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Complex Questions: Reasoning over 1000s of Tokens

Luis Gianneo was teacher of which chief exponent of Argentine folk music?
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Reasoning in Long-Context QA

Given question and long-context input, step-by-step reason and give answer
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Luis Gianneo was teacher of which chief exponent of Argentine folk music?



Long-Context Post-
Training is Challenging

fReinforcement Learning

f

Sample inefficiency
Long contexts substantially increase 
rollout cost and exacerbate credit 
assignment

3

fChain-of-Thought Distillation
f

Performant teacher reliance
Even large models perform poorly on 
long contexts, decreasing distilled 
reasoning quality

Post-Training Methods 
for Reasoning Models



However, Not All of the Context Is Needed
What is the total number of words in the titles of all articles that have 
exactly 60 references? 

Full-text long context (128K tokens)

Meta-data proxy context (<1k tokens)
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Li et al., 2026. Who Gets Cited Most? Benchmarking Long-Context Numerical Reasoning on Scientific Articles

Example from SciTrek

What are the Proxy Contexts?

What is the total number of words in the titles of all articles that have exactly 60 references?

Full Context 128K tokens

Article 1: “Attention Is All You Need”
Vaswani et al.
The dominant sequence transduction models are based on complex recurrent. . .
Article 2: “BERT: Pre-training. . . ”
Devlin et al.
We introduce a new language representation model called BERT. . .
[+ 50 more full-text articles]

Proxy Context (SciTrek) 659 tokens

a
r
ti

c
le

s
ta

bl
e id title words authors refs

A1 Attention Is. . . 4 8 31
A2 BERT: Pre-tr. . . 9 4 60
A3 Transformer. . . 5 3 45
A4 GPT-3 Paper 2 12 60
A5 Deep Learn. . . 6 5 28 c

it
a
ti

o
n

s
ta

bl
e citing cited #

A1 A3 2
A2 A1 3
A2 A5 1
A3 A1 1
A4 A2 2

+ article-author table 8/12
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Performance on Proxy Context Is Much Better!

5



ProxyCoT: Transfering Proxy-Context 
Capabilities to Long Contexts 
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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).

Our post-training framework for long-context reasoning



Two Teacher Instantiations
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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).
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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).

ProxyCoT-ZS: using zero-shot 
large model as the teacher

ProxyCoT-RL: RL train a small 
model as the teacher with proxy 

contexts, init student from teacher



Experiments

Baseline methods (given long-context):

• Zero-Shot

• SFT - question → answer

• SFT+CoT - distillation from a strong teacher (Qwen3 235B)

• RLVR - outcome-based GRPO

Initial model: Qwen3 4B Instruct

Dataset: SciTrek

*See our paper for HotpotQA experiments
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ProxyCoT Outperforms Strong Long-Context 
Baselines

9

SFT+CoT



Proxy Performance Is Robust to Noise

• We add random sentences from other datapoints to proxy

• Silver-standard (high noise) performance is stable
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ProxyCoT Long-Context Capabilities Generalize 
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Trained on SciTrek, evaluated on Loong

Wang et al., 2024. Leave No Document Behind: Benchmarking Long-Context LLMs with Extended Multi-Doc QA.



Conclusion
Proxy-based reasoning improves 
long-context capabilities

Also in the paper:
• More experiments on HotpotQA 

(long-context wiki articles, proxy is gold 
evidence paragraphs)
• Ablations on ProxyCoT variants
• Efficiency analysis of reasoning traces

12

Paper


