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Abstract

Large Language Models (LLMs) have recently
achieved remarkable progress on complex rea-
soning tasks by leveraging extended Chain-
of-Thought (CoT) techniques. These reason-
ing processes can be roughly categorized into
System-1 (fast and intuitive) and System-2 (slow
and deliberate) paradigms. However, exces-
sive reliance on lengthy System-2-style reason-
ing during inference can produce extremely
long outputs, thereby reducing efficiency. In
this work, we propose Thinking Length Data
Re-weighting (TLDR), that does not rely on
sophisticated data annotations or interpola-
tion between multiple models. We continu-
ously balance the weights between the model’s
System-1 and System-2 data to eliminate redun-
dant reasoning processes while preserving the
model’s reasoning capability. We validate our
method across multiple base models, including
Deepseek-R1-Distilled Qwen models, as well
as on a diverse benchmarks with varying diffi-
culty levels. Our method significantly reduces
the number of output tokens by nearly 40%
while maintaining the accuracy of the reason-
ing. Our code and data are at link: https:
//github.com/zzli2022/TLDR.

1 Introduction

Recent efforts have developed reasoning-oriented
Large Language Models (LLMs) capable of solving
complex reasoning tasks. Earlier LLMs (Llama-
3 Team, 2024; Yang et al., 2024) largely rely on
System-1 reasoning to generate, yet tend to be less
effective on tasks requiring sustained, multi-step
reasoning. In contrast, models exhibiting more
System-2 reasoning behavior (Li et al., 2025), e.g.,
DeepSeek-R1 (DeepSeek-AI, 2025), extend reason-
ing chains to encourage deliberate thinking through
iterative self-assessment, error correction, and veri-

∗Equal contribution.
†Correspondence Author.

fication, albeit at the cost of increased redundancy
and much higher computational overhead.

However, reasoning LLMs often over-deliberate
even on simple problems (Chen et al., 2025b; Wang
et al., 2025), resulting in unnecessary exploration
and planning that deteriorate the efficiency and
practicality. To mitigate this issue, two types of
approaches have been explored: training-free meth-
ods (Xu et al., 2025b; Yao et al., 2025; Han et al.,
2024) and training-based methods. Some training-
free methods regulate internal states during infer-
ence—for example, via prompting or confidence-
based output compression (Chen et al., 2025a; Azizi
et al., 2025). Some training-free methods based on
architectural or parametric interventions, such as
model merging (Wu et al., 2025; Kimi-1.5 Team,
2025), modify the LLM’s weights or decoding
strategies to achieve conciseness. Although these
methods offer immediate efficiency gains by con-
straining the inference process, they do not alter the
model parameters or its intrinsic reasoning capa-
bilities, and their performance is sensitive to both
parameter settings and model choice.

On the other hand, training-based methods im-
prove reasoning conciseness via generation path
optimization. These methods primarily focus on
sampling and synthesizing relatively concise rea-
soning paths through various strategies. By per-
forming reinforcement learning (RL) (Meng et al.,
2024; Hou et al., 2025; Luo et al., 2025b; Aggar-
wal and Welleck, 2025) or supervised fine-tuning
(SFT) (Chen et al., 2025b), models learn to generate
more concise yet correct reasoning paths. RL-based
methods (Aggarwal and Welleck, 2025; Hou et al.,
2025) yield more accurate and concise solutions
by penalizing redundancy in System-2 reasoning.
However, the efficiency gain is at the cost of a
computationally intensive training phase; specifi-
cally, achieving an optimal Pareto front between
reasoning performance and inference efficiency ne-
cessitates a vast number of optimization iterations.
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SFT-based methods, despite their effectiveness, typ-
ically require careful collection of problems and
precise control of the data ratio for different lengths
to achieve good results, incurring the cost of com-
plex data construction and parameter tuning. For
example, TOPS (Yang et al., 2025) requires pre-
processing steps to manually label SFT data to
construct length-sensitive models, while CoT-Valve
(Ma et al., 2025) generates data by creating inter-
mediate models through model interpolation for
sampling. This construction process is often te-
dious (Yang et al., 2025), or challenging to maintain
high quality (Ma et al., 2025).

To optimize the trade-off between reasoning accu-
racy and token efficiency, we conduct an empirical
study to evaluate how fine-tuning with various CoT
styles across different problem difficulties affects
model performance. As illustrated in Figure 1, our
findings reveal that while short CoTs on simple
tasks can effectively simulate System-1 intuition,
long CoT sequences on complex problems are indis-
pensable for sustaining performance and eliciting
System-2 reasoning capabilities. Motivated by
these findings, we propose a dynamic Thinking
Length Data Re-Weighting (TLDR), which dy-
namically balances the model’s complex reasoning
using long CoT and efficient reasoning using short
CoT data, enabling the model to eliminate redun-
dant cognitive processes. For training, we construct
mixed datasets comprising System-1 short CoT
for simple problems and System-2 long CoT for
complex reasoning. The model is guided to dynam-
ically recalibrate the data ratio after each cycle of
reasoning compression. We evaluate the utility of
System-1 data via an efficiency metric and System-
2 data via an accuracy metric, balancing between
inference speed and reasoning depth.

Compared to various methods requiring fine-
tuning data with different reasoning lengths (Ma
et al., 2025; Yang et al., 2025), our method enables
dynamic learning by utilizing the self-sampled
long CoT model and the short CoT data con-
structed by the original instruct/base model. Among
the training-based methods, our method achieves
shorter training time and higher efficiency than
ThinkPrune and L1, while also delivering superior
performance. Through experiments on DeepSeek-
Distill-7B/14B, our model achieves high compres-
sion ratio while maintaining reasoning accuracy on
the DeepSeek Distilled Qwen-7B/14B models.

Our main contributions are summarized as fol-
lows: (1) We empirically analyze the interaction

between CoT length and problem difficulty, showing
that short CoT supports efficient System-1 reason-
ing on simple tasks, while long CoT is crucial for
System-2 reasoning on complex problems. (2) We
propose TLDR, a dynamic training framework that
adaptively balances short and long CoT data to
reduce redundant reasoning without sacrificing ac-
curacy. (3) TLDR avoids manually curated length-
sensitive data and heavy reinforcement learning
by combining self-sampled long CoT with short
CoT from base models, achieving higher reasoning
compression while maintaining strong performance
on DeepSeek-Distill-7B/14B.

2 Related Work

2.1 Efficient System-2 Reasoning
Despite the enhanced generalization of System 2
reasoning, the auto-regressive nature of LLMs im-
poses a heavy computational burden (Chen et al.,
2025b; Wang et al., 2025). To improve efficiency,
recent methods have introduced adaptive reasoning
budgets to dynamically allocate resources. Within
this category, training-free methods like CoD and
TALE-EP (Xu et al., 2025b; Han et al., 2024)
impose budget constraints, while budget-sensitive
models—such as L1, TOPS, O1-Pruner, and Kimi-
k1.5 (Aggarwal and Welleck, 2025; Yang et al.,
2025; Luo et al., 2025b; Kimi-1.5 Team, 2025)—in-
corporate length penalties during post-training.
Some work (Ma et al., 2025; Jiang et al., 2025;
Yu et al., 2025) synthesizes diverse-length CoT
data, while TOPS (Yang et al., 2025) samples
budget-sensitive versions using a data model, and
C3oT (Kang et al., 2024) compresses original LLM
output. While prior studies (Yang et al., 2025; Ma
et al., 2025) developed multi-length CoT datasets for
adaptive reasoning, the scaling effects of reasoning-
chain length on the accuracy-efficiency trade-off
remain under-explored. We bridge this gap by ana-
lyzing how training on short CoT data influences
token compression and accuracy retention across
mathematical benchmarks of varying difficulty.

2.2 Data Re-weight of LLM Training
Data quality and composition are pivotal throughout
the pre-training and post-training phases. In pre-
training, these factors are primarily managed via
data filtering and re-weighting. While extensive re-
search focuses on filtering pipelines—including lan-
guage identification (Laurençon et al., 2023; PaLM
Team, 2022), quality assessment (Raffel et al., 2023;
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Figure 1: Empirical study on System-1/2 data composition. We assessed normalized token/accuracy usage: Lennorm
and normalized token accuracy: Accnorm on datasets of various question difficulty, spanning from GSM8K to AIME.
The details of Accnorm /Lennorm metric refer to Appendix A.

Rae et al., 2022), content moderation (Xu et al.,
2021; Longpre et al., 2023), and deduplication (Her-
nandez et al., 2022; Lee et al., 2022)—to enhance
training efficiency (Liu et al., 2024; Albalak et al.,
2024), these static approaches often lack adapt-
ability. Such rigidity can lead to the inadvertent
removal of valuable samples (Muennighoff et al.,
2023) and the introduction of systematic biases (Gu-
rurangan et al., 2022; Dodge et al., 2021). Similarly,
in the post-training stage, an appropriate propor-
tion of data with varying characteristics is crucial
for optimizing final performance. For example,
DeepMath-103K generates a large volume of data
with evenly distributed difficulty for training (He
et al., 2025). SRPO designs a dynamic sampling
approach to filter out samples that are consistently
answered correctly, thereby improving inference
efficiency (Zhang et al., 2025). EffiCode (Huang
et al., 2024) develop a self-optimization process
based on overhead profiling and iterative refinement,
resulting in a high-quality dataset for fine-tuning
LLMs to produce more efficient and accurate code.
To the best of our knowledge, we are the first to
introduce a re-weighting mechanism into thinking
compression. By employing simple strategies to
construct short and long CoT, we enable the model

to dynamically compress its reasoning process.

3 Empirical Study on Data Composition
for Reasoning Compression

We aim to investigate which data regimes induce
rapid, intuitive reasoning (System-1) versus sus-
tained, deliberative reasoning (System-2). Prior
approaches, such as CoT-Valve (Ma et al., 2025)
and TOPS (Yang et al., 2025) did not distinguish
problem difficulty, constructing and mixing CoTs
of varying lengths for all problems indiscrimi-
nately. In contrast, we decouple problem difficulty
from CoT length by pairing competition-level prob-
lems (Muennighoff et al., 2025) and elementary
arithmetic problems (Cobbe et al., 2021) with either
long or short CoTs. This design allows us to system-
atically study which data characteristics selectively
elicit System-1 or System-2 reasoning.

Our findings reveal that short CoT on simple
problems data effectively enhances models with
rapid and intuitive reasoning capabilities. We
define this combination of elementary problems
paired with short chains of thought as System-1
data. We leverage concise solutions derived from
simple GSM8K questions to fine-tune the model,
subsequently monitoring token compression and
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Figure 2: Overview of TLDR. Starting with a System-2 model, we iteratively update it on both System-12 samples.
Their ratios are adjusted every few steps based on the current average accuracy and token length from the validation
set.

accuracy across GSM8K, MATH500, AMC, and
AIME. As illustrated in Figure 1, fine-tuning on
these direct responses achieves consistent length
reduction across all difficulty levels. However, this
gain in efficiency entails a significant trade-off: a
substantial degradation in reasoning on complex
problems. Our results suggest that while such data
reinforces System-1 capabilities—rapid, intuitive
processing—it significantly erodes System-2 rea-
soning, the slow and deliberative analytical capacity
essential for solving challenging tasks. Conversely,
our results demonstrate that long CoT on hard
problems is indispensable for sustaining model
performance on challenging tasks. We evaluate
the trade-off between token compression and accu-
racy by blending s1-style long CoT from difficult
problems (Muennighoff et al., 2025) with System-1
data (ratio 1 : 4). Crucially, our comparison in Fig-
ure 1 reveals that replaying long CoT from simple
tasks fails to recover reasoning depth. Only long
CoT originating from complex problems, which
we define as System-2 data, effectively mitigates
performance loss. This confirms that System-2
capability depends on the deliberate reasoning pro-
cess triggered by difficulty, rather than merely on
the length of the CoT.

Building upon the aforementioned observations,
we transition from static data mixing of System-1/2
data to a more principled framework. Specifically,
we propose a dynamic re-weighting framework de-
signed to achieve a harmonious balance between
inference efficiency and analytical depth. This strat-
egy functions by selectively allocating cognitively
demanding System-2 pathways to complex chal-
lenge reasoning tasks while streamlining routine
tasks through efficient System-1 responses.

4 Reasoning Compression via Dynamic
Re-weighting

4.1 Formalizing the Optimization Objective
The thinking compression problem is formalized
as an optimization task designed to determine the
ideal balance between System-1 and System-2 rea-
soning. By training on mixed datasets, the model
is expected to converge toward the superior per-
formance characteristics of both systems across
specific evaluation metrics.

To operationalize this objective, consider a model
𝑝𝜃 and an input problem 𝑥. We define ℓ(𝑦) ∈
Z+ as the token length and I(𝑦) ∈ {0, 1} as the
correctness indicator of the generated output 𝑦. The
theoretical upper bounds for System-1 and System-
2 capabilities are denoted as 𝜙∗

𝑖
(for 𝑖 ∈ {1, 2}).

The overall optimization objective is to minimize
the gap between the current model’s performance
and these ideal bounds:

min
𝜃,𝛼∈ (0,1)

L(𝜃, 𝛼) =
∑︁
𝑖∈1,2

𝛼𝑖 ·
(
𝜙∗𝑖 − 𝜙𝜃

𝑖

)
︸      ︷︷      ︸

𝛿𝑖

, (1)

where 𝜙𝜃
1 can be regarded as a metric for measuring

the efficiency of the System-1 reasoning. 𝜙𝜃
2 can

be regarded as an accuracy metric. In this way,
the overall optimization objective is to jointly and
explicitly minimize the gap between the current
model and the efficiency upper bound of System-1,
as well as the reasoning capability upper bound of
System-2; the objective is to optimally and coher-
ently harmonize the reasoning process.

𝜙𝜃
1 = −E𝑥∈𝐷dev,𝑦∼𝑝𝜃 (𝑥 ) ℓ(𝑦), (2)

𝜙𝜃
2 = E𝑥∈𝐷dev,𝑦∼𝑝𝜃 (𝑥 ) I(𝑦). (3)
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Algorithm 1 Overall Pipeline of TLDR: Thinking Compression via Dynamic Re-weighting
Require: D1,D2,Ddev; Total steps 𝑇 ; Interval 𝑇𝑑; Step size 𝜂; Initial 𝜃𝑙 (Sys-2) and 𝜃𝑠 (Sys-1).

// Step 1: Capability Boundary Estimation
1: Compute upper bounds 𝜙∗1, 𝜙

∗
2 (Eq. (4-5)); Init System-1/2 data probability simplex 𝛼𝑡 = [0.5, 0.5],

when 𝑡 = 0, And 𝜃proxy ← 𝜃𝑙.
// Step 2: Dynamic Re-weighting SFT

2: for 𝑡 = 1 to 𝑇/𝑇𝑑 do
3: Data Sampling: Sample mini-batch B ∼ D with mixture ratio 𝛼𝑡−1.
4: Model Update: Update 𝜃𝑝 for 𝑇𝑑 steps on B via standard SFT loss.
5: Capability Evaluation: Evaluate 𝜙

𝜃𝑝

1 and 𝜙
𝜃𝑝

2 on Ddev.
6: Weight Update: Estimate gains 𝜆𝑖 using Eq. (6-7); Update 𝛼𝑡 [𝑖] ∝ 𝛼𝑡−1 [𝑖] · 𝑒−𝜂𝜆𝑖 .
7: Checkpointing: Save 𝜃𝑝 as a candidate for Pareto frontier evaluation.
8: end for

Ensure: Checkpoint 𝜃∗ on the Pareto frontier of Ddev with optimal efficiency-accuracy trade-off.

4.2 Overall Pipeline of TLDR
Setup: Prepare For System-1/2 Data. To emu-
late the rapid and intuitive processing characteristic
of System-1, we sample reasoning paths using a
short CoT model, utilizing elementary arithmetic
problems from the GSM8K dataset as the primary
task source. This process yields a dataset D1 =

{(𝑄𝑠, 𝐶𝑠)}, comprising <simple question,
short CoT> data pairs. Conversely, to encapsu-
late the deliberate and rigorous logical reasoning
of the original System-2 model, we employ the
uncompressed long CoT model to sample reasoning
trajectories from the s1 (Muennighoff et al., 2025)
prompt set. By leveraging this raw computational
depth, we curate D2 = {(𝑄ℎ, 𝐶𝑙)}, consisting of
<hard question, long CoT> data pairs.

Step 1: Establishing Capability Bounds. To
balance reasoning depth with inference efficiency,
we optimize the data mixture ratio during post-
training. Our goal is to align the model 𝜃 with
the theoretical upper bounds 𝜙∗

𝑖
. Specifically, we

define the System-2 performance bound 𝜙∗2 based
on the maximum accuracy of long CoT sequences,
and the System-1 efficiency bound 𝜙∗1 based on
the minimum token length of short CoT sequences:

𝜙∗1 = −E𝑥∼Ddev ℓ(𝑦𝑠), (4)
𝜙∗2 = E𝑥∼Ddev I(𝑦𝑙), (5)

where 𝑦𝑠 and 𝑦𝑙 denote the outputs from the short
and long CoT systems, respectively.

Step 2: Reasoning Compression via Dynamic
Re-weighting. We initialize the SFT process with
an equal data ratio 𝛼0 for System-1 and System-2

datasets. To adaptively minimize the gap 𝛿𝑖 defined
in Eq. (1), we implement a periodic reweighting
mechanism every 𝑇𝑑 steps. We update the sam-
pling simplex 𝛼 using the Exponential Gradient
method (see Appendix B.1 for formal derivation).
Specifically, we estimate the potential gains for each
system, 𝜆1 and 𝜆2, by evaluating the current model
𝜃𝑝 against the established bounds:

𝜆1 = max

(
𝜙∗1 − 𝜙

𝜃𝑝

1

𝜙
𝜃𝑠
1 − 𝜙

𝜃𝑙
1

, 0

)
, (6)

𝜆2 = max

(
𝜙∗2 − 𝜙

𝜃𝑝

2

𝜙
𝜃𝑙
2 − 𝜙

𝜃𝑠
2

, 0

)
. (7)

These gains reflect the normalized distance to the
target performance relative to the margin between
specialized system proxies. This dynamic adjust-
ment allows the model to adaptively prioritize rea-
soning depth or efficiency based on real-time valida-
tion feedback, as illustrated in Algorithm 1, which
describes the computational workflow. During the
final model selection, we adopt an efficiency-first
Pareto optimality criterion: we select the check-
point that minimizes average output length among
all candidates that maintain baseline System-2 ac-
curacy on the validation set. As shown in Figure
2, this dynamic reweighting enables the model
to compress its reasoning trajectories—producing
significantly fewer tokens—while preserving the
original logical rigor and accuracy.

5 Experiments

Datasets and Metrics. Following prior efforts,
we evaluate TLDR on several widely-used bench-
marks that span a broad range of difficulty levels, in-

39947



Model Accuracy Generation Length P.D.R.
ASDiv GSM8K MATH AIME AMC Minerva Avg. ASDiv GSM8K MATH AIME AMC Minerva A.C.R.

DS-Qwen-7B Models

Original 86.8 89.4 86.8 42.9 81.5 46.0 72.2 769 554 2861 6820 4510 3347 0% 0%

TALE-EP 80.4 89.1 84.3 40.0 80.0 42.3 69.3 509 450 1994 6520 3892 2242 22.3% 21.4%
ConciseCoT 86.0 89.5 86.2 41.7 79.6 46.0 71.5 532 457 2330 6587 4245 3347 12.7% 12.5%
Avg-Merging 92.8 70.1 58.6 0.05 39.6 29.8 48.4 622 8552 8540 8501 8542 8544 3.2% 2.14%
Ties-Merging 74.4 69.7 59.8 13.6 42.5 23.2 47.2 1114 2475 4086 6767 5195 4306 0.1% 0.06%
TD-Merging 75.9 72.3 65.4 14.6 45.6 24.3 49.6 1036 2073 2934 5483 3698 2938 8.3% 5.7%
Seal 86.8 89.4 89.4 43.3 77.8 47.8 72.4 591 773 2661 6871 4740 3413 5.1% 5.1%
Overthink 86.6 89.6 87.2 38.7 79.6 45.2 71.1 773 555 2898 6766 4558 3407 0.1% 0.09%
ThinkPrune 90.6 92.1 91.0 43.3 86.2 45.6 74.8 653 587 2379 6207 3739 2762 12.6% 12.6%
CoT-Valve 59.4 88.4 84.2 41.2 80.6 41.9 65.9 140 514 2144 6397 4278 2172 26.8% 24.4%
TLDR 93.0 87.7 87.4 41.2 83.1 41.0 72.3 147 253 1556 6368 3386 1451 44.9% 44.9%

DS-Qwen-14B Models

Original 80.5 92.5 86.4 43.4 79.6 48.2 71.7 476 679 2951 6701 4584 3270 0% 0%

TALE-EP 77.5 92.4 85.4 49.2 80.3 50.0 72.5 369 555 2248 6551 4179 2731 15.4% 15.4%
ConciseCoT 74.0 92.4 85.6 51.6 82.3 47.1 72.2 369 555 2066 6267 3878 2605 18.8% 18.8%
Avg-Merging 94.8 90.3 73.0 10.8 55.0 44.1 61.3 167 366 5158 6364 5668 1084 30.5% 26.1%
Ties-Merging 79.6 91.3 82.6 25.4 72.5 37.1 64.8 242 542 1919 5913 3158 1850 31.8% 28.7%
TD-Merging 80.7 91.8 84.8 25.4 75.3 34.9 65.4 274 467 1870 5747 3182 1877 33.0% 30.1%
Seal 78.2 90.4 84.8 41.2 78.5 47.5 70.1 452 465 2193 6671 4032 2911 14.3% 13.9%
Overthink 79.3 92.3 88.0 45.8 82.8 45.6 72.3 451 679 2893 6700 4464 3715 1.6% 1.3%
ThinkPrune 80.6 93.7 89.0 50.8 88.7 50.7 75.6 379 563 2177 5778 3327 2234 22.8% 22.8%
CoT-Valve 72.9 92.0 87.0 45.0 83.5 47.8 71.4 204 576 2652 6686 4392 2833 16.7% 16.6%
TLDR 88.0 90.9 86.6 43.3 83.8 48.7 73.5 158 240 2092 6403 3839 2177 35.8% 35.8%

Table 1: Performance comparison of TLDR with baselines. The accuracy is measured by sampling multiple
responses from the LLMs and taking the average to reduce variance. A.C.R means the token compression ratio
computed by Eq. (8). P.D.Ratio are compression ratio that incorporates accuracy metrics, as defined in Eq. (9).

cluding ASDiv (Miao et al., 2021), GSM8K (Cobbe
et al., 2021), MATH-500 (Hendrycks et al., 2021),
AIME2024 (AI-MO Team, 2024a), AMC (AI-MO
Team, 2024b) and MinervaMath (Lewkowycz et al.,
2022) in Table 1. To ensure the stability of the eval-
uation, we performed multiple samplings for each
dataset and took the average accuracy. For GSM8K,
MATH-500, and MinervaMath, we sampled each
question 4 times and took the average accuracy
of the 4 solutions. For AIME24 and AMC23, we
sampled each problem 8 times and took the average
accuracy of the 8 solutions. The token count was
calculated using the corresponding tokenizer of the
language model.

We evaluate TLDR and other baseline methods
by jointly considering accuracy preservation and
compression ratio. The Average Compression Ratio
(A.C.R) measures the reduction in response length
relative to the original output in 𝑁 benchmarks, and
is formally defined as:

A.C.R. =
1
𝑁

𝑁∑︁
𝑖=1

max

(
𝐿𝑖

orig − 𝐿𝑖
curr

𝐿𝑖
orig

, 0

)
, (8)

where 𝐿orig and 𝐿curr denote the token counts of

the original and the processed responses, respec-
tively. Then, the P.D.R., Performance-Discounted
Compression Ratio, across a set of 𝑁 benchmarks
is calculated as:

P.D.R. = max(Acurr
Aorig

, 1) × A.C.R., (9)

where Acurr and Aorig is the average accuracy of
current model and original model. P.D.R. is used as
an integrated metric that simultaneously accounts
for accuracy and compression efficiency.

Baselines. We compared two types of baselines:
training-free methods and training-based meth-
ods. We include three categories of training-free
baselines as discussed in Section 2.1: prompt-
based methods, model-merging–based methods,
and steering-based methods. For prompt-based
methods, we adopt TALE-EP (Han et al., 2024)
and ConciseCoT (Lee et al., 2025), both of which
encourage the model to generate correct solutions
more concisely by explicitly constraining or guid-
ing the reasoning process through prompts. For
model-merging–based methods, we consider Av-
erage Merging (Avg-Merging), Ties-Merging, and
Ties-DARE Merging (TD-Merging), as introduced

39948



Model Accuracy Generation Length
GSM8K MATH AIME AMC Avg. GSM8K MATH AIME AMC A.C.R.↑

DS-7B 89.4 86.8 42.9 81.5 75.2 554 2861 6820 4510 –

Compression by SFT on Static Dataset

Direct-Mixture 87.1 84.8 39.7 73.1 71.2 236 1221 5322 2560 44.98%
CoT-Valve 88.4 84.2 41.2 80.6 73.6 514 2144 6397 4278 10.91%
TOPS 85.9 89.4 43.3 77.8 74.1 336 2145 7024 4378 16.08%

Compression by Simple Curriculum Data Schedule

L->S 86.9 83.0 39.5 76.8 71.5 231 1335 5684 2841 41.33%
S->L 84.0 82.0 41.2 80.0 71.8 266 1766 6729 3968 25.90%
Random 84.0 81.0 37.5 79.6 70.5 246 1416 5828 2925 38.92%

Ours

TLDR 87.7 87.4 41.2 83.1 74.9 253 1556 6368 3386 38.95%

Table 2: Performance comparison of baseline methods: static data compression methods and curriculum learning
data mixing methods. Direct-Mixture denotes directly mixing our System-1/2 data.

Method Time ↓ Avg. Acc ↑ A.C.R ↑
TLDR (Ours) 88.1 72.3 44.9%
TOPS 201.6 67.1 24.4%
CoT-Valve 240.6 65.9 26.8%
L1 640.3 – –
ThinkPrune 704.1 74.8 22.8%

Table 3: Training time comparison (GPU Hours) on
A100 GPUs. TLDR significantly reduces training costs
while maintaining competitive performance.

in the Kimi-k1.5 Technical Report (Kimi-1.5 Team,
2025) and the Long2Short Technical Report (Wu
et al., 2025). These methods combine multiple
pretrained models with different characteristics into
a single model without additional training. For
steering-based methods, we adopt Seal (Chen et al.,
2025a), which extracts hidden states from the model
to construct steering vectors and applies them dur-
ing decoding to control the model’s reasoning be-
havior. For training-based methods, in addition to
prior work such as CoT-Valve and TOPS that con-
struct SFT datasets with diverse reasoning lengths,
we also include approaches that incorporate alter-
native reward-based methods. SimPOshortest was
introduced in Overthink (Chen et al., 2025b) to
adjust the effectiveness of the RL algorithm by
rejection sampling. ThinkPrune (Hou et al., 2025)
uses progressive compression of RL training length
to improve the effectiveness of context utilization
during exploration via vast RL iterations. We pro-
vide more training details, evaluation details, and
baseline reproduction details in Appendix B.2-B.4.

Main Results. As shown in Table 1, our method
TLDR achieves the best performance on the P.D.
Ratio, which jointly considers accuracy and com-
pression, outperforming all previous raining-based

and training-free methods. While maintaining com-
parable accuracy, TLDR consistently achieves an
A.C.R. and P.D.Ratio of over 40% across six diverse
datasets. Notably, these results outperform several
established RL-based baselines, including Over-
think, CoT-Valve, TOPS, and ThinkPrune, demon-
strating superior efficiency in reasoning compres-
sion. Notably, on relatively simple datasets that are
prone to overthinking, such as ASDiv and GSM8K,
TLDR attains higher compression ratios while pre-
serving or even improving accuracy, demonstrating
its effectiveness in reduce unnecessary reasoning.

Ablation Studies and Analysis. To demonstrate
the advantages of our dynamic re-weighting method,
we evaluate it against three categories of baselines:
(i) Static Compression Methods: Direct-Mixture,
CoT-Valve and TOPS, which served as represen-
tative Long-to-Short datasets for analyzing static
compression in SFT data; (ii) Curriculum-based
Dynamic Methods: 𝐿 → 𝑆 and 𝑆 → 𝐿 linearly
adjust the sampling probabilities of System-1 and
System-2 data over training steps, enabling a tran-
sition from large to small or from small to large
in search of an optimal balance; and (iii) Random
Re-weighting, which explores various data ratios
by periodically resetting the sampling weights.

As illustrated in Table 2, while static baselines (i)
like CoT-Valve and TOPS achieve competitive av-
erage accuracies of 73.6% and 74.1% respectively,
they are inherently limited by their fixed distribu-
tions. Specifically, these static datasets struggle to
maintain an optimal balance across diverse down-
stream tasks; for instance, TOPS fails to exhibit
any compression effect on the AIME and AMC
datasets, even leading to an increase in generation
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Figure 3: Frequency comparison of different keywords. The figure illustrates the distribution of exploratory,
checking, and reflective keywords across datasets. Exploratory Keywords: wait, Reflective Word: but, Checking
Words: make sure/confirm/verify/check, TLDR significantly reduces the presence of such words, reflecting its ability
to produce streamlined and efficient reasoning steps.

length. Furthermore, although baselines (ii) and
(iii) attempt to identify an optimal data mix, they
exhibit poor convergence. Their average accura-
cies (70.5%–71.8%) represent a significant decline
of 3.4% to 4.7% compared to the static baselines.
In contrast, our proposed TLDR method strikes a
superior balance, attaining an average accuracy of
74.9% (comparable to the Original model’s 75.2%)
with a substantial 38.9% reduction in average gener-
ation length. These results contend that achieving
a precise balance between System-1 and System-2
data necessitates a dynamic re-weighting mecha-
nism that leverages real-time training signals as a
guiding heuristic to optimize both performance and
compression efficiency.

Efficiency Discussion. We evaluate TLDR
against three representative training-based base-
lines: ThinkPrune, L1, and CoT-Valve. As illus-
trated in Table 3, TLDR exhibits a decisive advan-
tage in training efficiency. Specifically, TLDR re-
quires only 88.1 GPU hours, achieving a significant
speedup of approximately 8.0× over ThinkPrune
(704.1 hours) and 7.3× over L1 (640.3 hours).
While RL-based methods such as ThinkPrune and
L1 necessitate extensive sampling iterations to sat-
isfy specific length constraints or quotas, TLDR
streamlines the optimization process by leveraging
the rapid convergence of SFT coupled with dy-
namic reweighting. Furthermore, unlike CoT-Valve,
which incurs substantial overhead from generating
diverse CoT trajectories via model interpolation, our
approach maintains a more compact and efficient
training pipeline. It is worth noting that although
methods like ThinkPrune attempt to optimize solu-
tions within a constrained budget, they often suffer

from prohibitive computational costs and lack the
granularity to achieve a fine-grained Pareto optimal
trade-off. In contrast, TLDR not only drastically
reduces the training footprint but also achieves a
superior A.C.R of 44.9%, effectively balancing task
performance with inference-time economy. For
a more detailed performance comparison with L1
performance, we provide analysis in Appendix C.1.

Analysis of Thinking Patterns. By comparing
our method with other thinking compression tech-
niques (Xu et al., 2025a), we find that TLDR effec-
tively reduces internal redundancy by minimizing
reliance on reasoning patterns like reflection or
checking in GSM8K and MATH500 benchmarks.
This avoids excessive computational cost while
crucially retaining complex reasoning behaviors
for challenging problems to preserve System-2 ca-
pabilities, as shown Figure 3. Furthermore, the
effectiveness of our System-1 data synthesis is vali-
dated through supplementary evaluations on non-
mathematical Out-of-Distribution (OOD) bench-
marks. Detailed sensitivity analysis of data sources,
discussions on OOD generalization, and case stud-
ies are provided in Appendix C.2, C.3 and E.

6 Conclusion
This paper introduces TLDR, an innovative method
designed to compress the reasoning processes of
LLMs without sacrificing accuracy. By dynami-
cally re-weighting the influence of System 1 (con-
cise reasoning) and System 2 (detailed reasoning)
data during the training process, TLDR allows
LLMs to eliminate unnecessary steps for simpler
problems while still engaging in deep contempla-
tion for complex tasks. Unlike existing compression
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methods that necessitate extensive data collection
and sensitive hyperparameter tuning, TLDR offers
a streamlined, robust, and practical framework for
developing LLMs that effectively balance computa-
tional efficiency with reasoning accuracy.

Limitation

Current validation has primarily focused on bench-
marks with clear logical structures. While the
results are promising, the effectiveness of this dy-
namic ratio-based pipeline in more open-ended or
creative reasoning tasks, where the distinction be-
tween redundancy and necessary elaboration, which
is hard to define, remains an area for exploration.
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A Metric
To quantify the efficiency and performance of the
TLDR framework, we employ the following met-
rics:

Normalized Performance Metrics. To facilitate
a fair comparison across heterogeneous datasets, we
introduce Normalized Accuracy and Normalized
Token Length, defined as:

Accnorm =
Acurr
Aorig

, Lennorm =
𝐿curr
𝐿orig

, (10)

where A represents the accuracy score and 𝐿 rep-
resents the average token length. These metrics
provide a relative measure of performance retention
and resource savings compared to the baseline.

Compression Rate (C.R.). The Compression
Rate (C.R.) measures the reduction in response
length relative to the original output. To ensure the
metric remains non-negative, we define it as:

𝜂 = max
(
𝐿orig − 𝐿curr

𝐿orig
, 0

)
, (11)

where 𝐿orig and 𝐿curr denote the token counts of the
original and the processed responses, respectively.

The Average Compression Rate (A.C.R) across a
set of 𝑁 benchmarks is calculated as the arithmetic
mean:

A.C.R =
1
𝑁

𝑁∑︁
𝑖=1

𝜂𝑖 . (12)

B Implementation Details
B.1 Derivation Details: Gradient Derivation

for Exponentiated Update of 𝛼𝑖

Gradient-based Weight Updates of TLDR. We
consider the loss function:

min
𝜃,𝛼∈ (0,1)

L(𝜃, 𝛼) =
∑︁

𝑖∈{1,2}
𝛼𝑖 ·

(
𝜙∗𝑖 − 𝜙𝜃

𝑖

)
︸      ︷︷      ︸

𝛿𝑖

. (13)

Assuming 𝜃 is fixed, 𝛿𝑖 can be treated as a con-
stant. Thus, 𝐿 is linear in 𝛼𝑖. 𝛼𝑖 is required to be
non-negative, and 𝛼1 + 𝛼2 = 1.

To maintain the constraints of the simplex without
explicit projection, we employ the Exponentiated
Gradient (EG) (Globerson et al., 2007) algorithm.
For loss L(𝛼) = ∑

𝛼𝑖𝛿𝑖, the gradient with respect
to 𝛼𝑖 is:

𝜕L
𝜕𝛼𝑖

= 𝛿𝑖 . (14)

The standard EG update rule is defined as:

𝛼′𝑡+1 [𝑖] = 𝛼𝑡 [𝑖] exp
(
−𝜂 𝜕L

𝜕𝛼𝑖

)
= 𝛼𝑡 [𝑖] exp(−𝜂𝛿𝑖),

(15)

where 𝜂 > 0 is the learning rate. This update natu-
rally preserves the non-negativity of the weights.

Gradient Stabilization and Thresholding. In
practice, the raw difference 𝛿𝑖 may exhibit high
variance due to sampling noise in the validation set.
To improve stability and focus on components that
require improvement, we apply a normalization and
thresholding operation. We define the stabilized
gradient signal 𝜆𝑖 as:

𝜆𝑖 = max
(

𝛿𝑖

scale𝑖
, 0

)
, (16)

where scale𝑖 is a normalization factor. Specifically,
for our two-system setup, the signals are formulated
to capture the relative gap:

𝜆1 = max

(
𝜙∗1 − 𝜙

𝜃𝑝

1

𝜙
𝜃𝑠
1 − 𝜙

𝜃𝑙
1

, 0

)
, (17)

𝜆2 = max

(
𝜙∗2 − 𝜙

𝜃𝑝

2

𝜙
𝜃𝑙
2 − 𝜙

𝜃𝑠
2

, 0

)
. (18)

Normalized Update Rule. By substituting the
stabilized signal 𝜆𝑖 back into the EG framework
and enforcing the sum-to-one constraint, we obtain
the final normalized update rule:

𝛼𝑡+1 [𝑖] =
𝛼𝑡 [𝑖] exp(−𝜂𝜆𝑖)∑

𝑗∈{1,2} 𝛼𝑡 [ 𝑗] exp(−𝜂𝜆 𝑗)
. (19)

B.2 Training Details
To ensure the reproducibility of our experiments, we
provide the comprehensive training configuration
and the specific protocol used for model selection.

Training Infrastructure. The experiments were
conducted using a distributed setup across two ma-
chines, each equipped with 8 NVIDIA 80GB GPUs.
We decoupled the workload by dedicating one ma-
chine to vLLM inference for real-time validation,
while the other handled the training process. Pa-
rameter synchronization between the training and
inference clusters was executed every 𝑛 steps uti-
lizing vLLM’s synchronization interface to ensure
consistency during evaluation.
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Hyperparameters and Protocol. The models
were trained for a total of 𝑇 = 500 steps with a
constant learning rate of 1 × 10−5. We employed
a balanced data mixture with a 0.5:0.5 ratio as init
weights. To monitor the trade-off between rea-
soning performance and efficiency, we performed
evaluation of the model every 32 steps on a val-
idation set. This validation set consists of 512
problems sampled from historical AIME exams
(1983–2023).

Checkpoint Selection Strategy. Our selection
criterion prioritizes model efficiency without sacri-
ficing essential reasoning capabilities. We define
the optimal checkpoint as the one achieving the
shortest average token length among all candidates
that maintain at least 80% of the accuracy, as shown
in Eq. (20) of the original baseline model on the
validation set. Formally, let Aval and Along denote
the validation accuracy of the current checkpoint
and the Long-CoT baseline respectively; we select:

𝜃∗ = arg min
𝜃
{Len(𝜃) | Aval(𝜃) ≥ 0.8 · Along}

(20)

B.3 Data Construction Detail
For long CoT, we use the prompt from dataset
s1.1 (Muennighoff et al., 2025). Each sample is
generated 8 times using the original model. For
short CoT, to avoid inconsistencies in the system
prompt format, we adopt the short CoT construction
method from AdaR1 (Luo et al., 2025a). We anno-
tate 10 randomly selected questions from GSM8K
using the instruct model, then fine-tune the long
CoT model to overfit on them. For the GSM8K
training set, we sample and retain only the examples
with correct answers.

B.4 Baseline Reproduce Details
This section provides the technical specifications
and hyperparameter settings used to reproduce the
baseline models evaluated in our study.

OverThink. For the MATH12K dataset, we sam-
ple each problem 8 times. The shortest correct
response is designated as the chosen sample, while
the longest is selected as the rejected sample. The
model is fine-tuned for 1 epoch.

ThinkPruner. We utilize the competition-level
training data as specified in the original work. The

model is trained for 10 epochs with a learning rate
of 1 × 10−6 and a maximum response length of
4,096 tokens. We strictly follow the original early-
stopping strategy to identify the optimal checkpoint
for evaluation.

CoT-Valve. Since the original report does not
cover all datasets, we reproduced the results using
their publicly released Mix-Chain-Z-GSM8K
dataset. Adhering to the official training protocol,
we fine-tuned all models using LoRA (𝑟 = 2) for 5
epochs. Experiments were conducted on a cluster
of 8 NVIDIA 80GB GPUs.

L1. In our reproduction on the 7B System-2
model, we utilized the L1-Exact reward function
with a token length constraint between 100 and
4,096 tokens. The token difference penalization
parameter 𝛼 is set to 0.0003, consistent with the
original paper. We append the prescribed prompt
“Think for 𝑛token tokens” to each query. During
inference, the token budget is aligned with the aver-
age token count of our proposed method across all
evaluated benchmarks.

Seal. The original Seal implementation relied on
the transformers framework’s .generate
method for inference. To align evaluation settings
and evaluate Seal across a broader range of datasets,
we employed the EasySteer framework for repro-
duction, as it supports vLLM inference. Following
the protocol of Seal, we extracted steering vectors
using 1,000 samples.

Avg./Ties/Ties-Dare-Merging. Following the de-
fault configurations and all hyperparameter details
specified in the Model-Merging repository and
its accompanying technical report, we reproduced
the results utilizing the implementation provided.

Ablation Baseline: Curriculum-based Dynamic.
For the baseline models (L→S and S→L): We
adopt the same training step size as TLDR. The
ratio of System-1 to System-2 data is adjusted every
100 steps. For the Curriculum Learning (L→S)
setup: The initial ratio of System-1 to System-2
data is 1 : 0. We linearly decrease this ratio every
50 steps to 0.9 : 0.1, continuing this progression
until it eventually reaches 0 : 1.For the baseline
(S→L) setup: The initial ratio starts at 0 : 1. It is
then linearly adjusted to 0.1 : 0.9 and continues
increasing until the final ratio reaches 1 : 0.
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B.5 Evaluation Detail
We use the DeepSeek-R1-Distill model and apply a
temperature setting of 0.7 for evaluating all models.
We limit the context window to 8K tokens for all
datasets. We adopt nucleus sampling with top-p =
0.9 and use identical decoding parameters across
all models. Meanwhile, considering the relatively
small sizes of the AMC and AIME datasets, we
sample 8 responses per question and compute the
average.

Evaluation Framework. We use skythought-
eval1 as the framework, which supports efficient
evaluation of long CoT reasoning with vLLM. The
version of vLLM we use is 0.6.3.

Evaluation Dataset Detail. The mathematical
datasets employed in this study are detailed in the
following sections.

ASDiv A diverse corpus of 2,305 simple English
math word problems designed to evaluate var-
ious MWP solvers across diverse text patterns
and elementary school problem types.

GSM8K A high-quality benchmark consisting of
8,500 human-written grade school math word
problems. The test set of 1,319 questions
emphasizes multi-step sequential reasoning
and natural language solutions.

MATH500 A rigorous collection of 500 high
school competition-level problems across
seven subjects, including Algebra and Ge-
ometry, requiring advanced mathematical rea-
soning and generalization.

AIME2024 A dataset featuring 30 problems from
the 2024 American Invitational Mathematics
Examination, specifically curated to test deep
mathematical insight and complex problem-
solving skills.

AMC Comprising 40 selected problems from the
AMC12 (2022 and 2023) sourced from the
AoPS wiki, targeting advanced high-school
level mathematics.

MinervaMath A specialized dataset containing
272 high-difficulty math problems designed
to challenge the limits of modern reasoning
models.

1https://github.com/NovaSky-AI/
SkyThought

C Further and More Granular Analysis

C.1 Comparison with Token-Budget-Aware
Models

We compared our redundancy reduction method
with both quota-controlled models and reasoning
models under the same token budget, in order to
evaluate the effectiveness of our approach relative
to explicit quota-based control, as summarized in
Table 4.

In our experiments, to enable a fair compari-
son, the quota-controlled baseline methods such
as L1 (Aggarwal and Welleck, 2025) were evalu-
ated under three different inference budgets. Under
Budget1, each dataset were allowed the same to-
ken quota as TLDR. Under Budget2, each dataset
were allowed 1.2× the average TLDR output tokens.
Under Budget3, each dataset were restricted to at
most 0.8× the TLDR average output tokens. These
settings allowed us to systematically evaluate the
performance of L1 under varying token constraints
and compare it with our TLDR method. The results
show that our method achieves higher reasoning
accuracy than all the L1 (Aggarwal and Welleck,
2025) baselines under approximately the same to-
ken quota. As shown in Table 4, across different
inference budgets, L1 fails to achieve compression
rates comparable to TLDR, with observed rates of
23.80%, 28.01%, and 21.41%, all lower than that of
TLDR. This discrepancy is particularly pronounced
on simpler datasets such as GSM8K, where the
rigid quota-controlled mechanism of L1 leads to
inefficient use of computational resources.

Furthermore, our approach demonstrates more
efficient utilization of context length and does not
require explicitly specifying a reasoning quota, of-
fering a more flexible and adaptive inference mech-
anism. TLDR demonstrates stronger compression
efficiency on simple problems.

C.2 Discussion on Data Source Sensitivity
Our previous exploratory experiments helped de-
lineate the respective roles and difficulty ranges of
System-1 and System-2 data. Building on this, we
further investigate whether the difficulty levels cho-
sen for System-1 and System-2 data construction
influence the final TLDR performance.

Concretely, we collect question data span-
ning different difficulty levels and categorize
the sources into three tiers: Easy (GSM8K),
Medium (MATH500 training set), and Hard (s1-
style prompts). Based on these categories, we
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Model Accuracy Generation Length

GSM8K MATH AIME AMC Avg. GSM8K MATH AIME AMC A.C.R.↑
DS-Qwen-7B Models

Original 89.4 86.8 42.9 81.5 75.2 554 2861 6820 4510 –

TLDR 87.7 87.4 41.2 83.1 74.8 253 1556 6368 3386 32.89%
L1-Burget1 86.4 88.6 42.2 84.6 75.4 301 2301 5875 3784 23.80%
L1-Burget2 86.4 87.6 45.1 84.6 75.9 312 1831 5675 3807 28.01%
L1-Burget3 86.1 88.4 45.5 83.3 75.8 292 2589 6007 3746 21.41%

Table 4: Performance comparison of TLDR with the budget-aware baseline, L1 (Aggarwal and Welleck, 2025).
The accuracy is measured by sampling multiple responses from the LLMs to reduce variance. The terms Budget1,
Budget2, and Budget3 refer to different budget settings for L1. Budget1 is assigned the mean TLDR output token for
each dataset, Budget2 allows 1.2× the average TLDR output tokens for each dataset, while Budget3 allows fewer
tokens than the TLDR average, set to 0.8×.

Model Accuracy Generation Length

GSM8K MATH AIME AMC Avg. GSM8K MATH AIME AMC A.C.R.↑
System-1 Data Source Ablation

Original 89.4 86.8 42.9 81.5 60.1 554 2861 6820 4510 –
-Easy 87.7 87.4 41.2 83.1 59.9 253 1556 6368 3386 32.87%
-Medium 88.2 86.2 41.5 31.3 61.8 318 2083 6604 3945 21.37%
Hard 83.6 80.2 30.0 65.3 64.8 495 2970 6874 4947 2.64%

System-2 Data Source Ablation

Original 89.4 86.8 42.9 81.5 60.1 554 2861 6820 4510 –
-Easy 83.9 86.8 42.5 83.4 74.2 446 2639 6580 4047 10.26%
-Medium 91.6 87.6 40.4 81.5 75.3 342 2761 6553 4116 13.61%
-Hard 87.7 87.4 41.2 83.1 74.8 253 1556 6368 3386 32.87%

Table 5: Ablation study on the difficulty levels used for constructing System-1 and System-2 data. TLDR models are
trained using variants of System-1 and System-2 data constructed from questions of different difficulty levels.

perform a difficulty ablation by replacing the orig-
inal question sources used to construct System-1
and System-2 data with alternatives from other
difficulty levels. In our experimental design, we
replace the question sources used for System-1 data
construction with Medium and Hard problems, and
replace the question sources used for System-2
data construction with Easy and Medium problems.
This results in four additional variant configura-
tions, enabling us to systematically analyze the
impact of difficulty mismatches between System-1
and System-2 data on TLDR performance.

System-1 data uses simpler problems, en-
abling better token compression. We examine
how the composition of System-1 data affects the
generalization of compression. As shown in the
Table 5, replacing the questions used to construct
System-1 data with more difficult medium or hard
questions actually reduces the final compression

efficiency of TLDR. Specifically, the number of
tokens in the TLDR, compressed models A.C.R.
decreases from 32.87% to 21.37% and 2.64%. Our
experiments demonstrate that constructing compres-
sion data primarily from lower-difficulty problems
can effectively reduce the token count of high-
difficulty problems. System-2 data needs to be
sampled from more difficult problems to main-
tain accuracy. In contrast, using easier questions
for System-2 data impairs the recovery of original
reasoning performance during long CoT sampling.
As shown in Table 5, replacing the questions used to
construct System-2 data with Medium or Easy ques-
tions substantially reduces the final compression
efficiency of TLDR, with the A.C.R. dropping from
32.87% to 13.61% and 10.26%, respectively. These
experiments further validate the importance of per-
forming dynamic re-weighting by using sufficiently
challenging data in TLDR.
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Model Leetcode MBPP HumanEval Average

Pass@1↑ / Tokens↓ Pass@1↑ / Tokens Pass@1↑ / Tokens↓ Pass@1↑ / Tokens↓
Original 33.3 / 7088 61.4 / 1739 67.6 / 2692 54.1 / 3839
TLDR 34.4 / 6793 64.3 / 1234 73.1 / 2536 57.3 / 3521
Δ +1.1 / -295 +2.9 / -505 +5.5 / -156 +3.2 / -318

Table 6: Performance comparison between R1-Distill-Qwen-7B and TLDR across three popular coding benchmarks.
Pass@1 accuracy is reported alongside the average number of tokens generated.

Setting Step Size Avg. ↑ A.C.R ↑
Stardard 32 72.3 44.9

1/4 8 72.5(+0.2) 46.3(+1.4)
x4 128 70.3(-2.0) 43.2(-1.7)

Table 7: Effect of Step Size on Performance and A.C.R

C.3 Discussion and Analysis on the Non-Math
Domain Benchmark

To evaluate the model’s generalization capabili-
ties beyond the mathematical domain, we bench-
marked its performance on HumanEval (Chen and
Tworek, 2021), MBPP (Austin et al., 2021), and
LeetCode (Guo et al., 2024). These datasets allow
us to analyze code reasoning performance and ob-
serve how effectively the model extends its logic
to non-mathematical tasks. The comprehensive
results of this evaluation are presented in Table 6.

The experimental results demonstrate that under
Out-of-Distribution evaluation conditions, the rea-
soning compression strategy—initially optimized
on mathematical datasets—generalizes remarkably
well to complex programming challenges. This
strategy effectively mitigates reasoning redundancy,
shifting the model’s processing from a verbose, step-
by-step System-2 deliberation toward a more stream-
lined and efficient System-1 logical synthesis. As a
result, we observe a substantial reduction in output
token counts accompanied by a simultaneous boost
in Pass@1 accuracy. Specifically, we achieved con-
sistent gains in both computational efficiency and
task performance across the HumanEval, MBPP,
and LeetCode benchmarks, underscoring the cross-
domain robustness of our approach.

D Hyperparameter Analysis

In this section, we investigate the influence of part
hyperparameters on the TLDR framework. Specif-
ically, the TLDR method performs a reweighting
operation every 𝑇 steps. We conducted experi-

Initial Ratio Avg. ↑ A.C.R ↑
baseline initial mixture

1:1 72.3 44.9%

variant initial mixture

2:1 71.7 45.2%
3:1 72.3 41.5%
4:1 72.6 42.3%
1:2 73.4 41.9%
1:3 72.2 43.3%
1:4 71.7 45.2%

Table 8: Effect of initial mix of System-1/2 Data on
Performance and A.C.R

ments using step sizes of 𝑇 ∈ {8, 32, 128}, with
the results detailed in Table 7. Our observations
indicate that smaller step sizes (e.g., 𝑇 = 8 or 32)
consistently facilitate successful problem-solving.
Conversely, excessively large step sizes lead to a
marginal degradation in performance.

The TLDR method re-weights the data starting
from an initial System-1 to System-2 ratio. In
our primary experiments, this ratio is set to 1:1.
To investigate the robustness across different data
distributions, we conduct experiments with six al-
ternative initial ratios: 2:1, 3:1, 4:1, 1:2, 1:3, and
1:4. Detailed results are summarized in Table 8.
Our results indicate that varying the initial data pro-
portions does not significantly impact performance.

D.1 System-1/2 Data Pseudo Labeling
In this section, we explore methods for the auto-
mated annotation of System-1/2 data. The col-
lection of System-1/2 datasets primarily relies on
the identification and categorization of simple and
difficult problems.

There exist methods that automatically classify
difficulty without relying on human-labeled stan-
dards, for example, by using multiple-sample ac-
curacy or LLM-as-Judge to construct data. We
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Model Avg Acc ↑ A.C.R ↑
TLDR-7B 72.3 44.9%
TLDR-7B(Auto-Label) 73.1(+0.8) 46.8(+1.9)

TLDR-14B 73.5 35.8%
TLDR-14B(Auto-Label)73.9(+0.4) 41.7(+5.9)

Table 9: Performance of TLDR Baseline with Automated
Data Annotation Pipeline

selected one such automatic difficulty classification
mechanism to explore its compatibility and align-
ment with TLDR. Specifically, in our implementa-
tion, we labeled difficulty by repeatedly sampling
each question with the model to be compressed and
computing accuracy: for each question, we used
a proxy model to perform 8 independent samples,
counted the number of correct answers to calculate
the accuracy, and then assigned difficulty levels
based on the resulting accuracy.

System-1 questions are defined as easy problems
for which all samples are answered correctly, while
System-2 questions are defined as hard problems
with a sampling accuracy <= 0.125. We conducted
experiments on the OpenR1-220K subset of the
NuminaMath-CoT dataset. Following the above
procedure, we sampled 7k Easy questions and 1k
Hard questions, consistent with the scale of our
main experiments. Sampling was stopped once
7k Easy and 1k Hard questions were obtained. A
comparison between the results of fine-tuning with
automatically generated data and the TLDR method
based on open-source data is presented in Table
9. The results demonstrate that a simple auto-
mated difficulty-based filtering pipeline, combined
with TLDR, enables the automatic construction of
System-1/2 math reasoning datasets.

E Case Study

To further elucidate the behavioral divergence be-
tween the baseline and TLDR strategies, we per-
form a qualitative analysis using the DeepSeek-R1-
Distill-Qwen-7B model across three representative
benchmarks: GSM8K, AIME, and MATH500. As
illustrated in Figures 4–6, the baseline model fre-
quently exhibits verbose reasoning trajectories, of-
ten cluttered with redundant loops or speculative
fillers. Conversely, TLDR distills the reasoning pro-
cess into a significantly more concise format with-
out compromising logical rigor or final accuracy.
These cases underscore TLDR’s efficacy in filtering

superfluous cognitive overhead—such as excessive
self-correction or circular explorations—resulting
in a more streamlined and purposeful path.

F More Related Work

A parallel category of work explores the construc-
tion of efficient representations to optimize reason-
ing costs. TokenSkip (Xia et al., 2025) prioritizes
data based on token importance, leading to more
streamlined reasoning paths. Shifting from the dis-
crete token level to the continuous embedding level,
COCONUT (Hao et al., 2024) explores efficient
reasoning within the latent space. This direction is
further extended by ICoT-KD (Deng et al., 2024)
and CCoT (Cheng and Van Durme, 2024), which
develop specialized reasoning strategies in the hid-
den space. More recently, Token Assorted has been
proposed to strike a balance between interpretabil-
ity and efficiency by hybridizing hidden-space and
text-based reasoning.

F.1 LLM Utilization
During the preparation of this manuscript, the au-
thors employed the LLM Gemini (specifically the
Gemini 3 Flash variant) for the purpose of language
editing and grammatical refinement.
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Question:
Michael is traveling on the interstate at an average speed of 50km/hr (taking into account all the necessary stops 
for gas, relaxation, etc.). If he goes on like this for 3 days, and the distance between Alaska and Texas is 6000 km, 
what percentage of this distance has he covered?

Generated Answer For GSM8K

TLDR(248 tokens)

Let's break down the problem step by step.
1. Calculate the total distance Michael will 
travel: Michael is traveling at an average speed 
of 50 km/hr for 3 days. To find the total 
distance, we multiply the speed by the number 
of days: Total distance = 50km/hr × 3 days = 
150km.

Step 1: 82 tokens

So, Michael has covered 2.5% of the distance 
between Alaska and Texas.

Step 3: 16 tokens

Baseline (842 tokens)

Okay, let me try to figure out how much of the 
distance from Alaska to Texas Michael has covered. 
So, Michael is driving at an average speed of 50 km 
per hour, and he's doing this for 3 days. The total 
distance between Alaska and Texas is 6000 km. I need 
to find out what percentage of that 6000 km he's 
covered.\n\nFirst, I think I should calculate the total 
distance Michael has driven in those 3 days. To do that, 
I need to know how many hours he's been driving 
each day. Hmm, the problem says he's taking into 
account all stops for gas, relaxation, etc., so I guess 
he's driving non-stop each day.

Step 1:  114 tokens

But wait, how many hours is that? Oh, the problem 
doesn't specify the number of hours he drives each day. 
That's a bit confusing. Maybe I'm supposed to assume 
a certain number of hours per day? Or perhaps the 50 
km/h speed is his average speed including stops, so I 
can still use it to find the total distance.\n\nWait, 
maybe I can just calculate the total distance based on 
his average speed and the time. But without knowing 
the exact number of hours, I can't do that. 

......
Alternatively, maybe the problem meant 3 hours each 
day, but that's unclear. Wait, perhaps the problem is in 
a different context, like driving across multiple states 
for 3 days, but without knowing the daily driving time, 
it's hard to say.

Step 13: 40 tokens

2. Calculate the percentage of the distance 
between Alaska and Texas that Michael has 
covered:  The distance between Alaska and 
Texas is 6000 km. To find the percentage of 
this distance that Michael has covered, we use 
the formula:
Percentage = Distance covered

Total distance 
× 100   

Substituting the values:

Percentage =  
150

6000 
× 100 = 2.5

Step 2: 150 tokens

Step 2: 87 tokens

Maybe I should proceed with the initial assumption of 
24 hours per day, even though it's unrealistic, and 
provide that answer.\n\nSo, final calculation: 50 km/h 
* 72 h = 3600 km. 3600/6000 = 0.6 => 
60%.\n</think>\n\nThe final answer is 60%.

Step 14: 49 tokens

Figure 4: Comparison of reasoning processes on the GSM8K dataset.
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Question:
Let B be the set of rectangular boxes with surface area 54 and volume 23. Let r be the radius of the smallest 
sphere that can contain each of the rectangular boxes that are elements of B. The value of �2can be written 
as �

�
, where p and q are relatively prime positive integers. Find p + q

Generated Answer For AIME

TLDR(5960 tokens)

Observe that the \"worst\" possible box is one 
of the maximum possible length. \nBy 
symmetry, the height and the width are the 
same in this antioptimal box. (If the height and 
width weren't the same, the extra difference 
between them could be used to make the 
length longer.) Thus, let the width and height 
be of length $a$ and the length be $L$. 
\nWe're given that the volume is $23$; thus, 
$a^2L=23$.

Step 1: 84 tokens

To find the maximum m for $x^3-mx^2+27x-
23=0$\nrewrite m as function of x and 
calculate derivatives to get maximum value, 
\\[m(x) =-x + 27x^{-1} - 23x^{-2}\\]\n\\[m'(x) 
= -1 - 27x^{-2} -46x^{-3} = 0\\]\n\\[x^3 -
27x+46=0\\]\n\\[(x-2)(x^2+2x-23)=0\\]\nwhen 
x = 2, \\[m= 2 + \\frac{27}{2}  - \\frac{23}{4}  
= \\frac{39}{4}\\]\nthe rest is similar to 
solution 3.

Step 8: 60 tokens

......

Baseline (7482 tokens)

Observe that the \"worst\" possible box is one of the 
maximum possible length. \nBy symmetry, the height 
and the width are the same in this antioptimal box. (If 
the height and width weren't the same, the extra 
difference between them could be used to make the 
length longer.) Thus, let the width and height be of 
length $a$ and the length be $L$. \nWe're given that 
the volume is $23$; thus, $a^2L=23$.

Step 1:  87 tokens

We're also given that the surface area is 
$54=2\\cdot27$; thus, $a^2+2aL=27$. \nFrom the 
first equation, we can get $L=\\dfrac{23}{a^2}$. We 
do a bunch of algebra: 
\n\\begin{align*}\nL&=\\dfrac{23}{a^2} 
27&=a^2+2aL 
\\\\\n&=a^2+2a\\left(\\dfrac{23}{a^2}\\right) 
\\\\\n&=a^2+\\dfrac{46}a \\\\\n27a&=a^3+46 
\\\\\na^3-27a+46&=0. \\\\\n\\end{align*}\nWe can 
use the Rational Root Theorem and test a few values. 
It turns out that $a=2$ works. We use synthetic 
division to divide by $a-2$: 
\n[Asdf.png](https://artofproblemsolving.com/wiki/in
dex.php/File:Asdf.png)\nAs we expect, the remainder 
is $0$, and we are left with the polynomial $x^2+2x-
23$. ......

We're also given that the surface area is 
$54=2\\cdot27$; thus, $a^2+2aL=27$. \nFrom 
the first equation, we can get 
$L=\\dfrac{23}{a^2}$. We do a bunch of 
algebra: 
\n\\begin{align*}\nL&=\\dfrac{23}{a^2} 
\\\\\n27&=a^2+2aL 
\\\\\n&=a^2+2a\\left(\\dfrac{23}{a^2}\\right) 
\\\\\n&=a^2+\\dfrac{46}a \\\\\n27a&=a^3+46 
\\\\\na^3-27a+46&=0. \\\\\n\\end{align*}\nWe 
can use the Rational Root Theorem and test a 
few values. It turns out that $a=2$ works. We 
use synthetic division to divide by $a-2$: 
\n[Asdf.png](https://artofproblemsolving.com
/wiki/index.php/File:Asdf.png)\nAs we expect, 
the remainder is $0$, and we are left with the 
polynomial $x^2+2x-23$.

Step 2: 155 tokensStep 2: 168 tokens

To find the maximum m for $x^3-mx^2+27x-
23=0$\nrewrite m as function of x and calculate 
derivatives to get maximum value, \\[m(x) =-x + 
27x^{-1} - 23x^{-2}\\]\n\\[m'(x) = -1 - 27x^{-2} -
46x^{-3} = 0\\]\n\\[x^3 -27x+46=0\\]\n\\[(x-
2)(x^2+2x-23)=0\\]\nwhen x = 2, \\[m= 2 + 
\\frac{27}{2}  - \\frac{23}{4}  = 
\\frac{39}{4}\\]\nthe rest is similar to solution 
3\n~[luckuso](https://artofproblemsolving.comhttps:/
/artofproblemsolving.com/wiki/index.php/User:Cyan
tist)

Step 27: 168 tokens

Figure 5: Comparison of Reasoning process on AIME: Baseline vs. TLDR.
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Question:
The set of points $(x,y,z)$ that satisfy\n\\[2x = 3y = -z\\]is a line.\n\nThe set of points $(x,y,z)$ that satisfy\n\\[6x 
= -y = -4z\\]is another line.\n\nFind the angle between these lines, in degrees.

Generated Answer For MATH500

TLDR(204 tokens)

To find the angle between the two lines, we 
first need to determine their direction vectors. 
For the first line, given by \\(2x = 3y = -z\\), 
we can express it in parametric form. Let \\(2x 
= 3y = -z = t\\). 

Step 1: 44 tokens

Let \\(6x = -y = -4z = s\\). Then, we 
have:\n\n\\[\nx = \\frac{s}{6}, \\quad y = -s, 
\\quad z = \\frac{s}{-4}\n\\]\n\nThus, the 
direction vector \\(\\mathbf{w}\\) of the 
second line is \\(\\left(\\frac{1}{6}, -1, -
\\frac{1}{4}\\right)\\)

Step 3: 37 tokens

Baseline (1165 tokens)

Okay, so I've got this problem where there are two 
lines defined by sets of equations, and I need to find 
the angle between them. Hmm, let me see. The first 
line is given by the equations 2x = 3y = -z, and the 
second line is 6x = -y = -4z. I remember that to find 
the angle between two lines, I need to find the angle 
between their direction vectors. So, first step is 
probably to figure out the direction vectors of each 
line.\n\nLet me think about the first line: 2x = 3y = -z. 
I think that when an equation like this is given, it's 
setting all these expressions equal to some parameter, 
maybe t. 

Step 1:  138 tokens

So, I can write each variable in terms of t. Let me try 
that. Let's let 2x = 3y = -z = t. Then, x would be t/2, y 
would be t/3, and z would be -t. So, the parametric 
equations for the first line would be x = t/2, y = t/3, z 
= -t. \n\nNow, the direction vector of a line given in 
parametric form is the coefficients of the parameter t. 
So, looking at x = (1/2)t, y = (1/3)t, z = (-1)t, the 
direction vector for the first line is (1/2, 1/3, -1). 
Hmm, that seems a bit messy with fractions. Maybe I 
can scale it up to make it simpler. If I multiply each 
component by 6, which is the least common multiple 
of denominators 2 and 3, I get (3, 2, -6). So, the 
direction vector for the first line is (3, 2, -6). That 
makes things easier.\n\nAlright, moving on to the 
second line: 6x = -y = -4z. Similarly, I can set all of 
these equal to another parameter, maybe s. So, 6x = -
y = -4z = s.

......

Then, we have:\n\n\\[\nx = \\frac{t}{2}, \\quad 
y = \\frac{t}{3}, \\quad z = -t\n\\]\n\nThus, the 
direction vector \\(\\mathbf{v}\\) of the first 
line is \\(\\left(\\frac{1}{2}, \\frac{1}{3}, -
1\\right)\\).\n\nFor the second line, given by 
\\(6x = -y = -4z\\) ,  we can express i t  in 
parametric form as well.

Step 2: 52 tokens

Step 2: 237 tokens

3. Calculate the dot product of the direction vectors 
\\((3, 2, -6)\\) and \\((2, -12, -3)\\):\n   - \\(u \\cdot v = 
3 \\cdot 2 + 2 \\cdot (-12) + (-6) \\cdot (-3) = 6 - 24 + 
18 = 0\\).\n\nSince the dot product is zero, the vectors 
are perpendicular, meaning the angle between the 
lines is 90 degrees.\n\n\\[\n\\boxed{90}

Step 10: 68 tokens

Next, we use the dot product formula to find 
the angle between the two direction vectors. 
The dot product \\(\\mathbf{v} \\cdot 
\\mathbf{w}\\) is calculated as 
follows:\n\n\\[\n\\mathbf{v} \\cdot \\mathbf{w} 
=\\left(\\frac{1}{2}\\right)\\left(\\frac{1}{6}\\r
ight) + \\left(\\frac{1}{3}\\right)(-1) + (-
1)\\left(-\\frac{1}{4}\\right) = \\frac{1}{12} - 
\\frac{1}{3} + \\frac{1}{4}\n\\]

Step 4: 45 tokens

Simplifying the expression: [\n\\frac{1}{12} - 
\\frac{4}{12} + \\frac{3}{12} = \\frac{0}{12} 
= 0\n\\]\n\nSince the dot product is zero, the 
vectors are perpendicular, and thus the angle 
between the lines is \\(90^\\circ\\).

Step 5: 26 tokens

Figure 6: Comparison of Reasoning process on MATH500: Baseline vs. TLDR.
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