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Abstract

Reasoning models achieve remarkable perfor-
mance through Chain-of-Thought (CoT), yet
the verbose reasoning process introduces sig-
nificant inference latency and computational
overhead. CoT compression aims to acceler-
ate inference; however, naive compression ap-
proaches inevitably disrupt the coherence of
reasoning logic, leading to severe performance
collapse. To address this trade-off, we lever-
age the Context-Generation Substitution Law:
shifting the computational burden from expen-
sive serial generation to efficient parallel con-
text processing. Guided by this insight, we
propose Memory-Augmented Compression, a
generalizable paradigm that utilizes an explicit
memory of abstracted reasoning patterns as a
cognitive scaffold. By injecting high-density
reasoning patterns into the context, we incur
only a marginal prefill cost to bypass redun-
dant reasoning steps, achieving massive output
compression. Extensive experiments demon-
strate the superiority of this paradigm. Remark-
ably, as a training-free, plug-and-play solution,
our method outperforms a fine-tuned baseline
by over 22 percentage points on GSM8K. On
the challenging MATH-500 benchmark, we
achieve robust performance, surpassing the
uncompressed Standard CoT by nearly 10%.
Comprehensive evaluations validate that our ap-
proach effectively establishes a new efficiency
frontier for reasoning models.

1 Introduction

While Large Language Models (LLMs) like GPT-4
excel in generation, their standard inference relies
on rapid "System 1" pattern matching, which of-
ten falters in complex reasoning due to the lack of
explicit intermediate steps (Vaswani et al., 2017;
Brown et al., 2020; Booch et al., 2021; Bubeck
et al., 2023; Wei et al., 2022). To address this, the
field has shifted towards inference-time compute
paradigms. By leveraging Chain-of-Thought (CoT)
to simulate analytical "System 2" thinking (Yao
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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-
tion of reasoning models—exemplified by OpenAl
ol (Jaech et al., 2024) and DeepSeek-R1 (Guo
et al., 2025)—has emerged, marking a transition to
deliberative cognitive planning.

Nevertheless, this explicit “long-thinking’
paradigm imposes severe challenges on practical
deployment. The inherently serial nature of autore-
gressive decoding means CoT generates reasoning
chains spanning thousands of tokens—resulting
in an order-of-magnitude increase in latency and
memory consumption compared to standard direct
responses (Kwon et al., 2023; Pope et al., 2023). To
mitigate this, recent studies have explored two pri-
mary optimization avenues: dynamic pruning (e.g.,
TokenSkip (Xia et al., 2025), LightThinker (Zhang
et al., 2025)), and reasoning compression (e.g.,
CoD (Xu et al., 2025), SoT (Aytes et al., 2025)).
While these methods offer efficiency gains, they
generally grapple with a severe accuracy-efficiency
trade-off: aggressive pruning or compression often
disrupts the integrity of logical chains. Critically,
these approaches remain confined to optimizing the
serial decoding process, failing to fundamentally
overcome the latency accumulation of autoregres-
sive generation. We argue for a paradigm shift:
instead of incrementally improving the bottleneck,
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we seek to bypass it entirely by reallocating the
computational burden to the massively parallel Pre-
fill Phase.

How can we leverage the parallelism of context
scaling to substitute the serial overhead of lengthy
generation?

To validate this, we conducted a preliminary
study quantifying the interplay between the in-
put context and the model’s generated CoT. Our
empirical observations reveal a distinct Context-
Generation Substitution Law: Increasing the den-
sity of reasoning patterns within a prompt, achieved
by embedding explicit logical cues, permits a cor-
responding reduction in generation length without
compromising the integrity of the reasoning chain.
Crucially, this strategy leverages the asymmetric
computational characteristics of Transformer in-
ference, where parallel context processing during
the prefill phase is significantly cheaper than serial
token generation during the decoding phase. We
theoretically identify an efficiency frontier, demon-
strating that a net reduction in latency is achievable
as long as the computational savings from reduced
generation outweigh the marginal overhead of con-
text expansion. Crucially, unlike pruning-based
methods that suffer severe performance degrada-
tion under aggressive compression, our approach
utilizes high-quality explicit memory which acts
as a “cognitive scaffold,” effectively stabilizing the
model’s reasoning capabilities even when the gen-
eration steps are heavily condensed.

Guided by this, we propose Memory-Augmented
Compression, a generalizable inference paradigm
comprising two core phases: Structured Mem-
ory Injection, which retrieves problem-specific
templates and populates the prompt with concise
premises; and Compression Execution, which di-
rects the model to generate condensed reason-
ing chains. Designed to be implementation-
agnostic, the execution phase is compatible with
diverse methodologies, encompassing both prompt-
ing strategies and token pruning techniques.

Our contributions are:
 First, we formalize the inference bottleneck with

a latency model, establishing the theoretical foun-

dation for substituting generation with context.
» Second, we propose the Memory-Augmented

Compression framework, using high-density rea-

soning patterns as a cognitive scaffold to preserve

logical coherence under extreme compression.
* Finally, we establish a context-generation substi-
tution scaling law: replacing 76% of generation

steps on GSMSK for only "1350 context tokens
boosts accuracy by 22% over a fine-tuned base-
line.

2 Preliminaries

2.1 Standard Chain-of-Thought Inference

We formalize the standard reasoning process of
an LLM My. Let x = (Z, x) denote the concate-
nation of the system instruction and user query.
Instead of mapping directly to the answer y, the
model generates an intermediate CoT sequence
z (Wei et al., 2022). The joint probability decom-
poses as:

Py(y,z | x) = Py(z | x)- Py(y | x,2). (1)

The first term Py(z | x) corresponds to the rea-
soning phase, where explicit steps are derived. The
second term Py(y | x, z) represents the answer-
ing phase. While z is essential for accuracy, its
generation comes at a high computational cost.

2.2 The Inference Latency Bottleneck

The computational cost of autoregressive genera-
tion is proportional to the sequence length. Let
Lgen = |z| denote the length of the reasoning
chain. In modern reasoning models (e.g., Ope-
nAl ol, DeepSeek-R1), L, can extend to thou-
sands of tokens, creating a severe latency bottle-
neck where Lgen, > |yl.

While techniques like Speculative Decod-
ing (Leviathan et al., 2023) can accelerate gener-
ation, they do not reduce the fundamental FLOPs
required for long z. Thus, compressing z is critical.

2.3 Context-Generation Substitution Law

To address the bottleneck, we introduce an external
context variable C (i.e., explicit memory). Our core
hypothesis is that relevant priors in C can substitute
for verbose reasoning steps.

Substitution Mechanism. We propose a paradigm
shift where the computational burden moves from
serial generation to parallel context processing.
Mathematically, we approximate the standard rea-
soning probability as:

Pg(y‘X,C)QPQ(y‘X,Zy (2)

Specifically, we define a retrieval function ¢ that
maps the input x and raw context C into a structured
Reasoning Memory M:

M = ¢(x,C). (3)



Memory Bank

Explicit Memory Mg

(Augmented Input Context) Tradltlonal I‘_ong Col
(High Generation Cost t,)
3\ - A ~  LLMInference '
(Implicit Memory M; )
Reasoning
templates e System | Query Retrieved !j‘o
={xi.z)} > Me}\n/}ory Prompt X; Memory |—» ?—:
ED:' ’ ” Compressed
Increased Input Short CoT

(Marginal Prefill Cost t,)

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-
pressed reasoning chain 2/, where |2/| < |z|.
Optimization Objective. The goal is to maximize
inference speedup without sacrificing accuracy. We
formulate this as the problem of minimizing a com-
pound loss function:

mind = |Z| 47 (M| 42 Lt )
where |2'| and | M| represent the generation length
and context expansion length, respectively. The
coefficient v = 7/ Tgen denotes the Hardware
Trade-off Ratio. Crucially, since parallel prefill-
ing is significantly cheaper than serial decoding
(Tpre <K Tgen), We have v < 1, which mathemati-
cally justifies expanding context | M | to reduce gen-
eration |z/|. Finally, Ly quantifies performance
degradation (e.g., KL divergence), weighted by A.
This formulation defines the Context-Generation
Substitution Law, optimizing the balance between
hardware efficiency and logical accuracy.

3 Memory-Augmented Compression

3.1 Cognitive Memory View of LLM
Reasoning

We conceptualize LLM reasoning through a cogni-
tive memory view, and distinguish three memory
states where information flow dictates inference
efficiency.

Implicit Memory (M): Pre-trained weights (0)
embodying latent knowledge. Accessing this static
repository entails deep computational traversal,
analogous to recalling long-term memories.
Explicit Memory (M g): The input context (L.¢;)
serving as manifest memory. Whether populated
via few-shot examples or retrieval, this information

is directly accessible via parallel attention during
the low-cost Prefill phase ().

Working Memory (Myy): The generated CoT
sequence (Lye,) and KV cache constitute dynamic
working memory. Its sequential construction (Z4)
represents the primary computational bottleneck.
The “Awakening” Cost. Traditional CoT builds
Working Memory by computationally “awakening”
Implicit Memory:

Generation

I — My ©)
High Cost (t4)

This forces the model to re-derive known premises
at a high computational price. Our objective is to
circumvent this by shifting the information source
to the cheaper Explicit Memory.

3.2 Empirical Observations and Analysis

To validate the feasibility of substituting generation
with context, we conducted a preliminary study an-
alyzing the interplay between Working Memory
(Myy) reduction and Explicit Memory (M g) ex-
pansion.

Observation 1: Cost of Compression. Experi-
ments reveal that aggressively compressing CoT
(reducing L., ) in isolation leads to severe degra-
dation (Figure 3a), confirming that My acts as
essential cognitive scaffolding.

Observation 2: Memory Compensation. Cru-
cially, this loss is reversible. Injecting prior rea-
soning examples into the prompt (expanding M g)
fully restores accuracy (Figure 3b). This demon-
strates a memory compensation effect: the deficit
from reduced Myy is offset by augmented M .
Theoretical Analysis: Computational Trade-off
We model inference latency (7) based on hardware
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Figure 3: Explicit memory prevents the reasoning col-
lapse caused by aggressive model compression.

asymmetry (tg > tp):
T~ [X[ -ty + 2] - 1 (6)

We operationalize the Context-Generation Substi-
tution Law by injecting relevant reasoning memory
into Mg, incurring a marginal prefill overhead
Ayr. This injected serves acts as a scaffold, induc-
ing the model to bypass redundant steps, reducing
generation by A,,;. The condition for net latency
reduction (AT < 0) is:
Aout : tg > Am : tp (7)
N——— N——

Generation Gain Prefill Cost

Rearranging yields the Efficiency Frontier Condi-

tion: A ;

out D
> = e (8)
A 1,

Here, € (typically < 0.02) is the hardware cost
ratio. This implies a favorable trade-off: effec-
tive compression (A,,;) need only be a fraction
of added context (A;,). Empirically, we achieve
Aout > Ajy,, well above this bound.

3.3 The RIC Framework

Guided by the efficiency analysis above, we pro-
pose the Retrieval-Injection-Compression (RIC)
framework. The core philosophy is to substitute
the high-latency “Awakening" process (generation)
with low-latency “Context" processing.
Algorithm 1 outlines the overall workflow. Un-
like traditional pipelines that treat retrieval and

Algorithm 1: RIC

Input :Query x, Memory Bank B, Model &, Policy 7
Qutput :Answer y, Compressed Chain zsport

1 Phase 1: Memory Retrieval (R)
M < Retrieve(z, B, k);

2 Phase 2: Context Injection (7)
ZTsys + FormatPrompt(M);

3 Mg  [Loys; x5

4 Phase 3: Compression Execution (C)
Zshorts Y < q>(ME, mode = 71');

5 return y, Zshort

generation as separate stages, RIC tightly couples
them: the retrieved memory serves as a necessary
constraint that forces the generation to be com-
pressed.

3.4 Implementation

Our framework comprises three key phases, de-
signed to significantly enhance model inference
efficiency without compromising accuracy through
a “retrieve-inject-compress” paradigm.

Phase I: Memory Retrieval (R) To precisely
retrieve a “cognitive scaffold” that shares a logi-
cal structure with the query, we construct a mem-
ory bank BB and employ a dual-filter strategy: first,
Label-Based Matching quickly pinpoints the prob-
lem domain, followed by Semantic Similarity to
select the most relevant solution templates M.

Phase II: Context Injection (Z) We leverage
the fact that the Transformer architecture’s parallel
prefill is significantly faster than token-by-token
generation (t, < t4). The retrieved templates M
are formatted into a Scaffold(M) that explicitly
demonstrates how to skip steps, which is then effi-
ciently injected into the model’s explicit memory
M. The computational overhead introduced by
this process, A, is negligible.

Phase III: Compression Execution (C) Guided
by the scaffold, the model executes compression
via two paradigms:

 Instruction-Based (Training-Free): Enforces
concise output through system prompts.

* Training-Based: Employs methods like Token-
Skip, where the model internalizes compression
logic through fine-tuning.

In the second paradigm, the explicit memory Mg

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

be compressed at a much higher pruning rate ()
while effectively avoiding the semantic collapse



common in standard pruning methods.

4 Experiments

4.1 Experimental Setup

Datasets and Models We conduct experiments
on two mathematical reasoning benchmarks:
GSMB8K (Cobbe et al., 2021) and MATH-500
(Hendrycks et al., 2021). As reasoning backbones,
we employ Qwen2.5-7B-Instruct and LLaMA-3.1-
8B-Instruct, selected for their strong instruction-
following capabilities.

Baselines We compare our method against three
distinct categories: (1) Standard CoT, the uncom-
pressed upper bound; (2) TokenSkip, a training-
based compression method evaluated at ratios of
0.2-0.4; and (3) Chain of Draft (CoD), a prompt-
based baseline limiting steps to 5 words. We also
include ablation variants of our method: Query-
Matching (semantic retrieval) and TagsMatching
(label-based retrieval).

Implementation and Metrics For memory re-
trieval, we utilize Qwen-Text-Embedding-v2 with
ChromaDB. All inference runs use greedy decod-
ing (temperature=0) with a maximum generation
length of 512 tokens. Performance is evaluated
via Accuracy, Average CoT Length, Compression
Ratio (1 —
on a single NVIDIA RTX 4090 GPU).

4.2 Main Results

The Context-Generation Trade-off Our results
reveal the quantitative trade-offs of the Context-
Generation Substitution Law. We consistently find
that a small, fixed context overhead (e.g., ~1350
tokens for our 10-shot memory) enables a large,
relative reduction in generation length, typically
reducing required generation steps by 75% (a 4x
factor). Crucially, this substitution is not a trade-off
against accuracy; instead, it serves as a foundation
for performance gains, as detailed below.

Performance This principle translates into supe-
rior performance in a fair comparison at the same
compression level (~76%). Under this aggressive
setting, the performance of the pruning-based To-
kenSkip (v = 0.2) degrades sharply, dropping to
61.2% accuracy on GSMS8K and 25.2% on MATH-
500. In sharp contrast, our TagsMatching maintains
high accuracy at 83.2% on GSMS8K (a 22-point
margin) and demonstrates exceptional robustness
on MATH-500 (58.0%). This empirically validates
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Figure 4: Ablation study on retrieval strategies. The
figure compares accuracy (blue bars) against inference
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Figure 5: Our memory-augmented approach (Dark Teal)
is compared against baselines (Light Mint) in both
Training-Free and Fine-Tuned.

that while pruning tokens can irreparably damage
the reasoning chain, our Explicit Memory acts as a
vital cognitive scaffold.

Latency-Accuracy Profile The ~75% generation
reduction translates to substantial KV-cache sav-
ings. Regarding latency, while our approach re-
quires a longer prefill phase (1.57s) compared to
TokenSkip-0.2 (0.48s), this upfront temporal invest-
ment yields a disproportionate return in accuracy.
The result is a highly favorable point in the speed-
accuracy space: a 22% absolute accuracy gain for
an additional second of latency, establishing our
framework as a leading solution for high-precision
compressed reasoning.

4.3 Ablation Study

To dissect the contribution of each component in
our Memory-Augmented paradigm, we conduct
component-wise ablation studies.

Impact of Retrieval Strategy (Relevance) We
evaluate memory selection strategies on GSM8SK
using Qwen2.5-7B with a fixed size of £k =

(Figure 4). The CoD baseline’s sharp decline to
64.29% confirms the necessity of memory augmen-



Method | GSMSK | MATH-500

| Ace 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 (v = 0.4/0.6) 78.92 122.2 0.54 56.7% 37.40 272.3 2.44 37.8%
TokenSkip (v = 0.3/0.5) 69.21 94.0 0.42 66.7% 31.00 224.8 1.98 48.6%
TokenSkip (v = 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-
ing (75.20%) underperforms Random Sampling
(77.33%), suggesting that surface-level semantic
similarity introduces distractors that mislead rea-
soning. In contrast, our TagsMatching filters this
noise, achieving the highest accuracy of 79.68%.
Notably, while scaling to k£ = 10 yields our peak
performance of 83.16% (main results), the superi-
ority of structural alignment remains evident even
at this smaller retrieval size.

Method ‘ Accuracy (%) Avg. Length
Original Verbose CoT | 9097 282.45
Standard Compressed CoTf 61.18 68.08
Memory-Augmented CoT (Ours) 83.16 68.70

fImplemented using TokenSkip (y = 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)
We analyze the necessity of our compressed mem-
ory format by comparing it against the memory-
free baseline. As shown in Table 2, simply
enforcing brevity (Standard Compressed CoT)
leads to a reasoning collapse, dropping accuracy
from 90.97% to 61.18%. Crucially, our Memory-
Augmented approach rescues this performance to
83.16% (+21.98%) while maintaining a nearly iden-
tical token budget (68.7 vs. 68.08 tokens). This
result validates that our compressed memory serves
as a critical dual signal: it provides the necessary
logical guidance (content) while simultaneously
demonstrating the desired concise format (style),
thereby maximizing computational leverage with-
out sacrificing reasoning capability.

Impact of Execution Strategy (Universality)
To verify the universality of our paradigm, we
evaluate it across two distinct execution modali-
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Figure 6: The figure shows the impact of memory size
(k). Accuracy (solid line) peaks at & = 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
Training-Free setting, our method rescues the col-
lapsed CoD baseline, delivering a substantial gain
of +18.9% (64.29% — 83.16%). Second, in the
Fine-Tuned setting (using TokenSkip with a strict
compression ratio v = 0.4), injecting our memory
module yields a further improvement of +3.26 %
(78.92% — 82.18%). This demonstrates that our
approach is implementation-agnostic and serves
as a versatile optimization orthogonal to specific
compression mechanisms.

4.4 Analysis

To provide a comprehensive understanding of the
properties and boundaries of our framework, we
performed a series of analytical experiments.

Sensitivity to Memory Size (k) We analyze the
retrieval size k € [1,20] in Figure 6. Accuracy
exhibits an inverted U-shaped trend, peaking at
k = 10 (83.16%), which represents the optimal
trade-off between context sufficiency and noise in-
terference. Crucially, the generation length (dashed



line) remains stable regardless of k. This indicates
that while explicit memory aids reasoning, it does
not inflate the generation cost. Furthermore, this
retrieval mechanism is orthogonal to token-level
compression. We posit that integrating techniques
like TokenDrop or KV Cache optimization on the
retrieved context could further reduce the mem-
ory footprint, offering a pathway to extremely ef-
ficient inference without compromising the struc-
tural guidance provided by the memory.

Scalability to Reasoning Models We extend our
evaluation to the massive Qwen3-235B-Thinking
model (Table 3). While the baseline achieves high
accuracy (92%), its latency is prohibitive. Our
method delivers a 2.2 x speedup, slashing latency
by 55% (262.2s — 117.8s) with a moderate accu-
racy trade-off (92% — 81%). This demonstrates
our paradigm’s potential to enable the practical
deployment of 200B+ scale models in latency-
sensitive applications.

Baseline (CoD) |
Lat. | Acc. Len. Lat.
3119 2622 | 81 217 117.78

Model | Ours

| Acc.  Len.

Qwen3-235B-Thinking | 92

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

Robustness to Decoding Strategies We evalu-
ate the stability of our paradigm under stochastic
decoding (T € [0,1]) in Figure 7. While Stan-
dard CoT suffers from "verbosity drift" at higher
temperatures (length increasing to >300 tokens),
our method demonstrates exceptional robustness.
Explicit memory constraints effectively anchor the
reasoning process, maintaining a stable length (=
69 tokens) and competitive accuracy (~82%) even
at 7' = 1.0. This confirms that our approach pre-
vents hallucination sprawl, making it highly reli-
able for diverse deployment scenarios.

Synergy with Training-Based Compression To
validate the extensibility of our framework, we
integrated our Memory-Augmented paradigm di-
rectly into TokenSkip (a representative fine-tuning
method). Figure 8 illustrates the performance com-
parison across varying retention rates (7y) on (a)
GSMBS8K and (b) MATH-500. The results reveal
a universal enhancement: our augmented version
(Red) consistently outperforms the vanilla base-
line (Blue) on both datasets. Crucially, the explicit
memory effectively compensates for the semantic
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Figure 7: Robustness to Temperature (T'). (a) Standard
CoT becomes unstable and verbose as 1" increases. (b)
Ours maintains consistent low latency and accuracy,
demonstrating resilience to high-entropy sampling.
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Figure 8: Universal Enhancement on TokenSkip. Perfor-
mance comparison on (a) GSMS8K and (b) MATH-500
across varying retention rates (). 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
a competitor but as a complementary booster that
pushes the efficiency-accuracy Pareto frontier fur-
ther.

Case Study Table 4 illustrates the qualitative im-
pact of our method. While the standard compressed
baseline suffers from logic collapse (e.g., Token-
Skip) due to aggressive token pruning, our method
utilizes the retrieved template as a logical scaffold.
This guidance ensures the model executes all nec-
essary reasoning steps ("Left = Total - Part") even
within a minimal token budget, effectively elimi-
nating the hallucination seen in the baseline.



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 x 15 = 45 cards in total. Next, she gives 1/3 to her brother. 45 x (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 x 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 X Num; Part = Total / Fraction; Left = Total - Part.
Total cards: 3 x 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 Work

Context Optimization Research in this domain
focuses on enhancing the utilization of input con-
text. Techniques like Self-Extend (Jin et al., 2024)
and Activation Beacon (Zhang et al., 2024) ex-
pand the effective context window, while opti-
mized retrieval strategies (Liu et al., 2022; Ye et al.,
2023) improve the relevance of in-context exam-
ples. Efficiency-oriented methods like Recomp (Xu
et al., 2023) compress retrieved information to re-
duce prefill costs. However, these works primarily
target the quality or capacity of the input. Un-
like our approach, they do not explicitly model
the context-generation substitution mechanism to
proactively reduce the computational burden of
subsequent reasoning.

Chain-of-Thought Compression Mitigating the
cost of CoT is a rapidly evolving field. Reason-
ing Step Offloading (e.g., Toolformer (Schick et al.,
2023)) outsources sub-tasks, while internal com-
pression methods like CoT Pruning (Hou et al.,
2025) and TokenSkip (Xia et al., 2025) eliminate re-
dundant tokens during decoding. Post-hoc summa-
rization techniques (Cheng and Van Durme, 2024;
Zhang et al., 2025) also reduce storage overhead.
In contrast to these reactive methods which often
suffer from degradation under aggressive compres-
sion, our work introduces a proactive paradigm.
By injecting high-density premises before gener-
ation, we utilize explicit memory as a cognitive
scaffold, allowing the model to bypass redundant
steps without compromising reasoning integrity.

Generation Process Acceleration This category
focuses on reducing the unit cost of token gen-
eration (f4). Foundational techniques like Spec-
ulative Decoding (Leviathan et al., 2023) lever-
age lightweight draft models for parallel verifi-
cation, while model compression methods (e.g.,
SparseGPT (Frantar and Alistarh, 2023)) optimize
architecture. Our work is orthogonal and comple-
mentary to these approaches. While they lower the
per-token latency, our method reduces the total to-
ken volume, allowing for synergistic, multiplicative
efficiency gains when combined.

6 Conclusion

This work introduces Memory-Augmented Com-
pression, a generalizable inference paradigm that
fundamentally rethinks the efficiency bottleneck
of reasoning models. By substituting costly serial
generation with parallel context processing, and uti-
lizing explicit memory as a cognitive scaffold, our
approach enables LL.Ms to bypass redundant rea-
soning steps without compromising logic integrity.
Extensive experiments validate the effectiveness
of our framework: at ~76% compression, it out-
performs state-of-the-art pruning methods by over
22% in accuracy on GSMS8K, and surpasses the
uncompressed Standard CoT by nearly 10% on
MATH-500. We hope our investigations into the
context-generation substitution mechanism will of-
fer valuable insights for advancing efficient reason-
ing research and inspire future system-level opti-
mizations.



Limitations

In this section, we discuss the potential limita-
tions:our current investigation focuses on 7B/8B
parameter models; while these are critical for effi-
cient deployment, the scalability of the proposed
Context-Generation Substitution Law to larger
models (e.g., 70B+) remains to be empirically veri-
fied. Additionally, the fixed overhead of retrieval
and prefill means our method is specifically op-
timized for complex reasoning tasks; for simple,
short-horizon queries where generation cost is min-
imal, the latency benefits may diminish.
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Appendix
A Experimental Setup Details

All experiments were conducted on a single
NVIDIA RTX 4090 GPU (24GB) running Ubuntu
22.04 with Python 3.12 and CUDA 12.8. Our
implementation is built upon key libraries in-
cluding PyTorch (v2.5.1), Transformers (v4.52.4),
and vLLM (v0.6.4.postl). A complete list of
all package dependencies is available in the
requirements.txt file included with our sup-
plementary code. For decoding, we used a de-
terministic setting across all experiments with
a temperature of 0.0 and top_p of 1.0, and
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set max_new_tokens to 512. Our Memory-
Augmented Compression method introduces two
key hyperparameters: the number of injected pat-
terns, k, was set to 10, and the cosine similarity
threshold for retrieving these patterns was set to
0.6.

B Prompt Templates

We present the full templates used for our baseline
and proposed methods below.

Standard CoT Prompt

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

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{}.

C Statement on the Use of AI Assistants

During the preparation of this work, we utilized
an Al assistant (e.g., ChatGPT) for tasks such as
proofreading and improving language clarity. The
core ideas, experimental design, and final text were
authored by the human authors, who take full re-
sponsibility for the content of this paper.

D Data and Code Availability

All datasets used in this study, including GSM8K
(Cobbe et al., 2021) and MATH (Hendrycks et al.,
2021), are publicly available academic benchmarks.
To support reproducibility, our source code will
be publicly released on GitHub under the MIT
License upon publication. Anonymized code has
been submitted as supplementary material.
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