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LLM reasoning capabilities can be transferred 

from short proxy contexts to full long contexts

1. LLMs exhibit performance 
disparity on proxy and full contexts

2. Can we transfer reasoning capabilities from short proxy contexts to full long 
contexts? Our solution: ProxyCoT, a two-stage training framework

v

3. Finding: ProxyCoT improves long-context 
reasoning across models (SciTrek in EM)

5. Finding: ProxyCoT-RL 
reduces inference compute

7. Ablation: Reasoning trace generation, the first stage of ProxyCoT-
RL, is robust to noise incorporated into the proxy context

4. Finding: ProxyCoT performs well across 
datasets (Extended HotpotQA in LLM scoring)

General two-stage pipeline of ProxyCoT (left), and two instantiations (right): ProxyCoT-ZS 
and ProxyCoT-RL
Minit: the initial model, MZS: a large teacher model (zero-shot), MRL: a small teacher 
model trained by RLVR on short proxy contexts, CoT distillation: supervised fine-tuning

- Proxy Context, a subset of the long 
input, provides all evidence required 
to get correct output

- LLMs should essentially share the 
same underlying reasoning process 
when working on the two types of 
contexts 
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6. Finding: ProxyCoT pushes LLMs 
better out-of-domain performance on 
Loong

Extended example 
for HotpotQA :
q: question, 
C : abbreviated 
long context, 
Cp : proxy context
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Abstract

Recent large language models support inputs
of up to 10 million tokens, yet they perform
poorly on long-context tasks that require com-
plex reasoning. Such tasks can be solved using
only a subset of the input — a proxy context —
rather than the full sequence. Despite sharing
the same underlying reasoning process, mod-
els exhibit a significant performance disparity
between proxy and full contexts. To improve
long-context reasoning, we propose ProxyCoT,
a novel training framework that transfers rea-
soning capabilities from short proxy contexts
to full long contexts. Specifically, we first ob-
tain high-quality chain-of-thought reasoning
traces on proxy contexts through reinforcement
learning or distillation from a larger teacher
model, and then ground the generated traces in
full long contexts with supervised fine-tuning.
Experiments across different datasets demon-
strate that ProxyCoT consistently outperforms
strong baselines with reduced computational
overhead. Furthermore, models trained with
ProxyCoT generalize their long-context reason-
ing capabilities to out-of-domain tasks.1

1 Introduction

Large language models (LLMs) have been de-
veloped with increasingly expansive context win-
dows, now reaching lengths of up to 10 million
tokens (Gemini Team, 2025; Llama Team, 2025;
Yang et al., 2025c). These models promise advance-
ments for long-context tasks that demand complex
reasoning, such as synthesizing insights from mul-
tiple medical reports or addressing analytical ques-
tions spanning several financial documents. Suc-
cessfully performing these tasks requires LLMs not
only to locate relevant information within exten-
sive inputs but also to reason effectively over the
extracted knowledge to produce correct responses.

1Our code, data, and models are available at https://
github.com/oaimli/ProxyCoT.

Figure 1: The disparity of model performance in the
zero-shot setting on SciTrek (Li et al., 2025a) when
showing full long contexts vs short proxy contexts in
terms of exact match. The full context includes 128K
tokens, while there are only around 650 tokens on av-
erage in a proxy context. Models work better on proxy
contexts, while the proxy context requires the same rea-
soning process as their corresponding full long context.

To enhance the reasoning capabilities of LLMs,
prior work has primarily relied on the chain-of-
thought distillation (Li et al., 2023; Ho et al.,
2023) and reinforcement learning (DeepSeek-AI
et al., 2025) to elicit visible, step-by-step reasoning
traces. These approaches have been successful on
short-context tasks, but exhibit notable limitations
when applied to long-context settings. Chain-of-
thought distillation, for instance, depends on the
high-quality reasoning traces from a teacher model,
which is typically large and therefore slow and
costly to query (Li et al., 2023; Ho et al., 2023;
DeepSeek-AI et al., 2025).2 Moreover, even strong
teacher models may produce unreliable traces on
complex long-context tasks. As an illustration, on
SciTrek, a recently released long-context question
answering benchmark over (full-text) scientific ar-
ticles, the best performing open-source model only
achieves 48.8% exact match (Li et al., 2025a). Re-
inforcement learning with policy-gradient methods,
often used when no suitable teachers are available,

2Closed-source models from OpenAI and Google do not
even provide access to their reasoning traces.
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Figure 2: General two-stage pipeline of ProxyCoT (left), and two instantiations (right): ProxyCoT-ZS and ProxyCoT-
RL. Given a target model Minit, ProxyCoT-ZS employs a large off-the-shelf model MZS as the teacher to generate
CoTs from proxy contexts, and then fine-tunes Minit as the student to generate CoTs on corresponding long contexts.
ProxyCoT-RL first optimizes Minit using RLVR to obtain CoTs on proxy contexts, and subsequently fine-tunes the
RL-optimized model MRL as the student to ground these CoTs in corresponding long contexts.

sampling over long sequences during training. CoT
distillation avoids sampling costs, but still requires
querying large teacher models on full long contexts
to generate reasoning traces, which is both time-
consuming and computationally intensive. More-
over, even strong teacher models may fail to pro-
duce reliable traces for difficult long-context tasks.
Our approach addresses these limitations by using
proxy contexts to generate intermediate training
signals, enabling efficient training without requir-
ing long-context inference from teacher models.

Long-context Language Models The ability
to fully utilize long sequences has been a long-
standing challenge for language models (Liu et al.,
2025). A core difficulty is representing token posi-
tions over long sequences. Rotary Position Embed-
dings (RoPE; Su et al. 2024) replace absolute posi-
tional embeddings with rotational transformations,
and subsequent extensions (e.g., YaRN) rescale po-
sitional frequencies to support longer contexts with-
out full retraining (Peng et al., 2024). Another bot-
tleneck is the quadratic cost of Transformer atten-
tion. Sparse-attention models (e.g., Longformer)
reduce computation by restricting attention patterns
to selected entries of the full matrix, improving
both prefilling and inference efficiency (Beltagy
et al., 2020; Jiang et al., 2024; Fu et al., 2024).
Many contemporary long-context LLMs interleave
sparse and full-attention layers to balance efficiency
and quality (Dubey et al., 2024; Yang et al., 2025a;
Gemma Team, 2025).

Many modern LLMs also incorporate long-
context-specific training data and post-training pro-
cedures. For example, Qwen2.5-1M (Yang et al.,

2025c) and Qwen3 (Yang et al., 2025a) use syn-
thetic long-context data during pre-training and
multi-stage supervised fine-tuning tailored to long
contexts. Similarly, OLMo 3 (Olmo et al., 2025)
includes curated long-context data and synthetic
aggregation-style tasks. However, due to the ex-
pense and evaluation challenges of long-context su-
pervision, such training often targets generic long-
context understanding rather than eliciting faithful,
step-by-step reasoning on downstream tasks.

In this work, we reformulate long-context tasks
into a setting that enables collecting high-quality
reasoning traces (via proxy contexts), and then train
models to reproduce these traces when conditioned
on the original long context.

3 ProxyCoT Training

This section introduces ProxyCoT, our two-stage
training framework designed to enhance long-
context reasoning in question answering. Given
proxy contexts containing the minimal informa-
tion required to answer each question, ProxyCoT
operates in a teacher-student paradigm with two
stages, shown in Figure 2. In Stage 1, a teacher
model generates high-quality reasoning traces over
proxy contexts. In Stage 2, these reasoning traces
are used to fine-tune a student model on the cor-
responding long contexts via chain-of-thought dis-
tillation. As the reasoning traces can be obtained
from a large off-the-shelf model or based on re-
inforcement learning, ProxyCoT has two variants:
ProxyCoT-ZS and ProxyCoT-RL (Figure 2 right).

SciTrek
q What is the smallest number of authors for any article in the

collection?
C {7 full-text scientific articles}
Cp Article title: Existence and uniqueness for Legendre curves

There are 6 words in the title (separated by spaces).
There are 2 authors: Tomonori Fukunaga, Masatomo Taka-
hashi
There are 9 references in the reference section.
The other provided articles are not cited by this article.
{we cut down the text because of limited space.}
Article title: Effect of higher-order interactions on synchro-
nization of neuron models with electromagnetic induction
There are 12 words in the title (separated by spaces).
There are 4 authors: Mohanasubha Ramasamy, Subhasri
Devarajan, Suresh Kumarasamy, Karthikeyan Rajagopal
There are 37 references in the reference section.
The other provided articles are not cited by this article.

HotpotQA
q Luis Gianneo was teacher of which chief exponent of Ar-

gentine folk music?
C {67 full-text Wikipedia articles}
Cp Luis Gianneo (1897–1968) was an Argentine composer,

pianist and conductor.
As music educator, he was the teacher of composers Ariel
Ramirez, Juan Carlos Zorzi, Virtú Maragno, Pedro Ignacio
Calderón and Rodolfo Arizaga, among others.

Table 2: Example questions (q), abbreviated long
contexts(C), and their proxy contexts (Cp) for SciTrek
(top) and HotpotQA (bottom).

We report results on two question answering
benchmarks: SciTrek (Li et al., 2025a) and Hot-
potQA (Yang et al., 2018). SciTrek is a long-
context question answering benchmark, testing
model reasoning capabilities over multiple scien-
tific articles. Each instance consists of an article
collection formed by concatenating several articles
to a target length (released at 64k, 128k, 512K,
and 1M tokens), with collections constructed ei-
ther by random sampling within topical clusters or
by traversing citation graphs to preserve citation
structures. SciTrek’s questions generally require
many steps of reasoning, such as comparison, sort-
ing, filtering, and aggregating. As these questions
(and their answers) are generated based on meta-
data about titles, authors, and references for each
collection, we simply use a textual representation
of the metadata as the proxy context of the full long
context (see the example in Table 2).

HotpotQA is a multi-hop question answering
benchmark based on Wikipedia articles, requiring
models to reason and derive the answer from multi-
ple documents. Each instance comprises a collec-
tion of Wikipedia articles and a question-answer
pair. To create inputs of varying length up to 128K

Dataset Full Context Proxy Question Answer

SciTrek 83,018.3 659.4 18.9 16.7
HotpotQA 77,764.4 301.1 24.5 4.5

Table 3: Dataset statistics for SciTrek and HotpotQA:
average number of tokens in full contexts, proxy con-
texts, questions, and ground-truth answers, based on the
tokenizer of Qwen3-4B-Instruct.

tokens, we extended each instance by appending ad-
ditional full Wikipedia articles that are cited by the
original context articles as needed. Details about
how we construct long contexts for HotpotQA are
provided in Appendix A. For each question, Hot-
potQA provides human-annotated supporting sen-
tences, which are a subset of sentences from the
corresponding input articles. We use the concate-
nation of these annotated evidence sentences as the
proxy context, since they contain the information
required to answer the question (see Table 2).

Due to limited computational resources, we re-
strict our experiments to data with contexts of up
to 128K tokens (7,290/413/840 instances for Sc-
iTrek and 4,136/400/600 for HotpotQA in train-
ing/development/testing).4 More statistics for Sc-
iTrek and HotpotQA are in Table 3.

4.2 Implementation Details
Large Teacher Sampling We use Qwen3-235B-
A22B-Thinking as the teacher model for both Sc-
iTrek and HotpotQA to generate reasoning traces
on proxy contexts for Stage 1. It uses a Mixture-of-
Experts architecture with 235B total parameters, of
which only ~22B are active during inference, and
supports contexts of up to 256K tokens. Among
the open-source models we evaluated, it achieved
the strongest overall performance, motivating its
use as our teacher model. No training is required
to collect reasoning traces from it; we sample three
times and select only traces that result in correct an-
swers. We run inference with vLLM (Kwon et al.,
2023), and temperature sampling set to 0.7, nucleus
sampling with top_p = 0.8, and top-k sampling
with top_k = 20. We set min_p to 0, and cap
generations to a maximum of 32,768 tokens.

RLVR Training For RL training in Stage 1
(see Figure 2), we optimize our models using
DAPO (Yu et al., 2025). At each training step,
DAPO samples a group of reasoning traces from

4All experiments were conducted on 8 NVIDIA HGX
H200 GPUs.

3.1 Acquiring CoTs on Short Proxy Contexts

For any long-context question answering task, a
proxy context Cp denotes a compact version of the
long input C that preserves answerability. CoTs
over proxy contexts should transfer to the corre-
sponding full long contexts. Formally, we denote
each example as a question–context pair (q, C)
with ground-truth answer a. Each context has a
corresponding proxy, Cp, which is substantially
shorter (|Cp| → |C|) while containing sufficient
information to answer the question. Our goal is to
obtain a dataset D = {(qi, Cp

i , ti, ai)} of reasoning
traces t generated conditioned on proxy contexts.

Large Teacher Generation We query a large
off-the-shelf teacher model MZS to generate rea-
soning traces conditioned on proxy contexts: t ↑
pω(t | q, Cp), where ω denotes the teacher model
parameters. We retain only traces that yield correct
answers, resulting in high-quality demonstrations.
The teacher estimates the distribution over reason-
ing traces given the question and proxy context.
Compared to generating traces over full long con-
texts, inference on shorter proxies is substantially
faster and more cost-effective.

Reinforced Self-exploration If a capable off-the-
shelf large teacher model is unavailable (e.g., it is
too expensive to run or performs poorly on our spe-
cific task), we train the target model Minit directly
on proxy contexts using reinforcement learning
with verifiable rewards (RLVR). RLVR optimizes
pε(t | q, Cp) to maximize the probability of gen-
erating traces that lead to correct answers. After
training, the resulting model MRL with parame-
ters εRL estimates pεRL(t | q, Cp), from which we
sample reasoning traces for the dataset D. This
approach enables the model to learn task-specific
reasoning structure while focusing exclusively on
the necessary information in proxy contexts.

3.2 Grounding CoTs in Full Long Contexts

Stage 2 transfers the reasoning patterns learned
through short proxy contexts to full long contexts.
The student model must learn to reproduce rea-
soning traces while conditioning on the full con-
text C rather than the proxy Cp. We achieve this
through supervised fine-tuning (SFT) on reasoning
traces conditioned on (q, C). Crucially, the two
ProxyCoT variants (illustrated in the right part of
Figure 2) differ in their Stage 2 objectives:

Specification Qwen3-4B Gemma3-4B

Number of Parameters 4B 4B
Native Context Size 256K 32K
Supporting Context Size 256K 128K
Attention Architecture Dense Sparse
Release Date July 2025 March 2025

Table 1: Details of experimental models: Qwen3-4B-
Instruct-2507 and Gemma3-4B-IT. Gemma3-4B-IT sup-
ports the 128K-token context based on RoPE scaling.

ProxyCoT-ZS The off-the-shelf teacher model
MZS generates traces from proxy inputs: t ↑
pω(t | q, Cp). We then use the target model Minit
as the student to reproduce the teacher’s reasoning
structure while grounding it in the full long context.
We fine-tune Minit by minimizing:

LSFT = ↓E(q,C,Cp,t) [log pε(t | q, C)] (1)

ProxyCoT-RL The RL-optimized model MRL

acts as the teacher generating reasoning traces from
proxy inputs: t ↑ pεRL(t | q, Cp). We then further
train MRL as the student to minimize:

LSFT = ↓E(q,C,Cp,t) [log pεRL(t | q, C)] (2)

This continues training from the RL checkpoint,
teaching the model to apply its learned reasoning
patterns to full long contexts. As shown in our
ablations (Table 8), starting from MRL rather than
Minit is crucial for ProxyCoT-RL’s performance.

4 Experimental Setup

This section describes the models and datasets we
use in our experiments. In addition to our experi-
mental setting, we discuss implementation details
and evaluation metrics.

4.1 Models and Datasets

We conduct experiments with two widely-
used open-source long-context language models:
Qwen3-4B-Instruct-2507 (Yang et al., 2025a) and
Gemma3-4B-IT (Gemma Team, 2025).3 The two
models differ substantially in architecture and
modality, as shown in Table 1. Qwen3-4B-Instruct-
2507 is dense and text-only, while Gemma3-4B-IT
is sparse and multimodal.

3We obtained models from www.huggingface.co:
Qwen/Qwen3-4B-Instruct-2507 and google/gemma-3-4b-it.
Qwen3-4B-Instruct abbreviates Qwen3-4B-Instruct-2507.

Model Training Strategy Proxy→ Full→

Qwen3-235B-Instruct Zero-shot 72.7 45.2
Qwen3-235B-Thinking Zero-shot 85.6 48.8

Qwen3-4B-Instruct

Zero-shot 67.2 30.8
SFT on C 39.0 19.5

RLVR on C 66.1 32.9
SFT on C, CoT→ 45.8 31.6

ProxyCoT-ZS 67.8 38.8
ProxyCoT-RL 88.5 46.5

Gemma3-4B-IT

Zero-shot 34.2 3.0
SFT on C 19.1 12.7

RLVR on C 39.9 5.5
SFT on C, CoT→ 53.1 36.9

ProxyCoT-ZS 64.2 36.5
ProxyCoT-RL 69.8 43.7

Table 4: Performance of Qwen3-4B-Instruct and
Gemma3-4B-IT on SciTrek, in terms of exact match (%).
Models are evaluated with Proxy and Full contexts
as input. C: full long contexts, and CoT→: chain-of-
thought reasoning traces generated by Qwen3-235B-
A22B-Thinking on full long contexts.

the policy and computes advantages for each trace
through group-based normalization of their re-
wards. The model parameters are then updated
based on these advantage estimates. As both of our
tasks require short strings as answers, we adopt a
simple sum of F1 and exact match to represent the
reward as a function of the ground-truth answer a
and our predicted answer â:

R(a, â) = F1(a, â) + 1a==â (3)

We perform RL training with OpenRLHF (Hu et al.,
2024) with a batch size of 64 and a maximum gen-
eration length of 2,048 tokens. We set the actor
learning rate to 5e-7, apply dynamic reward filter-
ing with a range of (0.3, 2.0), and use clipping
parameters (0.2, 0.3) for the policy update. For
each prompt, we sample 8 trajectories. Models are
trained for 10 epochs.

SFT on CoTs In Stage 2, both ProxyCoT-ZS and
ProxyCoT-RL use supervised fine-tuning (SFT) to
distil chain-of-thought traces. We implement SFT
with OpenRLHF (Hu et al., 2024), using a batch
size of 64 and a learning rate of 5e-6. We apply
linear learning-rate warm up over the first 10% of
training steps.

4.3 Evaluation Metrics
We generate final answers using the default decod-
ing settings for Qwen3-4B-Instruct and Gemma3-
4B-IT. For models based on Qwen3-4B-Instruct,

Model Training Strategy Proxy→ Full→

Qwen3-235B-Instruct Zero-shot 92.1 60.8
Qwen3-235B-Thinking Zero-shot 93.2 50.7

Qwen3-4B-Instruct

Zero-shot 91.3 44.5
SFT on C 92.6 48.8

RLVR on C 88.6 48.1
SFT on C, CoT→ 84.5 40.2

ProxyCoT-ZS 91.4 50.3
ProxyCoT-RL 92.1 52.7

Table 5: Performance of Qwen3-4B-Instruct on Hot-
potQA evaluated with GPT5-mini as judge in terms of
accuracy (%). Models are evaluated with Proxy and
Full contexts as input. C: full long contexts, and CoT→:
chain-of-thought reasoning traces from Qwen3-235B-
A22B-Thinking on full long contexts.

we decode with temperature 0.7, top_p = 0.8,
top_k = 20, min_p = 0, and a maximum gen-
eration length of 2,048 tokens. For Gemma3-
4B-IT based models, we use temperature 1.0,
top_p = 0.95, top_k = 64, and a maximum of
2,048 generated tokens.

We evaluate model performance based on the
quality of the generated answers. For SciTrek, fol-
lowing Li et al. (2025a), we use exact match and
F1 comparing the generated answer against the
ground-truth answer. For HotpotQA, where ac-
ceptable answers can be more variable, we adopt a
model-based evaluation protocol following previ-
ous work (Sun et al., 2024; Perez-Beltrachini and
Lapata, 2025). We use GPT5-mini as the judge,
assessing the generated answer against the ground-
truth answer in the prompt. The evaluation prompt
and more details are provided in Appendix B.

5 Main Results

In this section, we present experimental results
comparing our training framework against a range
of baselines. We further analyze the reasoning
traces produced by each method and evaluate ro-
bustness via an out-of-domain transfer task.

ProxyCoT improves long-context reasoning
across model families. We compare our train-
ing framework with several baselines, which are
based on Qwen3-4B-Instruct or Gemma3-4B-IT
and do not make use of proxy contexts. These
baselines include: (1) supervised fine-tuning (SFT)
on full long contexts without generating reasoning
traces, (2) reinforcement learning with verifiable re-
wards (RLVR) on full contexts, and (3) SFT on full
long contexts using reasoning traces generated by

Model Training Strategy Proxy→ Full→

Qwen3-235B-Instruct Zero-shot 72.7 45.2
Qwen3-235B-Thinking Zero-shot 85.6 48.8

Qwen3-4B-Instruct

Zero-shot 67.2 30.8
SFT on C 39.0 19.5

RLVR on C 66.1 32.9
SFT on C, CoT→ 45.8 31.6

ProxyCoT-ZS 67.8 38.8
ProxyCoT-RL 88.5 46.5

Gemma3-4B-IT

Zero-shot 34.2 3.0
SFT on C 19.1 12.7

RLVR on C 39.9 5.5
SFT on C, CoT→ 53.1 36.9

ProxyCoT-ZS 64.2 36.5
ProxyCoT-RL 69.8 43.7

Table 4: Performance of Qwen3-4B-Instruct and
Gemma3-4B-IT on SciTrek, in terms of exact match (%).
Models are evaluated with Proxy and Full contexts
as input. C: full long contexts, and CoT→: chain-of-
thought reasoning traces generated by Qwen3-235B-
A22B-Thinking on full long contexts.

the policy and computes advantages for each trace
through group-based normalization of their re-
wards. The model parameters are then updated
based on these advantage estimates. As both of our
tasks require short strings as answers, we adopt a
simple sum of F1 and exact match to represent the
reward as a function of the ground-truth answer a
and our predicted answer â:

R(a, â) = F1(a, â) + 1a==â (3)

We perform RL training with OpenRLHF (Hu et al.,
2024) with a batch size of 64 and a maximum gen-
eration length of 2,048 tokens. We set the actor
learning rate to 5e-7, apply dynamic reward filter-
ing with a range of (0.3, 2.0), and use clipping
parameters (0.2, 0.3) for the policy update. For
each prompt, we sample 8 trajectories. Models are
trained for 10 epochs.

SFT on CoTs In Stage 2, both ProxyCoT-ZS and
ProxyCoT-RL use supervised fine-tuning (SFT) to
distil chain-of-thought traces. We implement SFT
with OpenRLHF (Hu et al., 2024), using a batch
size of 64 and a learning rate of 5e-6. We apply
linear learning-rate warm up over the first 10% of
training steps.

4.3 Evaluation Metrics
We generate final answers using the default decod-
ing settings for Qwen3-4B-Instruct and Gemma3-
4B-IT. For models based on Qwen3-4B-Instruct,
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Qwen3-235B-Instruct Zero-shot 92.1 60.8
Qwen3-235B-Thinking Zero-shot 93.2 50.7

Qwen3-4B-Instruct

Zero-shot 91.3 44.5
SFT on C 92.6 48.8

RLVR on C 88.6 48.1
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ProxyCoT-ZS 91.4 50.3
ProxyCoT-RL 92.1 52.7

Table 5: Performance of Qwen3-4B-Instruct on Hot-
potQA evaluated with GPT5-mini as judge in terms of
accuracy (%). Models are evaluated with Proxy and
Full contexts as input. C: full long contexts, and CoT→:
chain-of-thought reasoning traces from Qwen3-235B-
A22B-Thinking on full long contexts.

we decode with temperature 0.7, top_p = 0.8,
top_k = 20, min_p = 0, and a maximum gen-
eration length of 2,048 tokens. For Gemma3-
4B-IT based models, we use temperature 1.0,
top_p = 0.95, top_k = 64, and a maximum of
2,048 generated tokens.

We evaluate model performance based on the
quality of the generated answers. For SciTrek, fol-
lowing Li et al. (2025a), we use exact match and
F1 comparing the generated answer against the
ground-truth answer. For HotpotQA, where ac-
ceptable answers can be more variable, we adopt a
model-based evaluation protocol following previ-
ous work (Sun et al., 2024; Perez-Beltrachini and
Lapata, 2025). We use GPT5-mini as the judge,
assessing the generated answer against the ground-
truth answer in the prompt. The evaluation prompt
and more details are provided in Appendix B.

5 Main Results

In this section, we present experimental results
comparing our training framework against a range
of baselines. We further analyze the reasoning
traces produced by each method and evaluate ro-
bustness via an out-of-domain transfer task.

ProxyCoT improves long-context reasoning
across model families. We compare our train-
ing framework with several baselines, which are
based on Qwen3-4B-Instruct or Gemma3-4B-IT
and do not make use of proxy contexts. These
baselines include: (1) supervised fine-tuning (SFT)
on full long contexts without generating reasoning
traces, (2) reinforcement learning with verifiable re-
wards (RLVR) on full contexts, and (3) SFT on full
long contexts using reasoning traces generated by

Qwen3-235B-A22B-Thinking. As an upper bound,
we also compare the smaller models against zero-
shot Qwen3-235B-A22B-Thinking.

Results in Table 4 show that ProxyCoT-ZS and
ProxyCoT-RL consistently outperform these train-
ing alternatives, improving performance on both
full long contexts and short proxy contexts, and
across model architectures. Notably, ProxyCoT-RL
substantially improves Qwen3-4B-Instruct, achiev-
ing performance competitive with the much larger
Qwen3-235B-A22B-Thinking model. Moreover,
ProxyCoT-RL consistently outperforms ProxyCoT-
ZS, suggesting that reasoning traces generated via
RLVR can be more effective distillation targets
than zero-shot traces from a large teacher model.
It is worth noting that operating on short proxy
contexts is equivalent to retrieval-augmented gen-
eration (RAG) with perfect retrieval, i.e., an oracle
retriever that always selects exactly the right ev-
idence, thereby representing an upper bound on
what any RAG approach can achieve (the second-
to-last column in Table 4).

ProxyCoT performs well across datasets. Ta-
ble 5 reports results on HotpotQA, corroborating
the trends observed on SciTrek: ProxyCoT consis-
tently improves long-context question answering.
Although the baseline Qwen3-4B-Instruct model is
already strong on proxy inputs, ProxyCoT yields
clear gains when evaluated on full long contexts,
outperforming both SFT and RLVR on full con-
texts. In particular, ProxyCoT-RL achieves the best
performance on full contexts, indicating that dis-
tilling high-quality traces obtained on proxy inputs
remains effective for improving long-context rea-
soning on HotpotQA.

ProxyCoT-RL reduces inference compute. Be-
yond eliminating the need to generate teacher traces
on full long contexts and requiring less computa-
tion during reinforcement learning, ProxyCoT-RL
also induces substantially shorter reasoning traces
at inference time. As shown in Table 6 (Qwen3-
4B-Instruct on SciTrek), ProxyCoT-RL uses fewer
CoT tokens on average while achieving better accu-
racy than the other optimization strategies. These
results suggest that ProxyCoT-RL improves long-
context performance while simultaneously reduc-
ing inference-time budget.

ProxyCoT-RL also pushes out-of-domain long-
context capabilities. To further validate the out-
of-domain generalization capabilities of ProxyCoT,

Training Strategy CoT Tokens→ EM↑

Zero-shot 1,744 30.8
RLVR on C 937 32.9
SFT on C, CoT→ 6,683 31.6
ProxyCoT-ZS 5,520 38.8
ProxyCoT-RL 617 46.5

Table 6: Models trained with different training strategies
use different numbers of chain-of-thought (CoT) tokens
when showing full long contexts. Results are based
on Qwen3-4B-Instruct on SciTrek. CoT→: chain-of-
thought reasoning traces are generated by Qwen3-235B-
A22B-Thinking on full long contexts.

we report results on Loong (Wang et al., 2024), a
benchmark designed to evaluate long-context lan-
guage models through extended multi-document
question answering (every document in each test
case must be considered to derive the final an-
swer). Loong features four long-context task types:
Spotlight Locating, Comparison, Clustering, and
Chain of Reasoning, and represents the domains
of Financial Reports, Academic Papers, and Legal
Cases (with context lengths ranging from 10K to
beyond 200K tokens). We evaluate ProxyCoT-RL
(trained on SciTrek) on Loong, considering En-
glish instances only up to 128K tokens without any
further adaptation.5

As shown in Table 7, both Qwen3-4B-Instruct
and Gemma3-4B-IT demonstrate improved per-
formance on Loong across different domains af-
ter training with ProxyCoT-RL.6 On financial re-
ports, both models show gains, with Gemma3-
4B-IT exhibiting particularly substantial improve-
ment (25.85 ↓ 32.05). More notably, on aca-
demic papers, a domain represented in Loong
but with different questions than those in SciTrek,
both models achieve substantial performance in-
crease, with Gemma3-4B-IT improving from 3.55
to 24.32. These cross-domain gains demonstrate
that ProxyCoT-RL enhances general long-context
reasoning capabilities of the models rather than
simply memorizing task-specific patterns.

6 Analysis and Ablations

We further analyze the significance of the two train-
ing stages in our framework, and conduct experi-
ments with alternative proxy contexts to examine

5We tested our models on 309 instances in Financial Re-
ports and 119 in Academic Papers, omitting instances in the
domain of Legal Cases which are all in Chinese.

6We follow the evaluation prompt and code from https:
//github.com/MozerWang/Loong.

Model Training Financial→ Academic→

Qwen3-4B-Instruct Zero-shot 37.76 24.91
ProxyCoT-RL 40.83 42.51

Gemma3-4B-IT Zero-shot 25.85 3.55
ProxyCoT-RL 32.05 24.32

Table 7: Results on Loong (domains of Financial Re-
ports and Academic Papers) when the model is zero-shot
or trained on SciTrek with ProxyCoT-RL, in terms of
answer quality (scored on a 1–100 scale by GPT-5 mini
as the judge).

Stage 1 Stage 2
Model (RLVR) (SFT) Proxy→ Full→

Qwen3-4B-Instruct
✁ ✁ 88.5 46.5
✁ ✂ 91.5 29.0
✂ ✁ 77.5 46.3

Gemma3-4B-IT
✁ ✁ 69.8 43.7
✁ ✂ 88.5 8.0
✂ ✁ 65.2 37.3

Table 8: Ablations on ProxyCoT-RL using Qwen3-4B-
Instruct and Gemma3-4B-IT with SciTrek. We report
results in terms of exact match (%) on proxy and full
contexts. There are two stages in training: reinforce-
ment learning with verifiable rewards (RLVR) in Stage 1,
and supervised fine-tuning (SFT) in Stage 2.

whether their quality impacts performance.

6.1 Ablations on Two-stage Training
Table 8 summarizes ablation studies with both
Qwen3-4B-Instruct and Gemma3-4B-IT. We report
performance on proxy and full contexts in three set-
tings: (a) our full training with both RLVR and
SFT; (b) only RLVR-based training; and (c) only
SFT-based training but with reasoning traces from
RLVR. Models trained with RLVR learn to reason
based on proxy contexts and can be applied to long
contexts without any grounding. Models trained
with SFT learn the task by observing long contexts,
questions, and reasoning traces with answers.

Our results show model performance on full long
contexts is best when both training stages are em-
ployed (see column Full in Table 8). When only
reinforcement learning takes place (Stage 1), we
observe that performance on proxy contexts is su-
perior to the other two strategies (i.e., Stage 2 or
Stage 1 + Stage 2). We also find the first stage of
training gives Gemma3-4B-IT a larger performance
boost in long contexts (37.3 ↑ 43.7) than Qwen3-
4B-Instruct (46.3 ↑ 46.5). As Gemma3-4B-IT
has worse zero-shot performance than Qwen3-4B-

Proxy Type #Tokens Perf.→

Random sentences from full context 1,102 3.4
Titles, authors and references of the
context articles

20,344 24.6

Sc
iT

re
k

Descriptions of the structured meta-
data (provided by SciTrek)

659 91.5

Random sentences from full context 385 15.8
Sentences semantically related to the
question

364 35.1

H
ot

po
tQ

A

Ground-truth evidence sentences
(provided by HotpotQA)

301 92.2

Table 9: Performance of Qwen3-4B-Instruct after RLVR
with different types of proxy contexts on SciTrek and
HotpotQA in terms of exact match (%) and accuracy
(%, evaluated with GPT5-mini as judge), respectively.

Instruct (see Table 4), we conjecture that models
with poorer zero-shot capabilities at long contexts
may benefit more from RL on proxy contexts.

6.2 Alternative Proxy Contexts

Proxy contexts in our experiments were obtained
from annotations provided in SciTrek and Hot-
potQA (see examples in Table 2). In this sec-
tion, we first experiment with automatically cre-
ated proxies under the assumption that high-quality
annotations might be scarce. We examine different
proxies for full long contexts based on information
retrieval.

For SciTrek, we simply use article titles, authors,
and reference sections of input articles as the proxy
context, since the questions (and their answers)
focus on information contained therein. For Hot-
potQA, we use sentences semantically related to
the question as the proxy context, assuming that
unrelated sentences introduce noise into the answer
generation process. We first obtain related sen-
tences via lexical search with BM25 (Robertson
and Zaragoza, 2009) and then via semantic search
based on sentence embeddings (text-embedding-3-
small from OpenAI). Finally, we retrieve random
sentences as proxy contexts for both datasets.

As shown in Table 9, proxy contexts based on
annotations are of much higher quality compared
to automatically sourced ones. Perhaps unsurpris-
ingly, proxies based on randomly selected sen-
tences carry no useful information for answering
the question. For HotpotQA, semantically related
sentences based on information retrieval are bet-
ter than random ones but still a poor substitute
for annotation-based proxies. For SciTrek, even

Dataset Oracle: Noise #Tokens Performance→

SciTrek

1:5 5,471 85.3
1:2 2,588 89.9
1:1 1,622 91.3
1:0 659 91.5

HotpotQA

1:5 1,853 83.7
1:2 922 88.4
1:1 607 90.1
1:0 301 92.2

Table 10: Performance of Qwen3-4B-Instruct trained
with ProxyCoT-RL on noisy proxy contexts: human-
annotated proxies augmented with randomly sampled
sentences as noise. Results on SciTrek are reported as
exact match (%); on HotpotQA as accuracy (%), judged
by GPT5-mini. The Oracle:Noise column gives the ratio
of oracle evidence sentences to injected noise sentences;
1:0 denotes no injected noise.

though titles, authors and references are the only
relevant pieces of information for answering the
question, their unstructured nature makes learning
difficult. Structured metadata is far more advanta-
geous for learning targeted reasoning traces than
pure text (despite the two formats being equally
sufficient to answer the question). This analysis
shows that better designed proxy contexts enable
ProxyCoT to improve long-context reasoning.

We further evaluate the robustness of ProxyCoT-
RL by introducing controlled noise into the proxy
contexts. Specifically, we train Qwen3-4B-Instruct
using our ProxyCoT-RL on both SciTrek and Hot-
potQA with degraded proxies. These proxies are
constructed by augmenting the oracle evidence
(i.e., the human-annotated proxy contexts) with
randomly injected irrelevant sentences. The results
in Table 10 demonstrate that ProxyCoT-RL remains
robust under noisier conditions, with performance
degrading only marginally as the proportion of in-
jected noise increases.

7 Conclusion

We introduced ProxyCoT, a two-stage training
framework for long-context reasoning that lever-
ages proxy contexts, i.e., shorter inputs that pre-
serve the information needed to solve a task. Prox-
yCoT is motivated by a consistent performance gap
between full long contexts and their proxy coun-
terparts, despite requiring the same underlying rea-
soning. Across model families and benchmarks,
we show that ProxyCoT improves long-context
question answering while reducing inference-time

budget. More broadly, ProxyCoT offers a practi-
cal route to strengthening long-context reasoning
without relying on teacher-generated traces over
full long contexts, providing an efficient alternative
in settings where training and supervising long-
context models remain challenging.

Limitations

While learning via proxy contexts offers a promis-
ing direction for improving long-context reasoning,
our work has several limitations:

• Our approach assumes access to proxy con-
texts that contain sufficient evidence to answer
each question. Constructing such proxies can
be non-trivial for some real-world tasks and
domains. In future work, we plan to explore
methods for automatically constructing effec-
tive proxy contexts.

• Some of our tasks can also be addressed with
workflow-based solutions, such as retrieval-
augmented generation, which retrieves rele-
vant evidence and conditions generation on
the retrieved subset. Studying such systems-
level approaches is outside the scope of this
paper; our focus is on improving the inherent
long-context capabilities of language models.

• Although our framework generalizes across
multiple model families and datasets, our ex-
periments are limited to English due to data
availability and computational constraints. Ex-
tending to other languages and domains is an
important direction for future work, contin-
gent on obtaining suitable proxy contexts.
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