improve their outputs (Snell et al., 2024; Brown036

et al., 2024). This paradigm has shown partic-037

ular promise for mathematical reasoning, where038

chain-of-thought prompting (Wei et al., 2022) al-039

lows models to “think longer” by generating more040

intermediate reasoning tokens.041

Recent work on token-budget-aware reason-042

ing (Han et al., 2025) demonstrated that LLMs can043

effectively compress their reasoning when given 044

explicit token budgets, achieving substantial cost 045

savings with minimal accuracy loss. However, this 046

work primarily focused on token efficiency within 047

individual models, leaving a critical question unex- 048

plored: how do optimal token budgets vary across 049

model scales? 050

Understanding this relationship is crucial for 051

practical deployment. If smaller models require 052

proportionally more tokens to achieve compara- 053

ble performance, practitioners face a fundamental 054

tradeoff: should they deploy larger models with 055

conservative token budgets, or smaller models with 056

generous budgets? Moreover, if token budgets 057

exhibit diminishing returns or saturation effects, 058

over-allocating compute could waste resources, or 059

potentially harm performance. 060

We address these questions through a system- 061

atic study of test-time compute scaling across four 062

Qwen model sizes (0.5B, 1.5B, 3B, and 7B pa- 063

rameters) on the GSM8K mathematical reasoning 064

benchmark (Cobbe et al., 2021). We evaluate each 065

model at seven token budgets ranging from 32 to 066

2048 tokens, generating 36,932 total model outputs. 067

Our analysis reveals three key findings: 068

• Performance cliff: All models show their 069

largest accuracy gains at the 128→256 token 070

transition, suggesting a fundamental thresh- 071

old for mathematical reasoning regardless of 072

model scale. 073

• Inverse scaling of saturation points: Larger 074

models saturate at lower token budgets while 075

achieving higher peak accuracy. The 7B 076

model reaches 86.8% at 512 tokens, while 077

the 0.5B model achieves only 18.7% even at 078

1024 tokens. 079

• Performance degradation from over- 080

allocation: Beyond saturation points, 081

additional tokens can reduce accuracy. The 082

1.5B model loses 2.4% when increasing 083
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from 512 to 1024 tokens, suggesting that084

excessive compute budgets introduce errors085

or hallucinations.086

These findings have immediate practical impli-087

cations for LLM deployment: optimal token alloca-088

tion must be tailored to model scale, and conserva-089

tive budgets often outperform generous ones. Our090

work extends recent research on test-time compute091

efficiency (Han et al., 2025; Snell et al., 2024) by092

characterizing saturation phenomena across model093

scales and demonstrating when more compute ac-094

tively hurts performance.095

2 Related Work096

Scaling Laws for Language Models The per-097

formance of language models has been shown to098

follow predictable scaling laws with respect to099

model size, dataset size, and training compute (Ka-100

plan et al., 2020; Hoffmann et al., 2022). Recent101

work has extended this framework to test-time com-102

pute, demonstrating that models can improve their103

outputs by using additional inference-time com-104

putation (Snell et al., 2024). Snell et al. (2024)105

showed that smaller models with optimized test-106

time compute can outperform larger models in107

FLOPs-matched evaluations, suggesting that the108

traditional focus on pre-training scale may over-109

look important efficiency opportunities.110

Chain-of-Thought Reasoning Chain-of-thought111

(CoT) prompting (Wei et al., 2022) enables lan-112

guage models to solve complex reasoning tasks113

by generating intermediate steps. Subsequent114

work has explored various refinements, includ-115

ing self-consistency (Wang et al., 2023), least-to-116

most prompting (Zhou et al., 2022), and tree-of-117

thoughts (Yao et al., 2023). These methods implic-118

itly allocate variable amounts of test-time compute119

but typically do not explicitly control or optimize120

token budgets.121

Token-Budget-Aware Reasoning Most directly122

related to our work, Han et al. (2025) introduced123

TALE, a framework for token-budget-aware LLM124

reasoning. They demonstrated that models can125

effectively compress their reasoning when given126

explicit token budgets, achieving 68.6% token re-127

duction with minimal accuracy loss. Wang et al.128

(2024) studied budget-aware evaluation of reason-129

ing strategies, finding that simple baselines like130

self-consistency often outperform more complex131

methods when compute budgets are controlled.132

However, neither work systematically studied how133

optimal budgets vary across model scales.134

Recent work on “thinking-optimal scal- 135

ing” (Yang et al., 2025) found that excessive 136

reasoning length can impair performance, partic- 137

ularly on easier tasks. Our findings complement 138

this work by characterizing saturation phenomena 139

across multiple model sizes and demonstrating 140

that the relationship between model scale and 141

optimal token budget is non-trivial. While Yang 142

et al. (2025) focused on training data curation, we 143

examine saturation effects in pre-trained models 144

during inference. 145

Mathematical Reasoning Benchmarks 146

GSM8K (Cobbe et al., 2021) is a widely- 147

used benchmark of grade-school math word 148

problems designed to test multi-step reasoning. 149

It has become a standard evaluation for studying 150

chain-of-thought capabilities and test-time com- 151

pute scaling (Wei et al., 2022; Han et al., 2025; 152

Snell et al., 2024). Our choice to focus on GSM8K 153

enables direct comparison with prior work while 154

studying a task where reasoning token allocation 155

has clear interpretability. 156

3 Experimental Setup 157

3.1 Models and Configuration 158

We evaluate four models from the Qwen2.5- 159

Instruct family (Team, 2024), spanning a 14× range 160

in parameter count: Qwen2.5-0.5B, Qwen2.5- 161

1.5B, Qwen2.5-3B, and Qwen2.5-7B. All mod- 162

els are quantized to 4-bit precision using bitsand- 163

bytes (Dettmers et al., 2022) to enable efficient in- 164

ference on consumer hardware. We use the models’ 165

default instruction-following format with chain-of- 166

thought prompting. 167

3.2 Token Budget Configuration 168

We evaluate seven token budgets (32, 64, 128, 256, 169

512, 1024, 2048) that limit the maximum length 170

of each model’s generated reasoning chain. All 171

generations use greedy decoding (temperature=0) 172

for deterministic outputs with the prompt: “Let’s 173

solve this step by step.” 174

3.3 Dataset and Evaluation 175

We use the validation split of the GSM8K 176

dataset (Cobbe et al., 2021), which contains 1,319 177

grade-school math word problems. Each problem 178

requires multi-step arithmetic reasoning and has a 179

numeric answer. 180

For evaluation, we extract the final numeric an- 181

swer from each model’s generated output using 182

regular expressions to identify the last number in 183

the response. We compute accuracy as exact match 184
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between the extracted answer and the ground truth.185

This yields 36,932 total model outputs (4 models ×186

7 budgets × 1,319 problems).187

3.4 Metrics188

We analyze the following metrics:189

Accuracy vs Budget: For each model and token190

budget, we compute the percentage of problems191

solved correctly.192

Saturation Point: The minimum token budget193

at which a model reaches within 1% of its maxi-194

mum accuracy across all budgets.195

Performance Cliff: The budget transition with196

the largest absolute accuracy gain for each model.197

Parameter Efficiency: Accuracy divided by198

model size (in billions of parameters), measured at199

specific token budgets to compare efficiency across200

model scales.201

4 Results202

We present our findings in three parts: overall accu-203

racy trends across model scales and token budgets,204

saturation phenomena, and efficiency analysis.205

4.1 Performance Cliff at 256 Tokens206

Figure 1 shows accuracy as a function of token bud-207

get for all four models. Interestingly, all models208

exhibit their largest performance gain at the same209

transition: from 128 to 256 tokens. The magni-210

tude of this jump varies by model size, Qwen-0.5B211

gains +8.0%, Qwen-1.5B gains +23.3%, Qwen-3B212

gains +44.4%, and Qwen-7B gains +50.9%, but the213

location of the cliff is consistent.214

Below 128 tokens, all models perform near215

chance level (<10% accuracy), suggesting this rep-216

resents a minimum viable budget for multi-step217

mathematical reasoning. The universal nature of218

this threshold across model scales suggests that219

it reflects a fundamental requirement of the task220

rather than a model-specific characteristic.221

4.2 Saturation Points Scale Inversely with222

Model Size223

Although all models show the performance cliff at224

256 tokens, their saturation behavior differs dramat-225

ically. Table 1 summarizes the saturation analysis.226

The 7B model reaches its peak accuracy of 86.8%227

at just 512 tokens and shows no improvement with228

additional budget. In contrast, the 0.5B model con-229

tinues to improve through 1024 tokens but achieves230

only 18.7% accuracy at its peak.231

Critically, larger models not only achieve higher232

maximum accuracy but also saturate at lower to-233

ken budgets. The 7B model peaks at 512 tokens,234

Model Max Acc. Sat. Budget Acc. @ 2048

Qwen-0.5B 18.7% 1024 18.1%
Qwen-1.5B 49.6% 512 48.1%
Qwen-3B 79.2% 1024 78.9%
Qwen-7B 86.8% 512 86.1%

Table 1: Saturation analysis across model scales. Larger
models achieve higher peak accuracy at lower token
budgets. Accuracy at 2048 tokens shows degradation or
stagnation for all models.

Figure 1: Accuracy vs token budget across model scales.
All models exhibit a performance cliff at the 128→256
token transition, but larger models achieve higher peak
accuracy and saturate at lower budgets.

while the 1.5B model peaks at 512 tokens, and the 235

0.5B model requires 1024 tokens. The 3B model 236

shows an intermediate pattern, continuing to im- 237

prove slightly through 1024 tokens (79.2%). 238

4.3 Performance Degradation from 239

Over-Allocation 240

Perhaps most surprisingly, three of the four models 241

show performance degradation when budgets are 242

given beyond their saturation point (Table 1). The 243

1.5B model exhibits the largest drop, losing 2.4% 244

accuracy when increasing from 512 to 1024 tokens 245

(49.6% → 47.2%). The 0.5B model loses 0.6% 246

from 1024 to 2048 tokens, and the 3B model loses 247

0.3%. The 7B model shows minimal degradation, 248

dropping only 0.7% from 512 to 1024 tokens before 249

stabilizing, compared to the larger drops seen in 250

smaller models. 251

This degradation suggests that excessive token 252

budgets allow models to introduce errors through 253

hallucination, incorrect reasoning steps, or prema- 254

ture conclusions that are later contradicted. The 255

effect is most pronounced in smaller models, which 256

may lack the capacity to maintain consistency over 257

longer reasoning chains. 258

4.4 Parameter Efficiency Analysis 259

Figure 2 shows accuracy per billion parameters at 260

different token budgets. At 256 tokens, just past the 261
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performance cliff, smaller models are surprisingly262

efficient: the 0.5B model achieves 0.32 accuracy263

per billion parameters, compared to 0.09 for the264

7B model. However, this efficiency is misleading:265

the 0.5B model’s absolute accuracy of 16.0% is far266

below practical utility.267

Figure 2: Accuracy per billion parameters at different
token budgets. Smaller models show higher parameter
efficiency but reach lower absolute accuracy.

At 512 tokens, the efficiency gap narrows (0.35268

vs 0.12 accuracy/billion parameters) as larger mod-269

els approach saturation while smaller models con-270

tinue scaling. This suggests a fundamental trade-271

off: smaller models extract more performance per272

parameter at any given budget, but larger models273

reach higher absolute performance with less total274

compute (fewer tokens needed).275

4.5 Implications for Deployment276

Our findings reveal a clear deployment strategy:277

match token budgets to model scale. For the 7B278

model, allocating more than 512 tokens wastes279

compute without improving (or potentially harm-280

ing) accuracy. For the 1.5B model, budgets beyond281

512 tokens actively degrade performance. Prac-282

titioners should empirically determine saturation283

points for their specific models rather than assum-284

ing more compute is always beneficial.285

The performance cliff at 256 tokens also pro-286

vides a useful heuristic: any model requires at least287

128-256 tokens for mathematical reasoning tasks.288

Budgets below this threshold are unlikely to suc-289

ceed regardless of model scale.290

5 Discussion and Conclusion291

5.1 Key Findings and Implications292

Our systematic study of test-time compute scaling293

across model sizes reveals three critical insights.294

First, the performance cliff at 256 tokens suggests295

that mathematical reasoning has an inherent mini-296

mum compute requirement that transcends model297

scale. This threshold likely reflects the number of298

tokens needed to decompose multi-step problems 299

into intermediate reasoning steps. 300

Second, the inverse relationship between model 301

size and saturation budgets challenges naive as- 302

sumptions about compute allocation. Larger mod- 303

els achieve superior performance with fewer to- 304

kens, not more. This suggests that model capacity 305

and test-time compute are not independent scaling 306

dimensions, larger models can reason more effi- 307

ciently within tighter computational constraints. 308

Third, the performance degradation beyond satu- 309

ration points demonstrates a critical failure mode 310

that practitioners must avoid. Over-allocating to- 311

kens can actively harm model performance, partic- 312

ularly for smaller models that may lack the capac- 313

ity to maintain consistency over extended reason- 314

ing chains. This finding aligns with recent work 315

on thinking-optimal scaling (Yang et al., 2025), 316

which observed similar degradation effects in train- 317

ing data. 318

5.2 Comparison to Prior Work 319

Our results extend the TALE framework (Han et al., 320

2025) in several ways. While TALE demonstrated 321

that models can compress reasoning with explicit 322

budgets, we show that optimal compression varies 323

systematically with model scale. TALE reported 324

68.6% token reduction with <5% accuracy loss; our 325

findings suggest the achievable reduction depends 326

critically on model size, the 7B model needs far 327

fewer tokens than the 0.5B model to reach compa- 328

rable (relative) performance. 329

Our work also complements budget-aware evalu- 330

ation studies (Wang et al., 2024), which compared 331

reasoning strategies within fixed compute budgets. 332

We demonstrate that the optimal budget itself must 333

be determined as a function of model scale, adding 334

a new dimension to budget-aware analysis. 335

5.3 Conclusion 336

Test-time compute scaling is not uniform across 337

model sizes. Our findings demonstrate that opti- 338

mal token budgets must be tailored to model scale: 339

larger models saturate faster and can degrade with 340

excessive budgets, while smaller models require 341

more tokens but still achieve lower peak perfor- 342

mance. The performance cliff at 256 tokens pro- 343

vides a useful lower bound for mathematical rea- 344

soning tasks, while our saturation analysis offers 345

practical guidance for deployment. Future work 346

on test-time compute should account for model 347

scale as a critical variable in determining optimal 348

compute allocation strategies. 349
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Limitations350

Our study focuses on a single model family (Qwen)351

and task domain (mathematical reasoning). While352

GSM8K is a standard benchmark, saturation be-353

haviors may differ for other reasoning tasks or354

model architectures. Future work should inves-355

tigate whether similar patterns hold for code gen-356

eration, logical reasoning, or open-ended question357

answering.358

Moreover, we do not explore adaptive budget359

allocation within a single inference pass. While we360

identify optimal static budgets for each model, dy-361

namic approaches that adjust budgets per-problem362

could further improve efficiency. Recent work on363

early stopping criteria (Snell et al., 2024) could be364

combined with our saturation analysis to develop365

such adaptive strategies.366

Finally, our analysis is limited to greedy decod-367

ing (temperature=0). Stochastic sampling methods368

like self-consistency (Wang et al., 2023) may ex-369

hibit different saturation behaviors, as they aggre-370

gate multiple reasoning paths rather than generat-371

ing a single chain of thought.372
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