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Abstract

Extending LLM context windows is hindered by scarce high-quality long-
context data. Recent methods synthesize data with genuine long-range
dependencies via information-theoretic verification, selecting contexts that
reduce a base model’s predictive entropy. However, their single-pass offline
construction with a fixed model creates a fundamental off-policy gap: the
static screening landscape misaligns with the model’s evolving capabilities,
causing the training distribution to drift. We propose PolicyLong, shifting
data construction towards a dynamic on-policy paradigm. By iteratively re-
executing data screening (entropy computation, retrieval, and verification)
using the current model, PolicyLong ensures the training distribution tracks
evolving capabilities, yielding an emergent self-curriculum. Crucially,
both positive and hard negative contexts derive from the current model’s
entropy landscape, co-evolving what the model learns to exploit and resist.
Experiments on RULER, HELMET, and LongBench-v2 (Qwen2.5-3B) show
PolicyLong consistently outperforms EntropyLong and NExtLong, with
gains growing at longer contexts (e.g., +2.54 at 128K on RULER). The
improvements further hold when scaling up to a 7B model (OLMo3-7B),
confirming that the value of on-policy data evolution generalizes across
model family and scale.

1 Introduction

Processing long contexts effectively is currently a core challenge for large language models
(Huo et al., 2025; Liu et al., 2024). Although architectural advances such as rotary position
embeddings (Su et al., 2024) and efficient attention (Dao et al., 2022) have extended context
windows beyond 128K tokens, high-quality long-context training data remain scarce and
are a critical bottleneck. Since such documents are rare in web-scale corpora, recent methods
(Gao et al., 2024; 2025b; Jia et al., 2025) instead synthesize training data by concatenating
short documents and verifying genuine long-range dependencies (Fang et al., 2024). For
instance, EntropyLong (Jia et al., 2025) uses information-theoretic verification to measure
whether prepending a candidate context reduces the base model’s predictive entropy at
high-uncertainty positions, thereby certifying meaningful cross-document dependencies.

Despite their principled design, previous methods share a fundamental limitation: they
construct all training data in a single offline pass using a fixed base model, introducing
an off-policy gap. As training progresses, the model’s capabilities evolve: positions that
were initially uncertain become trivial and provide diminishing optimization signal. In
other words, the static dataset, calibrated to the base model’s initial uncertainty profile,
grows increasingly misaligned with the trained model’s actual information deficits, yielding
diminishing returns. This observation suggests that long-context data construction should
not be a static preprocessing step, but a closed loop that co-evolves with model training.

Recent advances in on-policy learning and self-distillation (Hiibotter et al., 2026; Zhao
et al., 2026; Qu et al., 2026; Shenfeld et al., 2026) likewise show that models learn more
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Figure 1: Overview of PolicyLong. Top: iterative on-policy training across stages, where the
current model M; re-executes data screening and progressively shifts training toward harder
dependencies, yielding an implicit self-curriculum. Bottom: per-stage data construction,
including entropy computation on root document A, candidate retrieval, entropy-based
positive verification, on-policy hard negative construction, and final sequence assembly.

effectively when supervision is derived from their current policy, yet this principle remains
largely unexplored in long-context data synthesis, which still relies exclusively on fixed
base models. Inspired by these advances, we propose PolicyLong, a framework that shifts
long-context data construction to a dynamic, on-policy paradigm. At its core lies an Iterative
Self-Curriculum (§3.2): we partition the training process into T stages, where the current
model M; re-executes the complete data screening pipeline—entropy computation, retrieval,
and verification—at each stage. As M; improves, its entropy landscape shifts: previously
challenging positions become low-entropy (mastered), while the remaining high-entropy
positions represent genuinely difficult long-range dependencies. This yields an implicit
curriculum without explicit difficulty scheduling: early stages surface relatively basic
dependencies, while later stages naturally concentrate on the model’s true learning frontier.

Crucially, this on-policy principle extends beyond positive context selection. At each stage,
we retrieve candidates that are semantically similar to the identified positive contexts,
treated as hard negatives (§3.3). Because these negatives are tied to the current model’s
uncertainty, their difficulty naturally aligns with the model’s capabilities: as the model
learns to handle long-context dependencies better, the hard negatives it encounters shift
accordingly. Consequently, the entire training distribution—dictating both what the model
should exploit and what it must resist—is governed by a unified on-policy mechanism,
overviewed in Figure 1.

Experiments on RULER (Hsieh et al., 2024), HELMET (Yen et al., 2024), and LongBench-v2
(Bai et al., 2024) with Qwen2.5-3B demonstrate that PolicyLong consistently outperforms
strong baselines NExtLong (Gao et al., 2025b) and EntropyLong (Jia et al., 2025), with
gains that grow with context length (e.g., +2.54 at 128K on RULER). We further validate
the method on OLMo03-7B (Olmo et al., 2025) under a production-scale 50B-token budget,
confirming that the advantage carries across model family (Qwen2.5 — OLMo3) and scale
(3B — 7B). In addition, we provide a comprehensive analysis of the key design choices of
PolicyLong to understand its effectiveness.

Our contributions are summarized as follows:
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Figure 2: Empirical evidence for the off-policy gap. (a) The entropy distribution of positions
initially identified as high-entropy by the base model shifts significantly across stages,
demonstrating progressive data—model misalignment. (b) Target-word loss with the posi-
tive context decreases rapidly, indicating that base-model-identified dependencies become
trivially easy for the trained model.

1. We propose PolicyLong, an on-policy long-context training framework that itera-
tively refreshes data with the current model, yielding an implicit self-curriculum as
the model’s learning frontier evolves.

2. We introduce a unified on-policy data construction strategy for both positive con-
texts and hard negatives, enabling the model to exploit useful distant evidence
while resisting plausible distractors.

3. Experiments on RULER, HELMET, and LongBench-v2 show that PolicyLong
achieves the strongest overall long-context performance, especially at longer con-
texts, and that its advantage holds across model family and scale.

2 Preliminary Analysis: Evidence for the Off-Policy Gap

Before presenting our method, we provide empirical evidence for the two core motivations
behind PolicyLong: (1) static base-model data becomes progressively misaligned with
the evolving model, and (2) base-model-identified dependencies become insufficiently
challenging as training proceeds.

Static data becomes misaligned with the evolving model. We track the predictive entropy
of positions originally identified as high-entropy by the fixed base model, re-evaluating them
using progressively trained models M; at each stage. Figure 2a reveals a consistent decline
in median entropy from 6.63 to 5.34 across stages, with the interquartile range narrowing
substantially. Rather than remaining uniformly high-entropy, many of these positions are
resolved by the evolving model, while its actual learning frontier moves elsewhere. This
means that a static dataset, calibrated solely to the base model’s initial uncertainty profile,
fails to capture the model’s shifting knowledge gaps, providing direct evidence for the
off-policy gap.

Base-model dependencies provide diminishing training signal. We further track the
target-word loss on fixed base-model-selected data (with the verified positive context chunk
B prepended) across training stages. Figure 2b shows that loss decreases consistently across
all filler distances d € {0, 1k, 4k, 16k, 32k, 64k}, with the steepest decline at shorter distances.
This indicates that the model rapidly masters the base-model-identified dependencies,
receiving progressively weaker gradient signals. We further verify in Section 5 (Figure 3)
that data constructed on-policy at later stages exhibits significantly higher difficulty than
static data, with the gap widening across stages—confirming that the off-policy gap not
only exists but compounds over time. The diminishing challenge from static positive
dependencies motivates two design choices: (1) iterative on-policy data refresh to keep
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the training distribution aligned with the model’s evolving frontier, and (2) on-policy hard
negative construction to maintain training difficulty, both detailed next.

3 Method

Figure 1 summarizes the full framework. We first recap the EntropyLong pipeline on which
PolicyLong is built (§3.1), then present the two key mechanisms that turn it into an on-policy
closed loop: iterative self-curriculum (§3.2) and on-policy hard negative construction (§3.3).

3.1 Preliminaries: EntropyLong recap

We briefly review the EntropyLong pipeline, which forms the foundation of our approach.
Given a root document A and a retrieval corpus R:

1. Entropy computation: Compute per-token entropy Hy(x;|x;) for each position in
A using the base model M.

2. High-entropy position identification: Select positions where entropy exceeds a
threshold .

3. Candidate retrieval: Use text fragments around high-entropy positions as queries
to retrieve top-k candidates from R.

4. Entropy-reduction verification: For each candidate B, verify that prepending B
to A significantly reduces the predictive entropy at the identified high-entropy
position x;:

Hum(xilx<i) — Hum(xi|B, x<i)

Hu(xilx<i)

where x_; represents the context preceding x; within A.

5. Sequence construction: Randomly shuffle all verified positive contexts { By, By, ...}
and prepend them to A: [shuffle(By, By, ...)] A.

AH(B, Xi) =

> Tpos 1)

3.2 Iterative Self-Curriculum

The central idea of PolicyLong is to replace EntropyLong’s single-stage, off-policy data
construction with an iterative, on-policy closed loop. We partition training into T stages. At
eachstaget € {0,1,...,T—1}:

1. Sample a fresh document set D; from the source corpus D.

2. Execute the full dependency screening and construction pipeline (Section 3.3) using
the current model M;.

3. Obtain training data S; (fixed at N tokens per stage).

4. Train M; on S; to obtain M; .

Each stage uses a fixed budget of N newly sampled tokens (e.g., 1B), yielding a total of N x T
training tokens. The crucial difference from EntropyLong is that each stage re-executes the
complete data screening pipeline with the current on-policy model M;, rather than reusing
a static dataset. As M; improves, its entropy landscape shifts: previously high-entropy
positions may become low-entropy (mastered), while remaining high-entropy positions
represent the model’s true learning frontier.

Implicit curriculum. This design gives rise to an implicit curriculum without explicit diffi-
culty scheduling. In early stages, the model is weak and many positions exhibit high entropy,
yielding relatively basic dependencies. In later stages, only genuinely difficult positions
remain high-entropy, and the screening pipeline automatically selects more challenging
dependencies. The curriculum arises naturally from the closed loop between the model’s
evolving uncertainty and the data construction process.

Rather than keeping the entropy threshold 7 fixed, we let it increase across stages, taking
progressively larger values over training (e.g., T € {0.2,0.4,0.6,0.8} for T = 4). As the
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model improves, this rising threshold keeps each stage focused on an increasingly stringent
high-entropy frontier, regardless of how the overall entropy distribution shifts.

3.3 On-Policy Hard Negative Construction

Hard negatives are effective for robust long-context training (Gao et al., 2025b), and in
PolicyLong they arise naturally from the same on-policy screening process used for positive
contexts. Because the full pipeline is re-executed with the current model M; at every stage,
their identity and difficulty automatically co-evolve with the model.

For each sampled document in D;, we perform the following steps.
High-entropy position identification and candidate retrieval.

Following Section 3.1, we first use M; to compute per-token entropy on the root document
A, select high-entropy positions via the stage-increasing threshold 7, and retrieve top-k
candidates from the corpus R using fragments around those positions as queries.

Hard negative construction via secondary retrieval.

EntropyLong trains the model to exploit useful context, but not to resist plausible distractors.
To capture such distractors, PolicyLong constructs hard negatives via secondary retrieval.
For each verified positive context B (passing Eq. 1 for position x;), we use it as a query
against the database to retrieve top-k semantically similar candidates C.

These candidates act as potent hard negatives: they are textually and semantically highly
similar to the true supporting evidence B, yet they are intrinsically distractors because they
are merely nearest-neighbor retrieved texts rather than the actual verified document. Since
the positive context B that seeds this secondary retrieval is determined by the current model
M,’s entropy landscape, the resulting hard negatives remain fully on-policy and become
progressively harder as M; evolves.

Training sequence construction.

We construct the final training sequence by assembling the target document A, all m verified
positive contexts {Bl, ...,Bu }, and their corresponding secondary-retrieved hard negatives

{C](l),. .., C](k)} for each positive B]-. Crucially, instead of padding with random external
texts, all these chunks are globally shuffled and prepended to A:

globally shuffled {By, ..., B,,, C\",...,CiF}] A ?)

By globally shuffling the positive contexts into a massive cluster of highly confusing,
secondary-retrieved hard negatives, we force the model to genuinely read and comprehend
the semantics to select the correct evidence, rather than relying on superficial similarity or
positional recency shortcuts (Liu et al., 2023).

Screening-training distance decoupling. We decouple the sequence length used for screen-
ing from that used for training. Screening uses shorter contexts (e.g., 2K tokens) for efficiency
by only evaluating a small subset of candidates, whereas training scales up to the full target
length. To reach the long target length, we rely entirely on these retrieved candidates.
We dynamically adjust the secondary retrieval depth: if a document has fewer verified
positive candidates, we proportionally increase k (the number of hard negatives retrieved
per positive candidate). In this way, the total volume of the globally shuffled positive and
hard-negative chunks naturally fills the entire required context window. This decoupling is
justified because the contrastive property of hard negatives is preserved—and empirically
even amplified—as the overall distance and distractor volume increase.

After constructing the full-length sequence entirely from these shuffled chunks, we train
with the standard next-token prediction loss, maintaining simplicity and fair comparability
with EntropyLong and NExtLong. Full pseudocode is in Appendix B, and Appendix E
discusses the computational efficiency and pipelining of this process, showing that the
effective overhead is near zero.
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4 Experiments

4.1 Experimental setup

Base model. We use Qwen2.5-3B as the base model, with an initial context window size of
32K tokens, targeting a 128K context window through long-context extension training.

Iterative configuration. We train for T = 4 stages, with 1B tokens per stage, yielding 4B
total training tokens. For fair comparison, all baselines use the same total token budget (4B
tokens in a single stage).

Baselines. We compare against the two most recent competitive baselines: (1) NExtLong
(Gao et al., 2025b), which uses embedding-based heuristic hard negatives; (2) EntropyLong
(Jia et al., 2025), the single-stage entropy-reduction method.

Instruction tuning for downstream evaluation. We evaluate instruction-following long-
context benchmarks only after supervised fine-tuning (SFT). Concretely, after long-context
extension training, we further apply the same SFT recipe to all compared models using
LongMagpie (Gao et al., 2025a), a self-synthesis method that generates large-scale long-
context instruction data, and report LongBench-v2 in this post-SFT setting.

Evaluation benchmarks. We organize evaluation into two groups based on whether SFT
is applied. (1) Pre-SFT long-context evaluation: RULER (Hsieh et al., 2024) at 8K-128K
for synthetic long-range retrieval and reasoning, and HELMET (Yen et al., 2024) at 8K-
128K for holistic long-context understanding. Both are evaluated directly on base models
before SFT to measure intrinsic long-context capabilities. (2) Post-SET long-context evaluation:
LongBench-v2 (Bai et al., 2024) for instruction-following document-level tasks, evaluated
after SFT because its format requires instruction-tuned models (see Appendix D).

4.2 Main results

Long-context performance beyond 32K.

Table 1 presents results on RULER (before SFT), HELMET (before SFT), and LongBench-v2
(after SFT) at context lengths beyond 32K, where the off-policy gap is most pronounced. On
RULER, PolicyLong outperforms EntropyLong at both lengths, with the margin widening
as context grows: +1.21 at 64K and +2.54 at 128K. This widening gap is consistent with the
on-policy hypothesis: longer contexts amplify the misalignment between static training
data and the model’s evolving capabilities, making on-policy data evolution increasingly
valuable. On HELMET, evaluated on the base models before SFT, PolicyLong similarly leads
by +2.63 at 64K and +2.49 at 128K, confirming that the on-policy advantage acquired during
continual pre-training directly enhances document-level comprehension.! On LongBench-
v2, PolicyLong achieves notable gains over EntropyLong on Medium (+2.9) and Long
(+2.8)—the subsets requiring handling 32K-2M input contexts. This matches the iterative
self-curriculum: as later-stage screening concentrates on the model’s true frontier, the
training data better prepares it for hard downstream tasks.

Performance at shorter context lengths (<32K).

Table 2 reports results on RULER and HELMET at context lengths of 8K, 16K, and 32K, as
well as LongBench-v2 on the Short (<32K) subset. Since Qwen2.5-3B already exhibits strong
context handling within its native 32K window, the headroom for further improvement at
these lengths is inherently limited. Nevertheless, PolicyLong achieves the best overall short-
context performance among all synthesis methods, and after SFT it even slightly surpasses
the base model, showing that on-policy long-context training preserves short-context ability.

1Unlike RULER, the on-policy margin on HELMET does not widen with context length. We
hypothesize that current pre-training evaluation does not fully elicit the scaling advantage observed
in highly structured tasks; exploring more challenging unstructured tasks is left to future work.
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Table 1: Long-context benchmark results (>32K) on Qwen2.5-3B. PolicyLong consistently
outperforms all baselines, with the advantage widening at longer contexts (e.g., +2.54
over EntropyLong at 128K on RULER). RULER and HELMET are evaluated before SFT;
LongBench-v2 is evaluated after SFT. LongBench-v2 Med.: 32K-128K input; Long: 128K-2M
input.

RULER HELMET LongBench-v2
Model 64K 128K Avg 64K 128K Avg Med. Long Avg
Qwen25-3B 6536 63.22 64.29 40.53 38.99 39.76 215 206 211
NExtLong 70.17 61.71 65.94 4535 41.24 43.30 237 269 253
EntropyLong 69.86 63.45 66.66 43.88 40.08 41.98 242 287 265
PolicyLong 71.07 65.99 68.53 46.51 42.57 44.54 271 315 293

Table 2: Performance at shorter context lengths (<32K) on Qwen2.5-3B. PolicyLong achieves
the best overall short-context performance among all synthesis methods, confirming that
on-policy long-context training does not compromise short-context capability. RULER and
HELMET are evaluated before SFT; LongBench-v2 Short is evaluated after SFT.

RULER HELMET LB-v2
Model 8K 16K 32K Avg 8K 16K 32K  Avg Short
Qwen2.5-3B 86.43 8224 76.82 81.83 5830 55.85 51.36 55.17 35.8
NExtLong 85.82 80.73 7590 80.82 5752 56.00 51.19 54.90 40.6
EntropyLong 8520 8049 75.67 80.45 58.11 54.67 48.83 53.87 40.0
PolicyLong 86.05 82.00 78.23 82.09 59.34 56.64 52.57 56.18 40.6

4.3 Cross-family and cross-scale validation on OLMo3-7B

To verify that PolicyLong is not tied to a single base model, we additionally train it on
OLMo3-7B (Olmo et al., 2025), covering both a cross-family (Qwen2.5 -+ OLMo3) and a
cross-scale (3B — 7B) setting, under a production-scale budget of 50B tokens (one order
of magnitude larger than the 4B controlled budget used on Qwen2.5-3B). All compared
methods share the same base + LongMagpie SFT trajectory. Besides NExtLong and Entropy-
Long, we additionally retrain Longmino, a baseline that reuses OLMo3'’s official long-context
stage-extension data under the same pipeline, with long-context (>32K) results reported in
Table 3.

On OLMo3-7B, PolicyLong achieves the best long-context average on all three benchmarks,
while trailing NExtLong slightly at RULER 64K (73.3 vs. 73.7). On RULER it reaches a
long-context average of 73.00 (+2.95 over EntropyLong), with the largest gap at 128K (+4.0
over EntropyLong, +3.2 over NExtLong); on HELMET it leads with 55.75 (+1.65 over
EntropyLong, +2.80 over NExtLong); and after SFT on LongBench-v2 it attains the best
long-context average of 29.39, where the Long (128K—2M) subset improves by +4.32 over
EntropyLong and +5.55 over NExtLong. Consistent with the Qwen?2.5-3B results, the margin
again concentrates at the longest contexts, confirming that the benefit of on-policy data
evolution does not depend on a single base model.

5 Ablations and Analysis

5.1 Component Ablation

We conduct systematic ablations to isolate the contribution of each on-policy component
(Tables 4 and 5). We study three settings: Iteration (whether entropy is re-computed with
the updated model M; at each stage), Hard Negatives (whether hard negatives are included,
and if so, whether they are static—constructed once with My—or on-policy—reconstructed at
each stage with M;), and Curriculum (whether the difficulty threshold adapts dynamically
across stages). Unless otherwise specified, all ablations are performed on Qwen2.5-3B.

Effect of iterative model updates. Enabling Iteration alone raises the >32K average from
66.66 to 67.14, with a modest <32K gain (80.45 — 80.77). Re-computing entropy with the
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Table 3: Cross-family and cross-scale validation on OLMo3-7B (>32K), trained under a
production-scale 50B-token budget. PolicyLong achieves the best long-context average
on RULER, HELMET, and LongBench-v2, with its strongest gains at the longest context
settings. RULER and HELMET are evaluated before SFT; LongBench-v2 is evaluated
after SFT. Avg denotes the long-context average: (64K+128K)/2 for RULER/HELMET
and (Med.+Long)/2 for LongBench-v2. TLongmino reuses OLMo3’s official long-context
stage-extension data, retrained under the same pipeline.

RULER HELMET LongBench-v2
Model 64K 128K Avg 64K 128K Avg Med. Long Avg

LongminoJr 714 654 6840 546 481 51.35 2527 24.07 24.67
NExtLong 73.7 695 71.60 549 51.0 5295 25.74 2377 2476
EntropyLong 714 68.7 70.05 56.0 522 54.10 28.68 25.00 26.84
PolicyLong 733 727  73.00 571 544  55.75 29.46 2932 29.39

Table 4: Ablation on RULER at long contexts (>32K) for Qwen2.5-3B. Iter. = Iteration; EL =
EntropyLong. v’/ x denotes enabled/disabled.

Configuration Iterr. HN Curr. 64K 128K Avg
EntropyLong X X X 69.86 63.45 66.66
* Jteration v X X 70.66 63.62 67.14
* Hard Negatives X v X 70.27 64.66 67.46
e Curriculum X X v 70.01 63.75 66.88
e Iter. + Curriculum v X v 70.13 6411 67.12
e Jter. + HN v v X 6995 65.16 67.56
¢ HN + Curriculum X v v 70.53 6528 67.91
PolicyLong (Full) v v v 71.07 65.99 68.53

updated model refreshes the positive training signal, but without an increasing threshold
or hard negatives the re-screened data still spans a similar difficulty distribution, limiting
the gain. Curriculum alone barely moves the >32K average (66.88), since without iterative
re-screening its threshold schedule operates on the fixed base-model entropy landscape;
only when combined with Iteration does it take effect, lifting the <32K average to 81.12
(67.12 at >32K). The stage-increasing threshold T then ensures that each stage focuses on
the updated model’s true high-entropy frontier rather than recycling positions already
mastered, allowing the self-curriculum to take effect.

Effect of hard negatives. Hard Negatives are the strongest single component: enabling HN
alone already lifts the >32K average to 67.46 (+0.80), confirming that the contrastive signal—
training the model to resist plausible distractors—provides a stronger optimization benefit
than refining positive-context selection alone. Adding On-policy HN on top of Iteration
raises the >32K average to 67.56. Notably, the HN + Curriculum configuration (static hard
negatives screened once by My, without Iteration) reaches 67.91, the strongest result among
the partial configurations, showing that introducing hard negatives is beneficial even when
static. However, only when we enable Iteration does this contrastive signal become truly
on-policy, co-evolving with the current model to yield the largest overall improvement.

Complementarity of components. The full PolicyLong configuration achieves the best results
on both groups: 68.53 (>32K) and 82.09 (<32K). The three components address orthogonal
axes of the on-policy principle—lIteration aligns the positive training signal, Curriculum
adapts the difficulty distribution, and On-policy HN co-evolves the contrastive signal—and
their combination yields the largest improvement.

5.2 Difficulty Progression of Constructed Data

To verify that the on-policy mechanism surfaces progressively harder dependencies, we
define a data difficulty metric: for data generated at stage t, we compute the loss reduction
Loss(Py) — Loss(M;_1), where P is the base model and M;_; is the model trained up to
the previous stage (P;_1 for PolicyLong, E;_1 for EntropyLong). A larger value indicates
that the constructed dependencies are harder for the base model yet learnable by the trained
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Table 5: Ablation on RULER at short contexts (<32K) for Qwen2.5-3B. Iter. = Iteration; EL =
EntropyLong. v/ x denotes enabled/disabled.

Configuration Iter HN Curr. 8K 16K 32K Avg

X 8520 80.49 75.67 80.45
85.74 80.65 7592 80.77
8530 8144 7649 81.08
85.13 81.04 7571 80.63
85.61 8123 7651 81.12
85.81 81.68 7651 81.33
8524 81.68 7719 81.37
86.05 82.00 78.23 82.09

EntropyLong X
e Jteration v
* Hard Negatives X
e Curriculum X
e Jter. + Curriculum v
e Jter. + HN v
e HN + Curriculum X
PolicyLong (Full) v
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Figure 3: Data difficulty progression. We measure the loss reduction from the base model to
the progressively trained model on data generated at Stage 2 and Stage 3. PolicyLong yields
a significantly larger loss gap than EntropyLong, indicating that it successfully surfaces
harder, non-trivial dependencies.

model—exactly the property that effective on-policy data should exhibit. As shown in
Figure 3, at Stage 2 PolicyLong yields Loss(Py) — Loss(P;) = +0.293, versus EntropyLong’s
Loss(Py) — Loss(E;) = +0.185; at Stage 3 the margin widens to +0.541 versus +0.322. This
compounding effect confirms that the on-policy closed loop pushes the training distribution
toward increasingly challenging dependencies that static screening fails to capture.

5.3 General Short-Text Capability Retention

Table 6 compares the base model and the full PolicyLong model on general short-text
benchmarks for Qwen2.5-3B. The purpose of this comparison is not to claim gains on
short-text tasks, but to verify that the proposed long-context training recipe does not erode
general short-context reasoning and commonsense ability. Consistent with EntropyLong,
PolicyLong preserves essentially the same average short-text performance (59.04 vs. 58.99),
without sacrificing general short-context ability.

6 Related work

Long-context data construction. Since naturally long documents are rare in web-scale
corpora, recent work synthesizes long-context data by concatenating short documents.
Early heuristics either randomly concatenate documents (Xiong et al., 2023) or sort them
by embedding similarity (Shi et al., 2024), but lack verification of genuine dependencies.
More targeted methods—query-centric synthesis (Quest, Gao et al., 2024), dependency-
recognition synthesis (Re3Syn, Zhang et al., 2025), and resource-efficient synthesis (LiteLong,
Jia et al., 2026)—still rely on heuristic verification. EntropyLong (Jia et al., 2025) instead
adopts entropy-reduction verification, checking whether a candidate context significantly
reduces the base model’s predictive entropy at high-uncertainty positions. Yet all these
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Table 6: General short-text benchmark results on Qwen2.5-3B. We compare the base model
and the full PolicyLong model to verify that long-context extension does not degrade general
short-text capabilities.

Model ARC-C ARC-E HellaSwag PIQA LogiQA WinoGrande Avg
Qwen2.5-3B  45.04 77.36 55.00 78.24 29.95 68.35 58.99
PolicyLong 45.90 78.45 53.97 78.02 29.95 67.96 59.04

methods build the dataset in a single offline pass with a fixed model, so the static distribution
grows misaligned with the evolving model—the off-policy gap. PolicyLong bridges it by
turning data construction into an iterative, on-policy closed loop.

On-policy learning and implicit self-curriculum. On-policy learning holds that models
learn more effectively from feedback derived from their current policy than from fixed,
off-policy data. This has been validated across diverse settings, including on-policy self-
distillation for reasoning (Zhao et al., 2026), continual learning (Shenfeld et al., 2026), credit
assignment in RL (Hiibotter et al., 2026), and privileged exploration for hard reasoning (Qu
et al., 2026). Such learning naturally induces an implicit curriculum—as feedback evolves
with the model, training difficulty progresses accordingly—echoing curriculum (Bengio
et al., 2009) and active learning (Settles, 2009). Yet this principle remains unexplored in
long-context data construction, which relies entirely on a fixed base model. PolicyLong
brings it to this domain: the model’s own entropy landscape serves as the on-policy signal,
and the resulting self-curriculum needs no explicit scheduling—early stages surface basic
dependencies while later stages focus on the model’s learning frontier.

Hard negative mining. Hard negative mining is well-established in contrastive learning
(Chen et al., 2020; Robinson et al., 2021) and dense retrieval, where strategies have evolved
from static negatives (Karpukhin et al., 2020) to dynamic ones that refresh with the model
(Xiong et al., 2021; Qu et al., 2021). In long-context training, NExtLong (Gao et al., 2025b)
mines embedding-similar distractors as hard negatives, but selects them once with a fixed
model—a static, off-policy criterion. PolicyLong instead constructs hard negatives via
secondary retrieval seeded by the current model M;’s verified positives. Since these positives
are determined by M;’s entropy landscape, the negatives co-evolve with the model, forming
a unified on-policy mechanism governing both what the model exploits and what it resists.

7 Conclusion

PolicyLong reformulates long-context data construction as an iterative on-policy process
rather than a fixed offline step. By re-screening data with the current model, it keeps both
positive contexts and hard negatives aligned with the model’s evolving frontier and induces
an implicit self-curriculum across stages. Experiments on Qwen2.5-3B and OLMo3-7B
show consistent gains over static baselines on long-context benchmarks while preserving
short-text capability, with the advantage holding across model family and scale. Overall, the
results suggest that on-policy data construction is a more effective paradigm for long-context
extension than one-shot offline screening.

8 Limitations

Our study validates PolicyLong on Qwen2.5-3B and OLMo03-7B, spanning two model
families and two scales (3B and 7B) as well as both controlled (4B-token) and production-
scale (50B-token) budgets. Extending the framework to substantially larger models (>30B)
and to even longer target windows (>256K) remains computationally demanding and is
left to future work. In addition, while the iterative refresh delivers consistent gains, the
marginal benefit diminishes at larger stage counts (e.g., T=5); designing adaptive refresh
schedules that keep improving in this regime is a promising direction.
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Algorithm 1 PolicyLong: On-Policy Long-Context Training

Require: Source corpus D, Retrieval corpus R, Base model My, stages T, tokens per stage

N, sequence length L, entropy thresholds { Tt}th_Ol increasing with ¢
Ensure: Long-context model Mt
1: fort =0toT —1do
Sample document set D; from D
3:  for root document A € D; do
4: Compute per-token entropy using M;
5 Set the stage entropy threshold 7z < 0.2(t + 1), increasing with t (t; €
{0.2,0.4,0.6,0.8} for T = 4)

6: Select positions whose entropy exceeds 1;
7: Retrieve K candidate contexts from R using fragments around those positions
8: Verify the positive-context set B3 = {Bj, ..., By } satisfying AH(Bj, x;) > Tpos
9: Initialize the hard-negative collection C <+ &
10: Set secondary retrieval depths {k;}., so that the combined chunks fill target length
]_
L
11: for each verified positive context B; € B do
k:
12: Retrieve C; = {C;l), ey C; 1)} using B; as the query
13: Update C <- CUC;
14: end for

15: Construct one full-length sequence [globally shuffled (BUC)] A
16: end for

17 Collect training data S; (N tokens)

18:  Train: M1 < Train(M;, S¢)

19: end for

20: return Mrp

A Additional experimental details

Retrieval corpus. We use FineWeb-Edu (Lozhkov et al.) and Cosmopedia (Allal et al.) as
retrieval corpora, following the setup of EntropyLong.

Retrieval model. We use Jina Embeddings v3 (Sturua et al., 2024) for dense retrieval and
FAISS (Johnson et al., 2019) for efficient nearest-neighbor search.

SFT protocol for downstream benchmarks. We use LongMagpie (Gao et al., 2025a) for
supervised fine-tuning before evaluating LongBench-v2. LongMagpie is a self-synthesis
method that automatically generates large-scale long-context instruction data without
human annotation. RULER and HELMET are evaluated before SFT, while LongBench-v2 is
evaluated after SFT under the same recipe for all compared methods.

B PolicyLong algorithm

Algorithm 1 presents the complete pseudocode for PolicyLong. The outer loop iterates
over T training stages. At each stage ¢, a fresh set of root documents Dy is sampled, and
the current model M; is used to execute the full data construction pipeline: computing
per-token entropy, identifying high-entropy positions via the stage-increasing threshold 7,
retrieving candidate contexts, and verifying positive contexts through entropy-reduction
(Eq. 1). For each verified positive B, a secondary retrieval step produces hard negatives
by querying the corpus with B itself, and the resulting positive and hard-negative chunks
are globally shuffled and prepended to the root document A to form a full-length training
sequence. The secondary retrieval depth is dynamically adjusted so that the total volume
of shuffled chunks fills the target sequence length L. After collecting N tokens of training
data S, the model is updated to M, via standard next-token prediction training, and the
process repeats with the updated model.
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Table 7: RULER benchmark results on Qwen2.5-3B across different training target context
lengths. All results are at checkpoint-500.

Target Length Model 8K 16K 32K 64K 128K Avg

EntropyLong 83.71 79.57 7456 6837 59.69 73.18
PolicyLong 85.26 80.82 76.58 70.14 61.66 74.89

EntropyLong 8520 8049 75.67 69.86 63.45 74.93
PolicyLong 86.05 82.00 78.23 71.07 6599 76.67

EntropyLong 85.81 8148 7695 71.66 6587 76.35
PolicyLong 86.24 8224 7834 7256 66.81 77.24

64K

128K

256K

PolicyLong Acc: 1.0

10

Depth Percent
0.0 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 90.0 100.0
Score

Token Limit

Figure 4: Needle-in-a-Haystack evaluation results for PolicyLong. The heatmap shows
retrieval accuracy across varying context lengths (x-axis) and needle depth positions (y-axis).

C Full benchmark results

C.1 RULER results across target context lengths

Table 7 compares PolicyLong and EntropyLong on RULER when trained with different
target context lengths (64K, 128K, and 256K). At every target length, PolicyLong consistently
outperforms the corresponding EntropyLong baseline, with the margin most pronounced at
longer evaluation lengths. Notably, scaling the training target from 128K to 256K further im-
proves PolicyLong’s performance, achieving the highest overall average (77.24), confirming
that the on-policy mechanism remains effective across different training configurations.

C.2 Needle-in-a-Haystack evaluation
Figure 4 shows the Needle-in-a-Haystack (NIAH) evaluation results for PolicyLong. The
heatmap visualizes retrieval accuracy across different context lengths and needle positions,

demonstrating that PolicyLong maintains strong retrieval performance across the full range
of context lengths and depth positions.

D Benchmark Details

RULER Benchmark Tasks:

¢ Needle-in-a-Haystack (NIAH): A family of four retrieval-oriented tasks, including
Single NIAH (standard single-needle retrieval), Multi-keys NIAH (finding the
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correct needle among several distractor keys), Multi-values NIAH (recovering all
values associated with one key), and Multi-queries NIAH (retrieving multiple
different needles)

* Variable Tracking (VT): A multi-hop tracing task for coreference reasoning, where
the model follows chains of variable assignments (e.g., X2 = X1, X3 = X2) and
identifies all variables linked to the same original value

* Common Words Extraction (CWE) and Frequent Words Extraction (FWE):
Aggregation-style tasks in which the model must determine the most frequent
words from long sequences, acting as proxies for summarization when relevant
evidence is distributed across broad context spans

* Question Answering (QA): A realistic variant of NIAH in which answer-containing
paragraphs are embedded among distractor paragraphs drawn from the same
dataset, and the question serves as the retrieval query

LongBench-v2 Tasks:

¢ Single-Document QA: Question answering over individual long documents from
six domains (Academic, Literary, Legal, Financial, Governmental, Detective), to-
gether with event ordering tasks, evaluating document-level understanding

¢ Multi-Document QA: Reasoning across multiple documents, requiring the model
to combine evidence from different sources in domains such as Academic, Legal,
Financial, Governmental, and Multi-news

¢ Long In-context Learning: A set of three difficult tasks, including user guide QA,
translation for new languages (Zhuang and Kalamang), and many-shot classifica-
tion with anonymized labels

¢ Long-dialogue History Understanding: Understanding long conversational histo-
ries, including agent interaction games (GAMA-Bench) and multi-turn dialogue
sessions (LongMemEval), where success depends on retaining distant context

¢ Code Repository Understanding: Comprehensive understanding of large code
repositories, requiring the model to connect multiple code components and reason
about complex software structure

* Long Structured Data Understanding: Reasoning over large structured inputs such
as financial tables and large knowledge graphs, with an emphasis on multi-hop
inference over interconnected entities

E Computational overhead

Compared with EntropyLong, PolicyLong’s only additional cost is the re-execution of the
data construction pipeline at stages t > 1. This pipeline consists of three steps: (1) computing
per-token entropy with M; to identify high-entropy positions, (2) retrieving candidate
contexts from a pre-built FAISS index, and (3) verifying entropy reduction. Step (2), which
dominates the pipeline latency, is entirely a CPU-bound operation: it involves encoding
query fragments with a frozen embedding model and performing approximate nearest-
neighbor search over a static FAISS index—no GPU is required. Steps (1) and (3) require
forward passes through M;, but these are inference-only operations on short sequences that
are far cheaper than training-time backward passes on long sequences.

Crucially, the data construction for stage t+1 can be pipelined with the GPU training of
stage t: while the GPU is occupied with gradient updates on S;, the CPU retrieval and
lightweight GPU verification for S;y1 proceed in parallel. In our setup with T=4 stages,
each stage’s data construction completes well within the training wall-clock time of the
preceding stage, so the effective overhead is near zero. Overall, PolicyLong’s total GPU
training cost (tokens x FLOPs) is identical to EntropyLong’s, with the iterative re-screening
adding only a marginal CPU cost that is fully hidden by pipelining.
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Figure 5: RULER detailed analysis. (a) Subtask breakdown at 128K: PolicyLong achieves the
largest gains on NIAH Multi-Key (+5.7) and Variable Tracking (+4.0). (b) Gain (PolicyLong
— EntropyLong) scaling with context length on the two most improved subtasks.

F RULER subtask analysis

Figure 5(a) presents a per-subtask comparison between PolicyLong and EntropyLong on
RULER at 128K. The gains are concentrated on the tasks that require the most precise long-
range reasoning: NIAH Multi-Key (+5.7) demands distinguishing the correct key—value
pair from multiple similar distractors scattered across the context, and Variable Tracking
(+4.0) requires multi-hop coreference resolution over long variable assignment chains. Both
tasks are particularly sensitive to the quality of long-range dependencies in the training data.
PolicyLong’s on-policy hard negatives—semantically similar chunks that force the model to
attend to fine-grained distinctions—directly train the capability exercised by these subtasks.
In contrast, Aggregation (+0.5) and QA (—0.5) show marginal differences, as these subtasks
rely more on holistic summarization or localized comprehension where the off-policy gap is
less pronounced.

Figure 5(b) further examines how the PolicyLong advantage scales with context length
on the two most improved subtasks. For NIAH Multi-Key, the gain increases steadily
from +3.3 at 8K to +7.7 at 64K before settling at +5.7 at 128K, confirming that the on-policy
mechanism becomes increasingly valuable as the context grows and the search space for
the correct key—value pair expands. Variable Tracking exhibits a similar upward trend.
The consistent widening of gains at longer contexts aligns with our central hypothesis:
static, off-policy data fails to capture the evolving difficulty landscape at scale, whereas
PolicyLong’s iterative re-screening continuously adapts the training distribution to the
model’s frontier.

G Statistical Significance and Seed Variance

To verify that the improvement of PolicyLong over EntropyLong is statistically reliable rather
than an artifact of a single training run, we retrain both methods with three independent
training seeds (42, 43, 44) on Qwen2.5-3B and report the RULER 8K-128K average in Table 8.
RULER and HELMET are evaluated with temperature 0, so repeated evaluations of the
same checkpoint are deterministic; the variance reported here therefore reflects training-seed
variance, which is the relevant source of randomness for our claims.

We perform a paired t-test over the three seed-matched pairs (the two methods sharing
the same training seed). The mean improvement is +1.67, with paired #(2) = 15.1 and
two-tailed p ~ 0.004 (< 0.05), and a 95% confidence interval of [1.19, 2.14| that excludes
0. The improvement is thus significant at the 95% level, and the mean gap far exceeds
each method’s within-group standard deviation (< 0.16), confirming that the advantage of
on-policy data evolution is not attributable to seed noise.

16



Published as a conference paper at COLM 2026

Table 8: Multi-seed RULER average (8K-128K) on Qwen2.5-3B. Each method is trained with
three independent seeds. The per-method standard deviation (<0.16) is far smaller than the
mean improvement of PolicyLong over EntropyLong (+1.67).

Method seed42 seed43 seed44 mean std
EntropyLong 74.93 75.15 74.84 7497 0.16
PolicyLong 76.67 76.60 76.65 76.64 0.04

A (PolicyLong — EntropyLong) +1.74 +1.45 +1.81 +1.67 -

Table 9: Effect of the number of on-policy refresh stages T (RULER 8K-128K average,
Qwen2.5-3B), at a fixed total token budget. T = 1 corresponds to the off-policy EntropyLong
baseline.

T (stages) RULER Avg AvsT =1
1 (EntropyLong) 74.93 -

2 76.11 +1.18

3 76.55 +1.62

4 (main config) 76.67 +1.74

5 76.45 +1.52

H Effect of the Number of Stages T

The number of on-policy refresh stages T is the central hyperparameter of PolicyLong
(T = 4 in the main configuration). To characterize its effect, we sweep T € {1,2,3,4,5}
while holding the total training token budget fixed, so that larger T corresponds to more
frequent (but smaller) refreshes rather than more total training. T = 1 recovers the off-policy
EntropyLong baseline. Table 9 reports the RULER 8K-128K average on Qwen?2.5-3B.

A single additional on-policy refresh stage (T=2) already yields a large +1.18 gain, and
adding more stages continues to help up to T=4. Beyond that the benefit saturates: T=5
no longer improves over T=4. We attribute this to diminishing returns once the refresh
frequency is high enough to keep the training distribution closely aligned with the evolving
model, at which point the per-stage data volume (and thus the optimization signal per
refresh) becomes the limiting factor under a fixed budget. Designing adaptive refresh
schedules (e.g., a varying refresh frequency or threshold) that keep improving at larger T is
an interesting direction for future work.

I Hard Negative Design Choices

PolicyLong constructs hard negatives via secondary semantic-similarity retrieval seeded
by the on-policy verified positives. Here we isolate two questions: (i) does the difficulty
(semantic similarity) of the hard negatives matter, and (ii) is the gain explained simply by
negative diversity or by a particular mining algorithm? All variants below keep the rest
of the PolicyLong pipeline fixed and change only the hard-negative source; we report the
RULER 8K-128K average on Qwen2.5-3B (Table 10).

Difficulty matters. Replacing semantically similar hard negatives with bottom-k (least
similar) retrieval drops the average by 1.19, consistent with prior findings that low-similarity
negatives reduce training difficulty and weaken the contrastive signal. Replacing the
secondary-retrieved negatives with fully random chunks—i.e., not retrieving negatives
from the verified positive contexts at all—is the weakest variant (—2.90), as it removes the
contrastive structure entirely.

Diversity is not the driver. For each query we additionally select a hard negative uniformly
at random from the entropy candidate pool, which yields substantially higher negative
diversity than PolicyLong’s nearest-neighbor selection. This higher-diversity variant is 2.47
below PolicyLong, showing that the gain comes from aligning hard negatives with the
current model’s confusion frontier, not from increased diversity per se.
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Table 10: Hard-negative design choices on Qwen2.5-3B (RULER 8K-128K average). Only
the hard-negative source is varied; all other components match the full PolicyLong pipeline.
The BM25 pair differs only in fixed (off-policy) vs. on-policy refresh.

Hard-negative source RULER Avg A vs PolicyLong
Random chunks (no secondary retrieval) 73.77 —2.90
Per-query random (higher diversity) 74.20 —2.47
Bottom-k retrieval (least similar) 75.48 —1.19
BM25, fixed (off-policy) 74.01 —2.66
BM25, on-policy refresh 74.46 —2.21
PolicyLong (semantic-near, on-policy) 76.67 -

The on-policy gain is orthogonal to the mining algorithm. In a paired experiment that
mines hard negatives with BM25 instead of dense retrieval (the two rows differ only in fixed
vs. on-policy refresh), on-policy refresh raises the average from 74.01 to 74.46 (4-0.45). Al-
though BM25 is a comparatively weak hard-negative source here (both rows are well below
the semantic-near setting), on-policy refresh still delivers a consistent positive contribution,
indicating that the benefit of on-policy construction does not depend on the specific mining
algorithm.
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