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Abstract001

Reasoning models achieve remarkable perfor-002
mance through Chain-of-Thought (CoT), yet003
the verbose reasoning process introduces sig-004
nificant inference latency and computational005
overhead. CoT compression aims to acceler-006
ate inference; however, naive compression ap-007
proaches inevitably disrupt the coherence of008
reasoning logic, leading to severe performance009
collapse. To address this trade-off, we lever-010
age the Context-Generation Substitution Law:011
shifting the computational burden from expen-012
sive serial generation to efficient parallel con-013
text processing. Guided by this insight, we014
propose Memory-Augmented Compression, a015
generalizable paradigm that utilizes an explicit016
memory of abstracted reasoning patterns as a017
cognitive scaffold. By injecting high-density018
reasoning patterns into the context, we incur019
only a marginal prefill cost to bypass redun-020
dant reasoning steps, achieving massive output021
compression. Extensive experiments demon-022
strate the superiority of this paradigm. Remark-023
ably, as a training-free, plug-and-play solution,024
our method outperforms a fine-tuned baseline025
by over 22 percentage points on GSM8K. On026
the challenging MATH-500 benchmark, we027
achieve robust performance, surpassing the028
uncompressed Standard CoT by nearly 10%.029
Comprehensive evaluations validate that our ap-030
proach effectively establishes a new efficiency031
frontier for reasoning models.032

1 Introduction033

While Large Language Models (LLMs) like GPT-4034

excel in generation, their standard inference relies035

on rapid "System 1" pattern matching, which of-036

ten falters in complex reasoning due to the lack of037

explicit intermediate steps (Vaswani et al., 2017;038

Brown et al., 2020; Booch et al., 2021; Bubeck039

et al., 2023; Wei et al., 2022). To address this, the040

field has shifted towards inference-time compute041

paradigms. By leveraging Chain-of-Thought (CoT)042

to simulate analytical "System 2" thinking (Yao043

Figure 1: Visual comparison between Standard CoT,
Compression CoT, and our Memory-Augmented ap-
proach. Our work achieve compact reasoning steps by
augmenting input memory and mitigate the accuracy
drop due to the disruption of reasoning logic.

et al., 2023; Wang et al., 2022), a new genera- 044

tion of reasoning models—exemplified by OpenAI 045

o1 (Jaech et al., 2024) and DeepSeek-R1 (Guo 046

et al., 2025)—has emerged, marking a transition to 047

deliberative cognitive planning. 048

Nevertheless, this explicit “long-thinking” 049

paradigm imposes severe challenges on practical 050

deployment. The inherently serial nature of autore- 051

gressive decoding means CoT generates reasoning 052

chains spanning thousands of tokens—resulting 053

in an order-of-magnitude increase in latency and 054

memory consumption compared to standard direct 055

responses (Kwon et al., 2023; Pope et al., 2023). To 056

mitigate this, recent studies have explored two pri- 057

mary optimization avenues: dynamic pruning (e.g., 058

TokenSkip (Xia et al., 2025), LightThinker (Zhang 059

et al., 2025)), and reasoning compression (e.g., 060

CoD (Xu et al., 2025), SoT (Aytes et al., 2025)). 061

While these methods offer efficiency gains, they 062

generally grapple with a severe accuracy-efficiency 063

trade-off: aggressive pruning or compression often 064

disrupts the integrity of logical chains. Critically, 065

these approaches remain confined to optimizing the 066

serial decoding process, failing to fundamentally 067

overcome the latency accumulation of autoregres- 068

sive generation. We argue for a paradigm shift: 069

instead of incrementally improving the bottleneck, 070
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we seek to bypass it entirely by reallocating the071

computational burden to the massively parallel Pre-072

fill Phase.073

How can we leverage the parallelism of context074

scaling to substitute the serial overhead of lengthy075

generation?076

To validate this, we conducted a preliminary077

study quantifying the interplay between the in-078

put context and the model’s generated CoT. Our079

empirical observations reveal a distinct Context-080

Generation Substitution Law: Increasing the den-081

sity of reasoning patterns within a prompt, achieved082

by embedding explicit logical cues, permits a cor-083

responding reduction in generation length without084

compromising the integrity of the reasoning chain.085

Crucially, this strategy leverages the asymmetric086

computational characteristics of Transformer in-087

ference, where parallel context processing during088

the prefill phase is significantly cheaper than serial089

token generation during the decoding phase. We090

theoretically identify an efficiency frontier, demon-091

strating that a net reduction in latency is achievable092

as long as the computational savings from reduced093

generation outweigh the marginal overhead of con-094

text expansion. Crucially, unlike pruning-based095

methods that suffer severe performance degrada-096

tion under aggressive compression, our approach097

utilizes high-quality explicit memory which acts098

as a “cognitive scaffold,” effectively stabilizing the099

model’s reasoning capabilities even when the gen-100

eration steps are heavily condensed.101

Guided by this, we propose Memory-Augmented102

Compression, a generalizable inference paradigm103

comprising two core phases: Structured Mem-104

ory Injection, which retrieves problem-specific105

templates and populates the prompt with concise106

premises; and Compression Execution, which di-107

rects the model to generate condensed reason-108

ing chains. Designed to be implementation-109

agnostic, the execution phase is compatible with110

diverse methodologies, encompassing both prompt-111

ing strategies and token pruning techniques.112

Our contributions are:113

• First, we formalize the inference bottleneck with114

a latency model, establishing the theoretical foun-115

dation for substituting generation with context.116

• Second, we propose the Memory-Augmented117

Compression framework, using high-density rea-118

soning patterns as a cognitive scaffold to preserve119

logical coherence under extreme compression.120

• Finally, we establish a context-generation substi-121

tution scaling law: replacing 76% of generation122

steps on GSM8K for only ˜1350 context tokens 123

boosts accuracy by 22% over a fine-tuned base- 124

line. 125

2 Preliminaries 126

2.1 Standard Chain-of-Thought Inference 127

We formalize the standard reasoning process of 128

an LLM Mθ. Let x = (I, x) denote the concate- 129

nation of the system instruction and user query. 130

Instead of mapping directly to the answer y, the 131

model generates an intermediate CoT sequence 132

z (Wei et al., 2022). The joint probability decom- 133

poses as: 134

Pθ(y, z | x) = Pθ(z | x) · Pθ(y | x, z). (1) 135

The first term Pθ(z | x) corresponds to the rea- 136

soning phase, where explicit steps are derived. The 137

second term Pθ(y | x, z) represents the answer- 138

ing phase. While z is essential for accuracy, its 139

generation comes at a high computational cost. 140

2.2 The Inference Latency Bottleneck 141

The computational cost of autoregressive genera- 142

tion is proportional to the sequence length. Let 143

Lgen = |z| denote the length of the reasoning 144

chain. In modern reasoning models (e.g., Ope- 145

nAI o1, DeepSeek-R1), Lgen can extend to thou- 146

sands of tokens, creating a severe latency bottle- 147

neck where Lgen ≫ |y|. 148

While techniques like Speculative Decod- 149

ing (Leviathan et al., 2023) can accelerate gener- 150

ation, they do not reduce the fundamental FLOPs 151

required for long z. Thus, compressing z is critical. 152

2.3 Context-Generation Substitution Law 153

To address the bottleneck, we introduce an external 154

context variable C (i.e., explicit memory). Our core 155

hypothesis is that relevant priors in C can substitute 156

for verbose reasoning steps. 157

Substitution Mechanism. We propose a paradigm 158

shift where the computational burden moves from 159

serial generation to parallel context processing. 160

Mathematically, we approximate the standard rea- 161

soning probability as: 162

Pθ(y | x, C) ≈ Pθ(y | x, z). (2) 163

Specifically, we define a retrieval function ϕ that 164

maps the input x and raw context C into a structured 165

Reasoning Memory M : 166

M = ϕ(x, C). (3) 167
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Figure 2: Overview of the proposed Memory-Augmented Inference framework. The system retrieves relevant
reasoning patterns and injects them into the input as explicit memory, trading a small parallel prefill overhead for a
significant reduction in serial generation steps.

By conditioning on M , the model generates a com-168

pressed reasoning chain z′, where |z′| ≪ |z|.169

Optimization Objective. The goal is to maximize170

inference speedup without sacrificing accuracy. We171

formulate this as the problem of minimizing a com-172

pound loss function:173

min
M,z′

J = |z′|+ γ · |M |+ λ · Lperf, (4)174

where |z′| and |M | represent the generation length175

and context expansion length, respectively. The176

coefficient γ = τpre/τgen denotes the Hardware177

Trade-off Ratio. Crucially, since parallel prefill-178

ing is significantly cheaper than serial decoding179

(τpre ≪ τgen), we have γ ≪ 1, which mathemati-180

cally justifies expanding context |M | to reduce gen-181

eration |z′|. Finally, Lperf quantifies performance182

degradation (e.g., KL divergence), weighted by λ.183

This formulation defines the Context-Generation184

Substitution Law, optimizing the balance between185

hardware efficiency and logical accuracy.186

3 Memory-Augmented Compression187

3.1 Cognitive Memory View of LLM188

Reasoning189

We conceptualize LLM reasoning through a cogni-190

tive memory view, and distinguish three memory191

states where information flow dictates inference192

efficiency.193

Implicit Memory (MI ): Pre-trained weights (θ)194

embodying latent knowledge. Accessing this static195

repository entails deep computational traversal,196

analogous to recalling long-term memories.197

Explicit Memory (ME): The input context (Lctx)198

serving as manifest memory. Whether populated199

via few-shot examples or retrieval, this information200

is directly accessible via parallel attention during 201

the low-cost Prefill phase (tp). 202

Working Memory (MW ): The generated CoT 203

sequence (Lgen) and KV cache constitute dynamic 204

working memory. Its sequential construction (tg) 205

represents the primary computational bottleneck. 206

The “Awakening” Cost. Traditional CoT builds 207

Working Memory by computationally “awakening” 208

Implicit Memory: 209

MI
Generation−−−−−−−−→

High Cost (tg)
MW (5) 210

This forces the model to re-derive known premises 211

at a high computational price. Our objective is to 212

circumvent this by shifting the information source 213

to the cheaper Explicit Memory. 214

3.2 Empirical Observations and Analysis 215

To validate the feasibility of substituting generation 216

with context, we conducted a preliminary study an- 217

alyzing the interplay between Working Memory 218

(MW ) reduction and Explicit Memory (ME) ex- 219

pansion. 220

Observation 1: Cost of Compression. Experi- 221

ments reveal that aggressively compressing CoT 222

(reducing Lgen) in isolation leads to severe degra- 223

dation (Figure 3a), confirming that MW acts as 224

essential cognitive scaffolding. 225

Observation 2: Memory Compensation. Cru- 226

cially, this loss is reversible. Injecting prior rea- 227

soning examples into the prompt (expanding ME) 228

fully restores accuracy (Figure 3b). This demon- 229

strates a memory compensation effect: the deficit 230

from reduced MW is offset by augmented ME . 231

Theoretical Analysis: Computational Trade-off 232

We model inference latency (T ) based on hardware 233
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Figure 3: Explicit memory prevents the reasoning col-
lapse caused by aggressive model compression.

asymmetry (tg ≫ tp):234

T ≈ |X| · tp + |z| · tg (6)235

We operationalize the Context-Generation Substi-236

tution Law by injecting relevant reasoning memory237

into ME , incurring a marginal prefill overhead238

∆in. This injected serves acts as a scaffold, induc-239

ing the model to bypass redundant steps, reducing240

generation by ∆out. The condition for net latency241

reduction (∆T < 0) is:242

∆out · tg︸ ︷︷ ︸
Generation Gain

> ∆in · tp︸ ︷︷ ︸
Prefill Cost

(7)243

Rearranging yields the Efficiency Frontier Condi-244

tion:245
∆out

∆in
>

tp
tg

≈ ϵ (8)246

Here, ϵ (typically < 0.02) is the hardware cost247

ratio. This implies a favorable trade-off: effec-248

tive compression (∆out) need only be a fraction249

of added context (∆in). Empirically, we achieve250

∆out ≫ ∆in, well above this bound.251

3.3 The RIC Framework252

Guided by the efficiency analysis above, we pro-253

pose the Retrieval-Injection-Compression (RIC)254

framework. The core philosophy is to substitute255

the high-latency “Awakening" process (generation)256

with low-latency “Context" processing.257

Algorithm 1 outlines the overall workflow. Un-258

like traditional pipelines that treat retrieval and259

Algorithm 1: RIC
Input :Query x, Memory Bank B, Model Φ, Policy π
Output :Answer y, Compressed Chain zshort

1 Phase 1: Memory Retrieval (R)
M ← Retrieve(x,B, k);

2 Phase 2: Context Injection (I)
Isys ← FormatPrompt(M);

3 ME ← [Isys;x];
4 Phase 3: Compression Execution (C)

zshort, y ← Φ(ME ,mode = π);

5 return y, zshort

generation as separate stages, RIC tightly couples 260

them: the retrieved memory serves as a necessary 261

constraint that forces the generation to be com- 262

pressed. 263

3.4 Implementation 264

Our framework comprises three key phases, de- 265

signed to significantly enhance model inference 266

efficiency without compromising accuracy through 267

a “retrieve-inject-compress” paradigm. 268

Phase I: Memory Retrieval (R) To precisely 269

retrieve a “cognitive scaffold” that shares a logi- 270

cal structure with the query, we construct a mem- 271

ory bank B and employ a dual-filter strategy: first, 272

Label-Based Matching quickly pinpoints the prob- 273

lem domain, followed by Semantic Similarity to 274

select the most relevant solution templates M . 275

Phase II: Context Injection (I) We leverage 276

the fact that the Transformer architecture’s parallel 277

prefill is significantly faster than token-by-token 278

generation (tp ≪ tg). The retrieved templates M 279

are formatted into a Scaffold(M) that explicitly 280

demonstrates how to skip steps, which is then effi- 281

ciently injected into the model’s explicit memory 282

ME . The computational overhead introduced by 283

this process, ∆in, is negligible. 284

Phase III: Compression Execution (C) Guided 285

by the scaffold, the model executes compression 286

via two paradigms: 287

• Instruction-Based (Training-Free): Enforces 288

concise output through system prompts. 289

• Training-Based: Employs methods like Token- 290

Skip, where the model internalizes compression 291

logic through fine-tuning. 292

In the second paradigm, the explicit memory ME 293

acts as a crucial “stabilizer,” allowing the model to 294

be compressed at a much higher pruning rate (γ) 295

while effectively avoiding the semantic collapse 296
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common in standard pruning methods.297

4 Experiments298

4.1 Experimental Setup299

Datasets and Models We conduct experiments300

on two mathematical reasoning benchmarks:301

GSM8K (Cobbe et al., 2021) and MATH-500302

(Hendrycks et al., 2021). As reasoning backbones,303

we employ Qwen2.5-7B-Instruct and LLaMA-3.1-304

8B-Instruct, selected for their strong instruction-305

following capabilities.306

Baselines We compare our method against three307

distinct categories: (1) Standard CoT, the uncom-308

pressed upper bound; (2) TokenSkip, a training-309

based compression method evaluated at ratios of310

0.2–0.4; and (3) Chain of Draft (CoD), a prompt-311

based baseline limiting steps to 5 words. We also312

include ablation variants of our method: Query-313

Matching (semantic retrieval) and TagsMatching314

(label-based retrieval).315

Implementation and Metrics For memory re-316

trieval, we utilize Qwen-Text-Embedding-v2 with317

ChromaDB. All inference runs use greedy decod-318

ing (temperature=0) with a maximum generation319

length of 512 tokens. Performance is evaluated320

via Accuracy, Average CoT Length, Compression321

Ratio (1− |zours|/|zbase|), and Latency (measured322

on a single NVIDIA RTX 4090 GPU).323

4.2 Main Results324

The Context-Generation Trade-off Our results325

reveal the quantitative trade-offs of the Context-326

Generation Substitution Law. We consistently find327

that a small, fixed context overhead (e.g., ~1350328

tokens for our 10-shot memory) enables a large,329

relative reduction in generation length, typically330

reducing required generation steps by 75% (a 4x331

factor). Crucially, this substitution is not a trade-off332

against accuracy; instead, it serves as a foundation333

for performance gains, as detailed below.334

Performance This principle translates into supe-335

rior performance in a fair comparison at the same336

compression level (~76%). Under this aggressive337

setting, the performance of the pruning-based To-338

kenSkip (γ = 0.2) degrades sharply, dropping to339

61.2% accuracy on GSM8K and 25.2% on MATH-340

500. In sharp contrast, our TagsMatching maintains341

high accuracy at 83.2% on GSM8K (a 22-point342

margin) and demonstrates exceptional robustness343

on MATH-500 (58.0%). This empirically validates344

Figure 4: Ablation study on retrieval strategies. The
figure compares accuracy (blue bars) against inference
cost (red line) for different methods.
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that while pruning tokens can irreparably damage 345

the reasoning chain, our Explicit Memory acts as a 346

vital cognitive scaffold. 347

Latency-Accuracy Profile The ~75% generation 348

reduction translates to substantial KV-cache sav- 349

ings. Regarding latency, while our approach re- 350

quires a longer prefill phase (1.57s) compared to 351

TokenSkip-0.2 (0.48s), this upfront temporal invest- 352

ment yields a disproportionate return in accuracy. 353

The result is a highly favorable point in the speed- 354

accuracy space: a 22% absolute accuracy gain for 355

an additional second of latency, establishing our 356

framework as a leading solution for high-precision 357

compressed reasoning. 358

4.3 Ablation Study 359

To dissect the contribution of each component in 360

our Memory-Augmented paradigm, we conduct 361

component-wise ablation studies. 362

Impact of Retrieval Strategy (Relevance) We 363

evaluate memory selection strategies on GSM8K 364

using Qwen2.5-7B with a fixed size of k = 5 365

(Figure 4). The CoD baseline’s sharp decline to 366

64.29% confirms the necessity of memory augmen- 367
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Method GSM8K MATH-500

Acc Len Lat(s) Ratio Acc Len Lat(s) Ratio

Standard CoT 90.97 282.5 1.49 0.0% 48.40 438.9 2.66 0.0%

TokenSkip (γ = 0.4/0.6) 78.92 122.2 0.54 56.7% 37.40 272.3 2.44 37.8%
TokenSkip (γ = 0.3/0.5) 69.21 94.0 0.42 66.7% 31.00 224.8 1.98 48.6%
TokenSkip (γ = 0.2/0.4) 56.33 84.0 0.48 70.2% 25.20 183.9 1.56 42.0%
CoD (Zero-shot) 64.89 65.8 0.28 76.7% 29.80 57.7 1.06 58.0%

QueryMatching 77.90 66.4 1.32 76.5% 53.80 210.8 2.56 51.9%
TagsMatching (Ours) 83.20 68.7 1.57 75.7% 58.00 224.6 3.56 48.8%

Table 1: Main Results comparison. We observe significant accuracy gains using our method. Green numbers denote
absolute percentage point improvements over QueryMatching.

tation. Counter-intuitively, standard QueryMatch-368

ing (75.20%) underperforms Random Sampling369

(77.33%), suggesting that surface-level semantic370

similarity introduces distractors that mislead rea-371

soning. In contrast, our TagsMatching filters this372

noise, achieving the highest accuracy of 79.68%.373

Notably, while scaling to k = 10 yields our peak374

performance of 83.16% (main results), the superi-375

ority of structural alignment remains evident even376

at this smaller retrieval size.377

Method Accuracy (%) Avg. Length

Original Verbose CoT 90.97 282.45

Standard Compressed CoT† 61.18 68.08
Memory-Augmented CoT (Ours) 83.16 68.70

†Implemented using TokenSkip (γ = 0.2) without memory module.

Table 2: Ablation on Memory Format. Evaluating the
impact of memory at similar compression levels.

Impact of Memory Representation (Format)378

We analyze the necessity of our compressed mem-379

ory format by comparing it against the memory-380

free baseline. As shown in Table 2, simply381

enforcing brevity (Standard Compressed CoT)382

leads to a reasoning collapse, dropping accuracy383

from 90.97% to 61.18%. Crucially, our Memory-384

Augmented approach rescues this performance to385

83.16% (+21.98%) while maintaining a nearly iden-386

tical token budget (68.7 vs. 68.08 tokens). This387

result validates that our compressed memory serves388

as a critical dual signal: it provides the necessary389

logical guidance (content) while simultaneously390

demonstrating the desired concise format (style),391

thereby maximizing computational leverage with-392

out sacrificing reasoning capability.393

Impact of Execution Strategy (Universality)394

To verify the universality of our paradigm, we395

evaluate it across two distinct execution modali-396

Figure 6: The figure shows the impact of memory size
(k). Accuracy (solid line) peaks at k = 10, achiev-
ing a balance between context and noise. Meanwhile,
the stable generation length (dashed line) confirms the
method’s robustness in efficiency regardless of context
size.

ties using Qwen2.5-7B (Figure 5). First, in the 397

Training-Free setting, our method rescues the col- 398

lapsed CoD baseline, delivering a substantial gain 399

of +18.9% (64.29% → 83.16%). Second, in the 400

Fine-Tuned setting (using TokenSkip with a strict 401

compression ratio γ = 0.4), injecting our memory 402

module yields a further improvement of +3.26% 403

(78.92% → 82.18%). This demonstrates that our 404

approach is implementation-agnostic and serves 405

as a versatile optimization orthogonal to specific 406

compression mechanisms. 407

4.4 Analysis 408

To provide a comprehensive understanding of the 409

properties and boundaries of our framework, we 410

performed a series of analytical experiments. 411

Sensitivity to Memory Size (k) We analyze the 412

retrieval size k ∈ [1, 20] in Figure 6. Accuracy 413

exhibits an inverted U-shaped trend, peaking at 414

k = 10 (83.16%), which represents the optimal 415

trade-off between context sufficiency and noise in- 416

terference. Crucially, the generation length (dashed 417
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line) remains stable regardless of k. This indicates418

that while explicit memory aids reasoning, it does419

not inflate the generation cost. Furthermore, this420

retrieval mechanism is orthogonal to token-level421

compression. We posit that integrating techniques422

like TokenDrop or KV Cache optimization on the423

retrieved context could further reduce the mem-424

ory footprint, offering a pathway to extremely ef-425

ficient inference without compromising the struc-426

tural guidance provided by the memory.427

Scalability to Reasoning Models We extend our428

evaluation to the massive Qwen3-235B-Thinking429

model (Table 3). While the baseline achieves high430

accuracy (92%), its latency is prohibitive. Our431

method delivers a 2.2× speedup, slashing latency432

by 55% (262.2s → 117.8s) with a moderate accu-433

racy trade-off (92% → 81%). This demonstrates434

our paradigm’s potential to enable the practical435

deployment of 200B+ scale models in latency-436

sensitive applications.437

Model Baseline (CoD) Ours

Acc. Len. Lat. Acc. Len. Lat.

Qwen3-235B-Thinking 92 31.19 262.2 81 21.7 117.78

Table 3: Scalability Analysis. Performance of the
Qwen3-235B-Thinking model on MATH.

Robustness to Decoding Strategies We evalu-438

ate the stability of our paradigm under stochastic439

decoding (T ∈ [0, 1]) in Figure 7. While Stan-440

dard CoT suffers from "verbosity drift" at higher441

temperatures (length increasing to >300 tokens),442

our method demonstrates exceptional robustness.443

Explicit memory constraints effectively anchor the444

reasoning process, maintaining a stable length (≈445

69 tokens) and competitive accuracy (∼82%) even446

at T = 1.0. This confirms that our approach pre-447

vents hallucination sprawl, making it highly reli-448

able for diverse deployment scenarios.449

Synergy with Training-Based Compression To450

validate the extensibility of our framework, we451

integrated our Memory-Augmented paradigm di-452

rectly into TokenSkip (a representative fine-tuning453

method). Figure 8 illustrates the performance com-454

parison across varying retention rates (γ) on (a)455

GSM8K and (b) MATH-500. The results reveal456

a universal enhancement: our augmented version457

(Red) consistently outperforms the vanilla base-458

line (Blue) on both datasets. Crucially, the explicit459

memory effectively compensates for the semantic460

Figure 7: Robustness to Temperature (T ). (a) Standard
CoT becomes unstable and verbose as T increases. (b)
Ours maintains consistent low latency and accuracy,
demonstrating resilience to high-entropy sampling.

Figure 8: Universal Enhancement on TokenSkip. Perfor-
mance comparison on (a) GSM8K and (b) MATH-500
across varying retention rates (γ). Our method (Red)
consistently lifts the accuracy curve above the vanilla
TokenSkip (Blue), demonstrating that memory augmen-
tation effectively compensates for the information loss
induced by token skipping.

loss induced by aggressive pruning, acting not as 461

a competitor but as a complementary booster that 462

pushes the efficiency-accuracy Pareto frontier fur- 463

ther. 464

Case Study Table 4 illustrates the qualitative im- 465

pact of our method. While the standard compressed 466

baseline suffers from logic collapse (e.g., Token- 467

Skip) due to aggressive token pruning, our method 468

utilizes the retrieved template as a logical scaffold. 469

This guidance ensures the model executes all nec- 470

essary reasoning steps ("Left = Total - Part") even 471

within a minimal token budget, effectively elimi- 472

nating the hallucination seen in the baseline. 473
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Table 4: Case Study on GSM8K. Comparison of reasoning behaviors. While the compressed baseline suffers
from logic hallucination due to lack of context, our method successfully bridges the reasoning gap by retrieving a
structurally similar template, achieving the correct answer with minimal tokens.

Input Question:
Janet buys 3 packs of baseball cards. Each pack has 15 cards. She gives 1/3 of her cards to her brother. How many cards
does she have left?

Standard CoT (Accurate but Costly, ≈ 60 tokens):
First, we need to calculate the total number of cards Janet bought. She bought 3 packs, and each pack has 15 cards, so
3× 15 = 45 cards in total. Next, she gives 1/3 to her brother. 45× (1/3) = 15 cards given away. Finally, we subtract the
cards given from the total: 45− 15 = 30. So Janet has 30 cards left.

Compressed Baseline (CoD) (Short but Wrong):
Janet has 3× 15 = 45 cards. She has 45 cards left.
Analysis: Without guidance, the model aggressively skips the "subtraction" step to satisfy the length constraint, leading to
a wrong answer.

Ours (Memory-Augmented) (Short & Correct):
[Retrieved Memory]: Template: Total = Unit × Num; Part = Total / Fraction; Left = Total - Part.

Total cards: 3× 15 = 45. Given away: 45/3 = 15. Left: 45− 15 = 30.
Analysis: Guided by the retrieved structural template, the model preserves the critical "subtraction" logic even within a
tight token budget.

5 Related Work474

Context Optimization Research in this domain475

focuses on enhancing the utilization of input con-476

text. Techniques like Self-Extend (Jin et al., 2024)477

and Activation Beacon (Zhang et al., 2024) ex-478

pand the effective context window, while opti-479

mized retrieval strategies (Liu et al., 2022; Ye et al.,480

2023) improve the relevance of in-context exam-481

ples. Efficiency-oriented methods like Recomp (Xu482

et al., 2023) compress retrieved information to re-483

duce prefill costs. However, these works primarily484

target the quality or capacity of the input. Un-485

like our approach, they do not explicitly model486

the context-generation substitution mechanism to487

proactively reduce the computational burden of488

subsequent reasoning.489

Chain-of-Thought Compression Mitigating the490

cost of CoT is a rapidly evolving field. Reason-491

ing Step Offloading (e.g., Toolformer (Schick et al.,492

2023)) outsources sub-tasks, while internal com-493

pression methods like CoT Pruning (Hou et al.,494

2025) and TokenSkip (Xia et al., 2025) eliminate re-495

dundant tokens during decoding. Post-hoc summa-496

rization techniques (Cheng and Van Durme, 2024;497

Zhang et al., 2025) also reduce storage overhead.498

In contrast to these reactive methods which often499

suffer from degradation under aggressive compres-500

sion, our work introduces a proactive paradigm.501

By injecting high-density premises before gener-502

ation, we utilize explicit memory as a cognitive503

scaffold, allowing the model to bypass redundant504

steps without compromising reasoning integrity.505

Generation Process Acceleration This category 506

focuses on reducing the unit cost of token gen- 507

eration (tg). Foundational techniques like Spec- 508

ulative Decoding (Leviathan et al., 2023) lever- 509

age lightweight draft models for parallel verifi- 510

cation, while model compression methods (e.g., 511

SparseGPT (Frantar and Alistarh, 2023)) optimize 512

architecture. Our work is orthogonal and comple- 513

mentary to these approaches. While they lower the 514

per-token latency, our method reduces the total to- 515

ken volume, allowing for synergistic, multiplicative 516

efficiency gains when combined. 517

6 Conclusion 518

This work introduces Memory-Augmented Com- 519

pression, a generalizable inference paradigm that 520

fundamentally rethinks the efficiency bottleneck 521

of reasoning models. By substituting costly serial 522

generation with parallel context processing, and uti- 523

lizing explicit memory as a cognitive scaffold, our 524

approach enables LLMs to bypass redundant rea- 525

soning steps without compromising logic integrity. 526

Extensive experiments validate the effectiveness 527

of our framework: at ∼76% compression, it out- 528

performs state-of-the-art pruning methods by over 529

22% in accuracy on GSM8K, and surpasses the 530

uncompressed Standard CoT by nearly 10% on 531

MATH-500. We hope our investigations into the 532

context-generation substitution mechanism will of- 533

fer valuable insights for advancing efficient reason- 534

ing research and inspire future system-level opti- 535

mizations. 536
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Limitations537

In this section, we discuss the potential limita-538

tions:our current investigation focuses on 7B/8B539

parameter models; while these are critical for effi-540

cient deployment, the scalability of the proposed541

Context-Generation Substitution Law to larger542

models (e.g., 70B+) remains to be empirically veri-543

fied. Additionally, the fixed overhead of retrieval544

and prefill means our method is specifically op-545

timized for complex reasoning tasks; for simple,546

short-horizon queries where generation cost is min-547

imal, the latency benefits may diminish.548
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Appendix684

A Experimental Setup Details685

All experiments were conducted on a single686

NVIDIA RTX 4090 GPU (24GB) running Ubuntu687

22.04 with Python 3.12 and CUDA 12.8. Our688

implementation is built upon key libraries in-689

cluding PyTorch (v2.5.1), Transformers (v4.52.4),690

and vLLM (v0.6.4.post1). A complete list of691

all package dependencies is available in the692

requirements.txt file included with our sup-693

plementary code. For decoding, we used a de-694

terministic setting across all experiments with695

a temperature of 0.0 and top_p of 1.0, and696

set max_new_tokens to 512. Our Memory- 697

Augmented Compression method introduces two 698

key hyperparameters: the number of injected pat- 699

terns, k, was set to 10, and the cosine similarity 700

threshold for retrieving these patterns was set to 701

0.6. 702

B Prompt Templates 703

We present the full templates used for our baseline 704

and proposed methods below. 705

Standard CoT Prompt

Please reason step by step, and put
your final answer within \boxed{}.

706

CoD Prompt

Think step by step, but only keep
a minimum draft for each thinking
step, with 5 words at most. Put
your final answer within \boxed{}.

707

C Statement on the Use of AI Assistants 708

During the preparation of this work, we utilized 709

an AI assistant (e.g., ChatGPT) for tasks such as 710

proofreading and improving language clarity. The 711

core ideas, experimental design, and final text were 712

authored by the human authors, who take full re- 713

sponsibility for the content of this paper. 714

D Data and Code Availability 715

All datasets used in this study, including GSM8K 716

(Cobbe et al., 2021) and MATH (Hendrycks et al., 717

2021), are publicly available academic benchmarks. 718

To support reproducibility, our source code will 719

be publicly released on GitHub under the MIT 720

License upon publication. Anonymized code has 721

been submitted as supplementary material. 722
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