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Abstract

Long-context modeling is critical for a wide
range of real-world tasks, including long-
context question answering, summarization,
and complex reasoning tasks. Recent stud-
ies have explored fine-tuning Large Language
Models (LLMs) with synthetic data to enhance
their long-context capabilities. However, the ef-
fectiveness of such approaches is often limited
by the low diversity and factual inconsisten-
cies in the generated data. To address these
challenges, we propose LongMab, a novel
framework that leverages a Multi-Armed Ban-
dit (MAB) rollout strategy to identify the most
informative chunks from the given long con-
text for sampling high-quality and diverse re-
sponses and constructing preference data pairs
for Direct Preference Optimization (DPO) train-
ing. Specifically, we treat context chunks as
arms of MAB, select chunks based on their
expected reward scores to input into LLMs
to generate responses, and iteratively update
these scores based on reward feedback. Both
exploration and exploitation during the roll-
out process enable the LLM to focus on the
most relevant context segments, thereby gen-
erating and collecting high-quality and diverse
responses. Experimental results on both Llama
and Qwen show the effectiveness of LongMab
by achieving more than a 4% improvement on
long-context reasoning benchmarks. All data
and code will be released on https://github.
com/NEUIR/LongMab-PO.

1 Introduction

Recent advancements in Large Language Models
(LLMs), particularly the expansion of their context
window (Grattafiori et al., 2024; Yang et al., 2024;
Liu et al., 2025), have enabled their application in a
variety of long-context tasks (Wang et al., 2022; Liu
et al., 2024b; Zhao et al., 2025; Yang et al., 2025).
Despite these developments, LLMs continue to
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Figure 1: Illustration of the LongMab Framework.
LongMab performs iterative rollouts to progressively
identify informative chunk combinations and improve
response quality. The collected responses are converted
into preference pairs, which provide effective supervi-
sion for enhancing the model’s ability to perceive and
utilize long-context information.

suffer from the “lost-in-the-middle” problem (Liu
et al., 2024a; He et al., 2024), where LLMs tend to
overemphasize the beginning and end of a long in-
put while neglecting critical information in the mid-
dle. To address this challenge, recent studies have
focused on constructing high-quality Supervised
Fine-Tuning (SFT) datasets specifically designed
to extend the context window to long-context sce-
narios (Chen et al., 2024; Bai et al., 2024a; Chen
et al., 2025c). Although these methods achieve
certain improvements, they often induce overfitting
to training-specific signals (Li et al., 2025), which
in turn leads to catastrophic forgetting of general
capabilities (Luo et al., 2023).

An alternative line of research investigates Di-
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rect Preference Optimization (DPO) (Rafailov
et al., 2023; Sun et al., 2025), which enhances
the long-context understanding capability of LLMs
through preference-pair training. To this end, some
works (Li et al., 2024a; Zhang et al., 2025) employ
full-context sampling strategies to construct pref-
erence pairs for DPO training. However, these
methods struggle to guarantee response quality,
as LLMs remain highly susceptible to noise in-
troduced by the lengthy context (Shi et al., 2023;
Xu et al., 2025b). To improve the quality of prefer-
ence pair construction, recent studies (Tang et al.,
2025) introduce chunk-aware sampling strategies.
These methods divide the input context into mul-
tiple chunks and construct preference pairs based
on various chunk combinations: relevant chunks
are used to generate positive responses, while other
chunks containing noise are treated as disturbances
to encourage more diverse outputs. Despite these
advantages, such approaches often overlook the
supportive relationships among different chunks,
which limits the ability of LLMs to comprehen-
sively identify and integrate informative content
across the entire context.

In this paper, we propose Multi-armed bandit-
guided sampling for Long-context LLM Prefer-
ence Optimization (LongMab). As illustrated in
Figure 1, the core idea is to treat divided con-
text chunks as the arms of a Multi-Armed Bandit
(MAB) and adopt a chunk-aware sampling strat-
egy to encourage LLMs to construct higher-quality
preference pairs for DPO training. During ban-
dit rollouts, LongMab applies the Upper Confi-
dence Bound (UCB) algorithm to select a subset
of chunks according to their estimated rewards,
thereby balancing exploration and exploitation. At
each step, the selected chunks are fed into the LLM
to produce a response, which is then evaluated to
obtain a reward. This reward updates the expected
values of the corresponding chunks, guiding sub-
sequent selection. Through this iterative process,
LongMab progressively prioritizes more informa-
tive chunk combinations, ultimately yielding di-
verse and high-quality responses.

The experimental results demonstrate the ef-
fectiveness of LongMab, which consistently out-
performs existing SFT- and DPO-based baselines
across multiple long-context tasks, achieving av-
erage gains exceeding 4%. Further analyses show
that the UCB-guided sampling strategy effectively
balances exploration and exploitation, enabling
the model to explore diverse chunk combina-

tions while progressively refining the selection to-
ward evidence-rich and complementary informa-
tion. This balance ultimately leads to higher quality
and greater diversity in the sampled responses, al-
lowing LongMab to construct effective and more
informative preference pairs that significantly facil-
itate the DPO training process.

2 Related Work

Numerous studies have sought to improve how
Large Language Models (LLMs) utilize long con-
texts (Hsieh et al., 2024; Levy et al., 2024; Wang
et al., 2025a). Within this area, data-centric meth-
ods (Chen et al., 2024; Zhang et al., 2025; Chen
et al., 2025a), which focus on training better mod-
els through superior data engineering—have be-
come the mainstream approach due to their excel-
lent performance. These strategies generally fall
into two primary categories, which mainly differ in
how they construct and leverage training signals.

The first of these categories, Supervised Fine-
Tuning (SFT), has been a foundational approach
in this domain (Chen et al., 2024; Xiong et al.,
2024; An et al., 2024; Li et al., 2024b; Xu et al.,
2025a). Early efforts relied on human annotations
to create long-context question-answer pairs for
training (Chen et al., 2024; Xu et al., 2025a). How-
ever, the significant cost and scalability challenges
of this manual process prompted a shift towards
automated data synthesis. This is now commonly
achieved by leveraging powerful LLMs to generate
QA pairs from long documents, often via the self-
instruct technique (Wang et al., 2023; Bai et al.,
2024a). To further refine data quality, the most
recent works have augmented this pipeline by em-
ploying LLMs as judges to filter synthetic samples,
thus ensuring a more reliable training set (Chen
et al., 2025c; Zhu et al., 2025).

As a counterpart to SFT, the other major ap-
proach leverages preference-based signals, with
recent work focusing on Reinforcement Learning
(RL) and particularly Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023; Yao et al., 2025;
Li et al., 2024a). A primary challenge in this
area is sourcing high-quality preference pairs from
long contexts (Zhang et al., 2025). One line of
work addresses this by developing sophisticated
reward models, using techniques like LLM-as-a-
Judge or self-consistency to generate reliable pref-
erence labels (Li et al., 2024a; Zhang et al., 2025).
While these methods are effective, they can be
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hampered by contextual noise in long documents,
which leads to suboptimal response generation
and limits training efficacy (Shi et al., 2023). A
complementary approach is heuristic sampling, in
which positive responses are generated from query-
relevant chunks and negative responses from irrele-
vant chunks or the full context (Tang et al., 2025;
Chen et al., 2025a; Sun et al., 2025). However,
this relevance-based method does not explore dif-
ferent chunk combinations for response generation,
limiting its ability to identify the most informa-
tive evidence from the full context. To address
this limitation, LongMab designs a multi-armed-
bandit-guided sampling strategy that dynamically
estimates the utility of chunk combinations during
rollouts, constructing more informative preference
pairs for DPO training.

3 Methodology

As illustrated in Figure 2, this section introduces
LongMab, a novel framework designed to enhance
the long-context reasoning ability of language mod-
els by leveraging the Multi-Armed Bandit (MAB)
paradigm. We begin by describing how a MAB
rollout process is used to optimize response sam-
pling for more effective preference learning (§ 3.1).
We then explain how the Upper Confidence Bound
(UCB) algorithm is integrated to improve response
quality by balancing the exploration-exploitation
trade-off during the sampling process (§ 3.2).

3.1 Optimizing Long-Context LLMs via
Multi-Armed Bandit-Guided Sampling

In long-context reasoning, a generation model M
is tasked with generating an answer y for a given
question q by utilizing information from a long
context C:

y = M(C, q). (1)

To enhance the model’s long-context reasoning,
we follow recent studies (Zhang et al., 2025) and
employ DPO (Rafailov et al., 2023) to fine-tune the
model on a preference dataset D:

LDPO = −E(C,q,y+,y−)∼D[log σ(β log

M(y+ | C, q)
Mref(y+ | C, q) − β log

M(y− | C, q)
Mref(y− | C, q) )],

(2)

where β is a hyperparameter, Mref is a fixed refer-
ence model and each instance (C, q, y+, y−) ∈ D
contains a context-question pair (C, q), along with
a preferred (y+) and dispreferred (y−) response.

Chunk-Aware Response Sampling. To gener-
ate high-quality preference data for more effective
training, we introduce a chunk-aware response sam-
pling framework.

Specifically, we first divide the long context C
into n equal-length chunks, denoted as Cchunk =
{C1, C2, . . . , Cn}. Instead of generating a re-
sponse from the entire, noisy long context C,
our method samples from a subset of K chunks,
C̃(π) = {C̃1, . . . , C̃K}, selected by a policy π.
The response is then generated as follows:

ỹ = M(C̃(π), q). (3)

This sampling process is repeated for T iterations.
In each step, the selection policy π evolves to
explore different chunk combinations, with the
goal of identifying the most informative subsets.
This procedure yields a diverse set of candidate re-
sponses, Ỹ = {ỹ1, . . . , ỹT }, which are then scored
using the following reward function r(·) to con-
struct preference pairs:

r(ỹ) = (SubEM(ỹ, y∗) + F1(Ans(ỹ), y∗))/2, (4)

where y∗ is the ground-truth answer and SubEM/F1
are reasoning quality metrics. The winning re-
sponse (y+) and losing response (y−) are the can-
didates from Ỹ with the highest and lowest reward
scores, respectively, which completes the prefer-
ence tuple (C, q, y+, y−) for tuning.

Optimize Chunk Selection via Multi-Armed
Bandit Rollouts. To further improve the chunk-
aware response sampling process, we design a
chunk selection strategy π based on MAB rollouts
to adaptively explore useful chunks.

Specifically, we model the chunk selection pro-
cess as an MAB problem, where each chunk Ci ∈
Cchunk is treated as an individual arm. The pro-
cess unfolds over T rollout steps. In each step
t ∈ {1, . . . , T}, the MAB policy πt selects a subset
of K chunks with the highest estimated expected
rewards, C̃(πt). This subset is then used along
with the question q to prompt the LLM, generat-
ing a single response ỹt. After T rollouts, these
responses are collected to form the final candidate
set, Ỹ = {ỹ1, . . . , ỹT }.

Ỹ = {ỹ1, . . . , ỹT }, where ỹt = M(C̃(πt), q), (5)

where ỹt denotes the response generated by the
LLM at rollout step t, and Ỹ are used to construct
preference pairs for training. In the rollout pro-
cess, the expected reward of a chunk C̃i ∈ C̃(πt)
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Figure 2: Illustration of Multi-Armed Bandit-Guided Sampling for Long-Context LLM Optimization (LongMab).
LongMab collects preference pairs during the rollout process for DPO training.

is determined by the quality of the response ỹt. If
the selected chunks C̃i lead the LLM to generate
high-quality responses, they will receive higher ex-
pected rewards. Consequently, the MAB strategy
is more likely to select more informative chunks
that win a higher expected reward in the next round,
thereby continuously enhancing the quality of the
generated responses.

3.2 Adaptive Chunk Prioritization through
Multi-Armed Bandit Rollouts

The MAB rollout process must contend with the
classic exploration–exploitation dilemma (Auer
et al., 2002). Exploring a broader set of chunk
combinations increases the chance of uncovering
highly rewarding evidence but comes at a substan-
tial computational cost. On the other hand, limited
exploration may overlook informative chunks that
are crucial for generating high-quality responses.
Thus, it is essential to strike a careful balance be-
tween exploration (sampling under-visited chunks)
and exploitation (favoring chunks with high ex-
pected rewards).

To solve this decision-making problem, we
use the Upper Confidence Bound (UCB) algo-
rithm (Komiyama et al., 2024) to guide chunk se-
lection at each step. Specifically, at the t-th rollout

step, the UCB score for chunk Ci is computed as:

UCBt(Ci) = µi(t) + α ·
√

2 ln t/(ni(t) + ϵ), (6)

where µi(t) is the expected reward of chunk Ci

(initialized via a probe-based strategy discussed
later), ni(t) is its selection count, and t is the cur-
rent rollout step. The hyperparameter α serves to
balance exploration and exploitation, while the con-
stant ϵ prevents division by zero. After scoring all
chunks in Cchunk, we form the subset for the current
rollout, C̃(πt), by selecting the top-K chunks with
the highest UCB scores:

C̃(πt) = TopKCi∈Cchunk
UCBt(Ci). (7)

The UCB score of each chunk is updated during
the rollout process based on the current expected
reward of the chunk. Then, we will provide a de-
tailed explanation of how to initialize the expected
reward for each chunk and the update process of
each chunk’s UCB score.

Multi-Armed Bandit Initialization via Evi-
dence Probing. To alleviate the cold-start prob-
lem in multi-armed bandit rollouts (Wang et al.,
2025b), we adopt a probe-based initialization strat-
egy (Chen et al., 2025b) that assigns informed ex-
pected rewards µi(1) to each chunk Ci prior to the
selection process in rollout step t = 1.

Specifically, we prompt the LLM M to gener-
ate a faithful reasoning trace, yProbe, that explicitly
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identifies the evidence in the long context C re-
quired to derive the ground-truth answer, y∗:

yProbe = M(Instructextract(q, C, y∗)), (8)

where Instructextract represents the instruction for
extracting evidence from C. We then score each
chunk Ci against the probe trace yProbe using cosine
similarity in their embedding space:

si = cos(Emb(yProbe),Emb(Ci)). (9)

These similarity scores si then become the initial
expected rewards µi(1). Consequently, the initial
policy π1 selects the top-K chunks with the high-
est scores, forming the subset C̃(π1). This strategy
provides the MAB policy with a strong semantic
prior, improving early-stage efficiency and reduc-
ing blind exploration.

UCB Score Update with MAB Rollouts. In
each rollout step t of the MAB rollout process, we
need to update the corresponding UCB scores of
the chunks based on their expected rewards. During
the t-th sampling step, we prompt the LLM M to
answer the question q based on the selected chunks
C̃(πt):

ỹt = M(C̃(πt), q), (10)

We then evaluate the utility of the selected chunks
C̃(πt) by computing a reward score r(ỹt) for the
generated response ỹt. Next, we update the UCB
statistics based on the reward r(ỹt). For each chunk
Ci ∈ Cchunk, we update its selection count at the
end of rollout step t:

ni(t+ 1) =

{
ni(t) + 1 if Ci ∈ C̃(πt),

ni(t) otherwise,
(11)

and update its expected reward µi using an incre-
mental average:

µi(t+ 1) =

{
1
t
(µi(t) · (t− 1) + r(ỹt)) if Ci ∈ C̃(πt),

µi(t) otherwise.
(12)

The updated values ni(t + 1) and µi(t + 1) are
subsequently used to compute UCB scores for the
next rollout step t + 1 using Eq. 6, enabling the
bandit policy to continuously refine its estimation
of chunk utility based on observed response quality.

4 Experimental Methodology

In this section, we describe the datasets, baselines,
evaluation metrics, and implementation details.

Datasets. In our experiments, we use the
MuSiQue training dataset (Trivedi et al., 2022) to

sample responses and construct preference data
pairs for DPO training. To better simulate long-
context scenarios, we follow the methodology of
previous work (Li et al., 2024a; Zhu et al., 2025),
augmenting the context with randomly sampled
Wikipedia documents to extend its length to 8k-
16k tokens. For evaluation, we adopt five long-
context QA tasks drawn from two widely used
benchmarks: LongBench (Bai et al., 2024b) and
InfiniteBench (Zhang et al., 2024). Our evalua-
tion suite includes four datasets from LongBench,
including MuSiQue (Trivedi et al., 2022), 2Wiki-
MultihopQA (Ho et al., 2020), MultiFieldQA-
En (Bai et al., 2024b), and NarrativeQA (Kociský
et al., 2018), along with the En.QA task from In-
finiteBench. Detailed statistics for these test sets
are provided in Appendix A.4.

Baselines. For a comprehensive evaluation of
LongMab, we benchmark its performance against
three distinct classes of baselines: (1) vanilla
LLMs, (2) SFT-based methods, and (3) DPO-based
methods.

Our SFT baselines include two established mod-
els, LongAlpaca (Chen et al., 2024) and Lon-
gAlign (Bai et al., 2024a), which are both fine-
tuned on synthetic long-context QA data. We
also introduce LongMab-SFT, an in-house baseline
trained exclusively on the “chosen” responses from
the preference dataset constructed for LongMab.
For the DPO comparison, we select four state-
of-the-art models: LongReward-PO (Zhang et al.,
2025), SeaLong-PO (Li et al., 2024a), LongFaith-
PO (Yang et al., 2025), and Logo-PO (Tang et al.,
2025). These models employ diverse strategies
for generating preference pairs. For instance,
LongReward-PO and SeaLong-PO rely on an LLM-
as-a-Judge and self-consistency, respectively, to
create reliable labels. LongFaith-PO, in contrast,
leverages attributed prompts to elicit positive re-
sponses from relevant passages while generating
negative ones from the full, ungrounded document.
Finally, Logo-PO adopts a chunk-based approach,
sampling positive responses from relevant docu-
ment chunks and constructing negative ones by
incrementally adding irrelevant chunks.

Evaluation Metrics. Following previous
work (Li et al., 2024a; Yang et al., 2025), we em-
ploy two complementary rule-based metrics for
evaluation. Specifically, the substring exact match
(SubEM) score checks whether the golden answer
appears as a substring in the model’s output. While
widely used, it can be hacked by generating overly
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Model MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.
SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1

Llama-3.1-8B-Instruct
Vanilla LLM 33.50 36.56 69.50 65.45 18.66 44.34 18.00 26.61 26.49 32.19 33.23 41.03
LongAlpaca 34.00 38.36 69.50 63.64 16.66 40.67 16.50 26.88 27.35 30.58 32.80 40.03
LongAlign 36.50 37.62 69.00 59.35 22.00 48.49 18.50 26.38 23.93 24.85 33.99 39.34
LongMab-SFT 35.00 39.60 69.00 65.45 21.33 45.03 15.50 24.98 23.93 27.33 32.95 40.48
LongReward-PO 40.50 41.41 68.50 63.23 20.00 44.70 16.50 25.92 26.21 24.20 34.34 39.89
SeaLong-PO 37.50 40.52 68.00 67.07 19.33 44.12 16.00 26.45 27.06 32.06 33.58 42.04
Logo-PO 43.50 46.58 63.00 61.74 19.00 44.39 18.50 28.05 26.67 32.69 34.13 42.69
LongFaith-PO 44.00 49.23 75.50 72.80 20.66 48.10 9.50 23.26 24.30 22.35 34.79 43.15
LongMab 50.00 52.15 76.00 68.60 26.00 51.26 20.00 28.61 32.76 36.55 40.95 47.43

Qwen-2.5-7B-Instruct
Vanilla LLM 33.50 30.52 58.00 50.14 28.00 45.12 15.00 18.29 25.64 22.38 32.03 33.29
LongAlpaca 32.50 33.90 55.50 50.75 24.66 45.88 17.50 19.72 29.34 23.82 31.90 34.81
LongAlign 28.50 31.09 52.00 52.02 23.33 49.76 15.50 21.98 25.07 25.61 28.88 36.09
LongMab-SFT 36.50 39.32 59.50 58.34 21.33 44.06 15.50 22.17 26.29 28.01 31.82 38.38
LongReward-PO 37.50 33.37 62.00 50.75 29.33 44.89 15.50 17.67 28.20 21.77 34.51 33.69
SeaLong-PO 43.00 22.09 67.00 36.39 27.33 41.08 18.00 16.27 28.20 16.95 36.71 26.56
Logo-PO 41.00 36.48 63.00 57.20 24.67 49.18 15.50 18.28 28.00 28.47 34.43 37.92
LongFaith-PO 48.50 43.38 66.00 53.93 24.67 38.08 12.00 17.03 23.07 18.55 34.85 34.19
LongMab 44.00 43.25 67.50 62.97 25.33 48.07 18.00 25.14 30.48 31.88 37.06 42.26

Table 1: Overall Performance of Llama-3.1-8B-Instruct and Qwen-2.5-7B-Instruct on Different Long-Context
Understanding Tasks. The best and second best results are highlighted.

long responses that increase the chance of including
the golden answer (Yang et al., 2025). To provide
a more robust evaluation, we additionally report F1
score, which captures token-level overlap between
the prediction and the golden answer by computing
the harmonic mean of precision and recall.

Implementation Details. In line with previ-
ous studies (Li et al., 2024a; Yang et al., 2025),
we conduct experiments using Llama-3.1-8B-
Instruct (Grattafiori et al., 2024) and Qwen-2.5-
7B-Instruct (Yang et al., 2024) as backbone models.
For training, we set the learning rate to 2 × 10−5

and train each model for 2 epochs. To ensure train-
ing efficiency, we leverage Low-Rank Adaptation
(LoRA) (Hu et al., 2022) and the LLaMA Factory
framework. During the sampling phase, we con-
figure the exploration-exploitation factor α = 1.0
and the maximum number of rollout steps (T ) to
30. In each step, we select K = 4 context chunks,
with each chunk comprising 1,500 tokens. More
experimental details are provided in Appendix A.3
and Appendix A.5.

5 Experiment Results

In this section, we first present the overall perfor-
mance of LongMab, followed by ablation studies
to evaluate the contribution of its components. Sub-
sequently, we analyze the selected chunks and gen-
erated responses by LongMab.

5.1 Overall Performance

Table 1 presents the overall performance of
LongMab against baseline methods across various

long-context understanding tasks.
Our experimental results demonstrate the ef-

fectiveness of LongMab in enhancing the long-
context understanding capabilities of LLMs by con-
sistently outperforms all baselines. Notably, al-
though trained exclusively on the MuSiQue dataset,
LongMab exhibits strong generalization ability,
maintaining consistent gains across multiple out-
of-domain tasks. Among different optimization
strategies, SFT-based methods, such as LongAl-
paca (Chen et al., 2024) and LongAlign (Bai et al.,
2024a), show identical performance compared with
the Vanilla LLM. This suggests that simply over-
fitting to ground-truth answers is insufficient for
enabling LLMs to effectively identify and extract
salient information from long contexts. In contrast,
DPO-based methods generally outperform SFT-
based ones in improving long-context understand-
ing. Furthermore, LongMab achieves an improve-
ment of over 4% compared to other DPO-based
approaches, which can be attributed to its Multi-
Armed Bandit–guided mechanism. This mecha-
nism facilitates the generation of higher-quality
and more informative preference data, thereby en-
hancing the capability of LLMs to fully leverage
information within extended contexts during the
DPO training stage.

5.2 Ablation Studies

In this section, we first evaluate the role of different
components involved in chunk sampling of our
LongMab, and then investigate the impact of the
number of selected chunks (K) during sampling.
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Model MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.
SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1

Llama-3.1-8B-Instruct
LongMab 50.00 52.15 76.00 68.60 26.00 51.26 20.00 28.61 32.76 36.55 40.95 47.43
LongMab (w/o Init.) 43.50 49.59 71.50 68.66 23.33 46.28 17.00 29.39 29.71 33.46 37.01 45.48
LongMab (w/o UCB) 42.00 47.62 69.00 65.28 20.67 47.00 19.50 27.95 27.71 33.11 35.78 44.19
Rejected w/o UCB 43.50 45.16 73.50 63.63 24.67 48.05 18.50 26.66 29.14 31.15 37.86 42.93
Chosen w/o UCB 42.50 48.84 66.00 66.07 16.67 44.32 21.00 32.57 28.57 36.84 34.95 45.73
Direct-PO 46.50 50.82 62.00 58.74 21.33 47.12 19.50 31.45 30.19 37.31 35.90 45.09

Qwen-2.5-7B-Instruct
LongMab 44.00 43.25 67.50 62.97 25.33 48.07 18.00 25.14 30.48 31.88 37.06 42.26
LongMab (w/o Init.) 44.50 44.06 65.00 56.57 25.00 47.88 18.50 21.53 31.05 29.70 36.81 39.95
LongMab (w/o UCB) 41.00 41.29 62.50 54.53 25.33 47.01 16.00 21.69 28.86 29.30 34.74 38.76
Rejected w/o UCB 42.50 45.33 60.00 56.50 24.00 45.93 18.50 24.10 27.43 29.47 34.49 40.27
Chosen w/o UCB 41.50 43.39 62.50 57.05 21.33 43.45 17.50 21.65 29.43 30.12 34.45 39.13
Direct-PO 38.50 41.17 59.00 55.46 21.33 45.24 19.00 25.21 27.43 30.25 33.05 39.47

Table 2: Ablation Study Results on Various Long-Context Understanding Tasks. The results demonstrate the
effectivess of UCB-guided sampling strategy and probe-based probability initialization.

K
MuSiQue MFQA-En Avg.

SubEM F1 SubEM F1 SubEM F1
1 44.00 46.81 21.33 49.09 38.07 44.85
2 48.00 47.55 26.00 50.29 39.53 44.81
3 47.50 48.05 23.33 49.00 38.71 44.89
4 50.00 52.15 26.00 51.26 40.95 47.43
5 47.00 48.65 22.66 49.90 38.30 45.40

Table 3: Impact of the Number of Selected Chunks (K)
in LongMab. We present results for two representative
datasets and the average (Avg.) performance across all
five datasets. Comprehensive results for all datasets are
provided in Appendix A.5.

As shown in Table 2, we analyze the contri-
bution of each component in LongMab. First,
LongMab (w/o Init.) removes the probability ini-
tialization step by setting all initial chunk rewards
to zero. To further examine the impact of the UCB
score in chunk sampling, we design three vari-
ants: LongMab (w/o UCB), LongMab (Rejected
w/o UCB), and LongMab (Chosen w/o UCB). In
LongMab (w/o UCB), chunks are sampled ran-
domly to construct preference pairs for DPO train-
ing, without considering the UCB score. Similarly,
LongMab (Rejected w/o UCB) and LongMab (Cho-
sen w/o UCB) randomly select chunks to obtain
the rejected and chosen responses, respectively. Fi-
nally, we also include Direct-PO, which samples
responses from the complete context instead of
from chunk combinations.

Compared with LongMab (w/o Init.), the full
LongMab achieves over a 2% improvement in F1
score, demonstrating the effectiveness of the evi-
dence probe in providing a more informative prior
probability to initialize the expected reward. We
then explore the role of the UCB score in chunk
sampling. The LongMab (w/o UCB) model ex-
hibits performance comparable to the Direct-PO
baseline, indicating that merely splitting long con-

texts into chunks does not enhance DPO training.
Moreover, removing UCB-based sampling when
selecting chosen or rejected responses leads to per-
formance degradation, confirming the importance
of UCB in guiding the selection of informative
chunks for preference pair construction. Notably,
LongMab (Rejected w/o UCB) consistently out-
performs LongMab (w/o UCB), further illustrat-
ing that the UCB score facilitates the selection of
higher-quality chosen responses, which benefits
DPO optimization.

Next, we analyze the model’s sensitivity to the
number of selected chunks (K), a key hyperparam-
eter in our MAB-guided sampling framework. We
vary K from 1 to 5 and evaluate the model’s per-
formance under each setting. As shown in Table 3,
the results reveal a clear trend: performance im-
proves as K increases, peaking at K = 4. This
suggests that selecting too few chunks provides
insufficient evidence for generating high-quality
responses. However, performance slightly declines
when K = 5, indicating that K = 4 strikes an
optimal balance between evidence coverage and
noise control. Selecting too many chunks tends to
introduce irrelevant or noisy information, thereby
reducing the effectiveness in constructing prefer-
ence pairs for DPO training.

5.3 Mechanism Behind LongMab in Enabling
Long-Context LLMs

This section provides a series of in-depth analyses
to uncover the factors behind the superior perfor-
mance of LongMab in enabling long-context LLMs.
We compare two baseline variants: LongMab (w/o
UCB) and LongMab (w/o Init.).

Characteristics of LongMab-Selected Chunks.
As illustrated in Figure 3, we conduct experiments
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Figure 3: Characteristics of Chunk Sets Obtained by
Different Methods. Figure 3(a) shows the ground-truth
recall during the rollout process. Figure 3(b) reports
GLM-4-Plus scores for the chunk sets. Figure 3(c) il-
lustrates the distribution of chunk selection frequencies,
grouping chunks by their selection counts across all roll-
outs. Finally, Figure 3(d) presents the trend of SubEM
scores over the rollout process.

to investigate the effectiveness of the UCB-guided
sampling strategy for chunk selection.

We first evaluate the quality of the selected
chunks. To this end, we monitor the ground-truth
recall throughout the rollout process. As shown
in Figure 3(a), the recall of LongMab steadily in-
creases and then stabilizes, whereas the recall of the
baseline LongMab (w/o UCB) remains flat. This in-
dicates that the UCB mechanism effectively guides
the selection process toward more informative con-
tent. To further assess quality, we employ GLM-
4-Plus (Du et al., 2022) as a judge to rate the final
chunk sets along four dimensions: coverage, rel-
evance, redundancy, and coherence. As shown in
Figure 3(b), LongMab consistently outperforms all
baselines across all dimensions. Notably, LongMab
achieves higher scores in both coverage and rele-
vance, underscoring its capability to form informa-
tive and well-structured chunk combinations.

Next, we analyze the selection mechanism to un-
derstand how UCB enhances chunk quality. To ver-
ify this, we examine the distribution of chunk selec-
tion frequencies shown in Figure 3(c). The baseline
model exhibits a narrow and uniform distribution,
suggesting indiscriminate sampling. In contrast,

LongMab
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Figure 4: Analysis of Responses Generated by Different
Methods. Figure 4(a) shows the average SubEM score
of the selected responses, while Figure 4(b) depicts the
variance of pairwise similarities among all responses in
the sampled response set.

LongMab produces a broader and more polarized
distribution, indicating that it simultaneously ex-
plores a diverse range of chunks while prioritiz-
ing high-value ones and suppressing less relevant
options. The effectiveness of LongMab in chunk
selection is further validated by the steadily increas-
ing SubEM scores during rollout (Figure 3(d)), con-
firming that its improved selection directly lead to
higher-quality responses.

Preference Pairs Analysis. We next examine
whether this advantage translates into construct-
ing more effective preference data. Specifically,
we aim to assess both the quality of the chosen re-
sponses and the diversity of all generated responses.
As shown in Figure 4, we compare LongMab with
three baselines: LongMab (w/o UCB), LongMab
(w/o Init.), and Direct-PO.

We first analyze the quality of the chosen re-
sponses. Figure 4(a) reports the SubEM scores
of the selected responses from different models.
The results show that LongMab achieves over
a 6% improvement compared to both LongMab
(w/o UCB) and Direct-PO, demonstrating its effec-
tiveness in generating higher-quality preferred re-
sponses. Next, we evaluate the diversity of all sam-
pled responses, as shown in Figure 4(b). We use
the MiniCPM-Embedding model (Hu et al., 2024)
to encode all generated responses and compute the
average variance of pairwise similarities. LongMab
yields substantially higher variance scores than
Direct-PO, while maintaining a comparable level of
diversity to the random sampling variant LongMab
(w/o UCB). These results suggest that LongMab
not only improves response quality but also pre-
serves diversity, enabling the construction of more
informative preference pairs for DPO training.
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6 Conclusion

This paper introduces LongMab, an innovative
framework that applies a Multi-Armed Bandit
(MAB) approach to optimize long-context lan-
guage models. Specifically, LongMab leverages
an iterative MAB rollout process to identify and
select optimal combinations of context chunks, en-
abling the sampling of higher-quality and more
diverse responses. These responses are then used
to construct preference data for DPO training. As a
result, the aligned model exhibits a superior ability
to pinpoint key information within long contexts,
leading to more accurate reasoning. Our exper-
iments show that LongMab substantially outper-
forms strong baseline methods across numerous
long-context understanding tasks.

Limitation

While LongMab demonstrates substantial improve-
ments in long-context reasoning and alignment
tasks, several limitations remain. First, although
the UCB-guided sampling strategy effectively bal-
ances exploration and exploitation during chunk
selection, its computational efficiency in extremely
long contexts warrants additional optimization, par-
ticularly when a large number of rollout steps is
used. Next, our experiments are conducted primar-
ily on models around the 7B and 14B parameter
scale, and the generalization of LongMab to larger
LLMs remains to be verified. Finally, due to com-
putational constraints, the synthesized instruction
data used in our experiments are limited to lengths
of 8K–16K tokens, and exploring the effectiveness
of LongMab on even longer synthetic contexts re-
mains an open question for future work.
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A Appendix

A.1 License

This section summarizes the licenses of the datasets
used in our experiments.

All of these datasets under their respective
licenses and agreements allow for academic
use: MuSiQue (CC-BY-4.0 license); 2WikiMul-
tihopQA, MultiFieldQA-En, NarrativeQA, Long-
Bench (Apache 2.0 license); En.QA, InfiniteBench
(MIT license).

A.2 Impact of Reward Design on
Multi-Armed Bandit Rollout Process

In this section, we investigate the impact of dif-
ferent reward designs in the multi-armed bandit
rollout process on the quality of sampled responses.
Specifically, we compare two different reward cal-
culation strategies: the full response SubEM and
the answer-based SubEM strategy. The first strat-
egy computes the SubEM score based on the com-
plete response, while the second extracts the an-
swer string from the response and then calculates
the SubEM score. In both cases, the final reward
of sampled response is computed by averaging the
SubEM score with the F1 score of the extracted
answer.

As shown in Figure 5, we track the ground truth
recall and F1 scores of generated responses dur-
ing the rollout process. The full response SubEM
strategy consistently outperforms the answer-based
SubEM strategy in both metrics, suggesting that
overly strict reward formulations hinder explo-
ration of diverse chunk combinations and reduce
sampling quality. To further assess their impact, we
train LLMs using responses sampled under each
strategy and evaluate them on downstream tasks.
As shown in Table 5, models trained with answer-
based SubEM strategy consistently underperform
compared to those using full response SubEM strat-
egy, confirming that lower sampling quality weak-
ens subsequent DPO training.

A.3 Additional Experimental Details

In this section, we introduce additional experimen-
tal details. In our experiments, all models use the
VLLM framework during the inference stage, with
the same inference settings and random seed. This
ensures that all models’ evaluation results in the
paper are reproducible. Furthermore, during the
training process, we use a unified default random
seed, typically set to 42. Besides, the prompt tem-
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Figure 5: Impact of Different Reward Designs on the
Rollout Process. The results show that using the full
response SubEM strategy leads to consistently higher
ground truth recall and F1 scores during rollout.

Dataset #Tokens #Samples
MuSiQue 15.5k 200
2WikiMultihopQA 7.1k 200
MultiFieldQA-En 6.9k 150
NarrativeQA 29.8k 200
En.QA 192.6k 351

Table 4: The Statistics of Test Datasets from LongBench
and InfiniteBench.

plates used in the LongMab are shown in Figure 6
and Figure 7. All experiments are conducted on
GPUs with 80GB of memory.

A.4 Statistics of Test Datasets

Table 4 shows the details of test datasets from Long-
Bench (Bai et al., 2024b) and InfiniteBench (Zhang
et al., 2024).

A.5 Parameter Sensitivity Analysis

In this section, we conduct a comprehensive sen-
sitivity analysis on key hyperparameters used in
LongMab, including the number of rollout steps
(T ), the number of selected chunks (K), and the
exploration–exploitation balance factor (α).

Rollout Steps Analysis. For the rollout step
analysis, we set the number of selected chunks
to K = 4 and vary the rollout steps among
4, 8, 16, 30. For each configuration, we construct
preference pairs based on the responses collected
up to that step. As shown in Table 6, performance
consistently improves with an increasing number
of rollout steps, suggesting that LongMab progres-
sively refines its sampling process and remains ro-
bust throughout iterative rollouts.

Selected Chunks Analysis. Next, we analyze
the sensitivity of LongMab to the number of se-
lected chunks (K). We fix the rollout steps at 30
and vary K from 1 to 5, constructing the corre-
sponding preference datasets for each setting. As
shown in Table 7, performance improves as K
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Prompt for Probe-based Evidence Extraction

You are provided with a long document, a complex logical reasoning question, and the 
correct answer. Your task is to read the document and perform step-by-step reasoning and 
finally reach the correct answer.
Instructions:
1.Each reasoning step should explicitly refer to the document.
2.End your reasoning with `The answer is` followed by the correct answer.
Document: {context}
Question: {question}
Answer: {answer}

Prompt for Evaluation

You are provided with a long document and a complex logical reasoning question. Read the 
document and follow my instructions to process it.
Document: {context}
Question: {question}
Instructions:
#####
1. Provide a reasoning process: You should first understand the complex problem and make a 
plan to solve it, then carry out the plan and solve the problem step-by-step and finally 
deduce the answer. You could perform reasoning with reflecting, verifying, and revising 
when encountering uncertain or contradictory information.
2. Provide an answer: Based on your reasoning process, give a short answer to the question.
Your answer should be concise and do not include any reasoning process.
#####
Your output should follow this format:
Reasoning: reasoning process here.
Answer: answer here

Figure 6: Prompt Templates Used in LongMab.

increases, reaches its peak at K = 4, and then
slightly declines. To better interpret this pattern,
we further track the evolution of ground truth re-
call and SubEM scores throughout the rollout pro-
cess (Figure 8(a) and Figure 8(b)). We observe
that while selecting more chunks enhances evi-
dence coverage, it also introduces redundant or
noisy information, which eventually degrades re-
sponse quality. Overall, K = 4 strikes an optimal
balance between evidence coverage and noise con-
trol, yielding the most effective preference pairs for
DPO training.

Exploration–Exploitation Balance Factor
Analysis. Finally, we investigate the effect of the
balance coefficient α in the UCB-guided sampling
strategy of LongMab. We vary α from 0.2 to 5.0

while keeping other settings fixed. As shown in
Table 8, performance peaks at α = 1.0 and drops
when α is too small or too large. A smaller α biases
the model toward exploitation, repeatedly select-
ing high-reward chunks and yielding preference
pairs with limited diversity. Conversely, a larger
α emphasizes exploration, increasing the chance
of sampling noisy or irrelevant chunks, which de-
grades the overall quality of responses. Setting
α = 1.0 achieves the best balance between ex-
ploration and exploitation, leading to diverse and
stable sampling.

A.6 Generalization Ability of LongMab

In this section, we further investigate the general-
ization capability of LongMab beyond the settings
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Prompt for Chunk Set Quality Evaluation 

You are a professional evaluator. Your task is to evaluate the quality of the given chunk set 
based on query and the gold answer from Coverage, Relevance, Redundancy, and Coherence 
dimensions.
Evaluation Dimensions:
Coverage: 1 star means Completely misses key information needed to answer the query, 2 
stars means Partially covers but misses important aspects, 3 stars means Comprehensively 
covers all key information required;
Relevance: 1 star means Mostly irrelevant or off-topic content, 2 stars means Some relevant 
content mixed with irrelevant information, 3 stars means Highly relevant and directly 
addresses the query;
Redundancy: 1 star means Excessive repetition and unnecessary overlap between chunks, 2 
stars means Some redundancy present but does not severely affect usefulness, 3 stars 
means Minimal redundancy and each chunk adds unique value;
Coherence: 1 star means Poorly organized and difficult to follow, 2 stars means Some 
organization but with noticeable inconsistencies, 3 stars means Well-structured, logically 
consistent, and easy to follow;
Scoring Format:
Please give the star for each dimension and the final average star, such as 'Coverage: X, 
Relevance: X, Redundancy: X, Coherence: X. Average: X.X’.
Input Data:
Query: {query}
Chunk Set: {context}
Gold Answer: {gold}
Evaluation Guidelines:
1. Consider the collective value of all chunks together.
2. Focus on whether the chunk set as a whole can adequately answer the query.
3. Assess both individual chunk quality and their combined effectiveness.

Figure 7: The Prompt Template Used to Evaluate the Informativeness of Chunk Sets.
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Figure 8: Ground Truth Recall and SubEM Scores with
Varying Numbers of Selected Chunks (K).

reported in the main paper. Our analysis covers
two aspects: (1) generalization across model sizes
and types, and (2) generalization to longer-context
scenarios.

Generalization across Model Sizes and Types.

To assess whether LongMab remains effective for
larger and more recent models, we additionally
apply it to Qwen2.5-14B-Instruct and Qwen3-8B
using exactly the same training hyperparameters.
As shown in Table 9 and Table 10, LongMab yields
consistent improvements across all datasets and
model scales. In particular, LongMab brings an
average F1 gain of 6.3% over the baselines on the
larger Qwen2.5-14B-Instruct model, and still deliv-
ers a 2.6% F1 improvement on the latest reasoning
model, Qwen3-8B.

Generalization to Longer Contexts. Although
LongMab is trained on 8k-16k context length, we
examine whether the resulting model generalizes
to substantially longer context at test time. We
evaluated the performance of the resulting model

3572



Strategy MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.
SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1

Llama-3.1-8B-Instruct
Full Response 50.00 52.15 76.00 68.60 26.00 51.26 20.00 28.61 32.76 36.55 40.95 47.43
Answer-based 45.50 48.58 72.50 69.43 20.00 47.39 19.00 28.60 28.57 31.00 37.11 45.00

Qwen-2.5-7B-Instruct
Full Response 44.00 43.25 67.50 62.97 25.33 48.07 18.00 25.14 30.48 31.88 37.06 42.26
Answer-based 44.00 44.42 63.00 56.85 20.66 46.10 20.50 25.36 29.62 30.73 35.56 40.69

Table 5: Performance of LongMab Under Different Reward Strategies.

Rollout Steps (T) MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.
SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1

Vanilla LLM 33.50 36.56 69.50 65.45 18.66 44.34 18.00 26.61 26.49 32.19 33.23 41.03
T=4 37.50 45.17 70.50 67.84 24.00 50.56 19.50 31.04 28.57 37.61 36.01 46.44
T=8 45.50 47.75 75.00 67.95 23.33 49.49 20.00 27.52 29.71 33.40 38.71 45.22
T=16 48.50 51.88 75.50 66.32 24.00 50.84 19.00 27.66 30.00 32.91 39.40 45.92
T=30 50.00 52.15 76.00 68.60 26.00 51.26 20.00 28.61 32.76 36.55 40.95 47.43

Table 6: Performance of LongMab under Different Rollout Steps.

on the HotPotWikiQA-mixup dataset from the LV-
Eval benchmark (Yuan et al., 2024), spanning a
wide range of context lengths from 16k up to 128k
tokens. As presented in Table 11, the model fine-
tuned with LongMab demonstrates consistent and
notable performance gains across all evaluated
length regimes. Specifically, it achieves an av-
erage F1 gain of 4.2% over vanilla LLM. These
results confirm that the enhanced ability to lo-
cate and utilize key information, which is instilled
by LongMab, successfully extrapolates to context
lengths exceeding 100k tokens.

A.7 Case Study
In this section, we present a case from the MuSiQue
evaluation set to illustrate how LongMab captures
key information from long contexts and alleviates
the “lost-in-the-middle” problem.

As shown in Table 12, we present a two-hop
question in the MuSiQue dataset. To answer
it, the LLM must first identify which province
the Lago District belongs to, and then determine
which provinces border it based on the context.
LongFaith-PO is misled by noisy information near
the two ends of the long context and fails to rec-
ognize the key evidence appearing in the middle
of the long context (specifically, around the 45%
mark of the context), leading to an incorrect answer.
In contrast, LongMab enhances the LLM’s ability
to identify and integrate evidence scattered across
different parts of the context, enabling more accu-
rate multi-hop reasoning and ultimately yielding
the correct answer.
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K
MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.

SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1
1 44.00 46.81 76.50 64.81 21.33 49.09 18.50 28.40 30.00 35.16 38.07 44.85
2 48.00 47.55 73.00 61.73 26.00 50.29 19.50 29.81 31.14 34.68 39.53 44.81
3 47.50 48.05 75.50 67.61 23.33 49.00 17.00 25.71 30.20 34.06 38.71 44.89
4 50.00 52.15 76.00 68.60 26.00 51.26 20.00 28.61 32.76 36.55 40.95 47.43
5 47.00 48.65 73.50 68.58 22.66 49.90 19.00 26.94 29.36 32.93 38.30 45.40

Table 7: Impact of the Number of Selected Chunks in LongMab. K denotes the number of selected chunks. The
best and second best results are highlighted.

α
MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.

SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1
0.2 48.50 49.90 76.50 66.46 20.67 49.65 17.00 24.90 27.20 31.27 37.97 44.44
0.5 47.00 48.49 76.50 71.38 23.33 46.72 21.00 27.17 28.86 31.56 39.34 45.06
1.0 50.00 52.15 76.00 68.60 26.00 51.26 20.00 28.61 32.76 36.55 40.95 47.43
2.0 46.50 47.88 75.50 68.61 22.00 46.52 21.00 27.45 30.00 30.54 39.00 44.20
5.0 40.50 43.71 73.50 66.19 24.00 48.64 19.50 26.79 30.00 29.77 37.50 43.02

Table 8: Sensitivity of LongMab to the Exploration–Exploitation Factor α. Performance first increases and then
declines as α grows, with α = 1.0 achieving the best trade-off between exploration and exploitation. The best and
second best results are highlighted.

Model MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.
SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1

Qwen2.5-14B-Instruct
Vanilla LLM 46.50 39.18 75.50 63.88 26.67 47.78 19.50 22.54 35.04 24.47 40.64 39.57
LongAlpaca 43.50 41.10 70.00 61.55 25.33 48.87 19.00 21.62 32.76 26.76 38.12 39.98
LongAlign 37.50 38.33 68.50 65.26 20.67 46.25 17.50 21.52 32.19 30.65 35.27 40.40
LongMab-SFT 45.00 44.00 73.00 64.01 23.33 49.96 20.50 22.67 31.91 28.42 38.75 41.81
LongReward-PO 48.50 43.41 73.50 62.30 22.67 46.74 21.00 20.33 35.61 27.10 40.26 39.98
SeaLong-PO 46.50 37.56 75.00 57.91 24.67 46.83 19.00 21.17 36.47 25.93 40.33 37.88
Logo-PO 51.00 42.04 77.50 66.52 26.67 48.19 20.50 23.41 36.75 32.12 42.48 42.46
LongFaith-PO 49.33 51.00 78.00 67.85 20.67 46.92 20.00 24.37 34.76 30.93 40.89 43.88
LongMab 50.00 50.34 79.50 68.83 23.33 47.92 22.00 26.83 35.90 35.29 42.15 45.84

Table 9: Overall Performance of Qwen2.5-14B-Instruct on Different Methods. The best and second best results are
highlighted.

Model MuSiQue 2WikiMQA MFQA-En NarrativeQA En.QA Avg.
SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1

Qwen3-8B
Vanilla LLM 41.50 44.24 77.00 72.40 23.33 47.07 19.00 26.26 30.29 31.35 38.22 44.26
LongAlpaca 36.50 38.06 71.00 68.76 23.33 47.73 15.00 22.31 25.43 27.69 34.25 40.91
LongAlign 29.00 28.76 62.00 54.34 27.33 50.29 15.00 22.89 24.86 26.86 31.64 36.63
LongMab-SFT 41.50 45.62 75.50 73.16 22.67 47.99 17.00 25.86 29.43 32.36 37.22 45.00
LongReward-PO 40.50 41.94 76.00 70.08 24.00 45.48 17.00 23.13 28.00 29.01 37.10 41.93
SeaLong-PO 42.50 44.11 77.00 73.38 22.67 48.56 18.00 25.15 32.86 33.54 38.61 44.95
Logo-PO 41.00 44.98 75.50 71.34 23.33 47.32 17.00 24.48 30.29 30.75 37.42 43.77
LongFaith-PO 41.00 46.35 66.00 66.79 17.33 38.01 11.50 18.31 24.29 28.08 32.02 39.51
LongMab 48.00 51.02 77.50 74.32 23.33 47.57 18.50 27.34 31.43 33.84 39.75 46.82

Table 10: Overall Performance of Qwen3-8B on Different Methods. The best and second best results are highlighted.

Model 16k 32k 64k 128k Avg.
SubEM F1 SubEM F1 SubEM F1 SubEM F1 SubEM F1

Vanilla LLM 30.00 29.44 29.17 28.00 20.00 17.17 11.67 13.49 22.71 22.03
LongAlpaca 33.33 29.81 27.50 23.38 24.17 20.44 13.33 13.45 24.58 21.77
LongAlign 31.67 28.06 27.50 26.22 20.83 17.31 14.17 15.02 23.54 21.65
LongMab-SFT 30.00 29.31 30.00 28.03 14.17 13.05 10.00 10.60 21.04 20.25
LongReward-PO 36.67 35.04 34.17 28.77 25.83 20.85 11.67 13.91 27.09 24.64
SeaLong-PO 31.67 30.80 39.17 36.82 19.17 17.42 13.33 13.95 25.84 24.75
Logo-PO 33.33 27.99 35.83 30.70 28.33 15.54 15.83 12.90 28.33 21.78
LongFaith-PO 38.44 35.33 35.83 32.11 21.83 21.15 14.17 16.11 27.57 26.18
LongMab 40.00 34.31 37.50 32.09 23.33 22.65 17.50 16.07 29.58 26.28

Table 11: Performance on the HotPotWikiQA-mixup Dataset from LV-Eval Benchmark. The best and second best
results are highlighted.
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Query: What province shares a border with the province where Lago District is located?
Ground Truth: Cabo Delgado Province
Document: . . .
Passage 7: Niassa Reserve
. . . Niassa Reserve is a nature reserve in Cabo Delgado Province and Niassa Province, Mozambique.
Covering over 42,000 square kilometres (10,000,000 acres), it is the largest protected area in the country...
Passage 12: Lago District
. . . Lago District is a district of Niassa Province in north-western Mozambique. The principal town is
Metangula. Lago District is bordered to the west by Lake Nyasa, on the south by Lichinga, on the east
by Sanga District. Lago shares its northern boundary with Tanzania...

LongFaith-PO:
To determine which province shares a border with the province where Lago District is located, we need
to analyze the information provided in the documents. First, we identify the location of Lago District.
According to the document, Lago District is located in Niassa Province in northwestern Mozambique
[12]. Next, we look for provinces that share a border with Niassa Province. The document states
that Lago District is bordered to the west by Lake Nyasa, which implies that it shares a border with the
province that includes Lake Nyasa. Lake Nyasa is located in Malawi, which is a neighboring country to
Mozambique. Therefore, the province that shares a border with Niassa Province is Malawi. Thus, the
answer to the question is Malawi. The answer is Malawi.

LongMab:
Reasoning: To find the province that shares a border with the province where Lago District
is located, we need to identify the location of Lago District first. According to Passage 12,
Lago District is a district of Niassa Province in north-western Mozambique. Next, we need to deter-
mine which provinces share a border with Niassa Province. Since Lago District is located in north-western
Mozambique, it is likely to share borders with provinces in the neighboring countries or regions. In
Passage 7, it is mentioned that Niassa Reserve is located in Cabo Delgado Province and Niassa Province,
Mozambique. This indicates that Niassa Province shares a border with Cabo Delgado Province. Based
on this information, we can conclude that the province that shares a border with the province where Lago
District is located is likely to be Cabo Delgado Province. Answer: Cabo Delgado Province.

Table 12: Case Study. We randomly sample an example from the MuSiQue dataset to analyze model behavior.
Different colors are used to represent noise information or key evidence. Specifically, green indicates critical
evidence supporting the ground truth, while pink represents distracting information.
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