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Abstract
With context windows of millions of tokens,
Long-Context Language Models (LCLMs) can
encode entire document collections, offering
a strong alternative to conventional retrieval-
augmented generation (RAG). However, it re-
mains unclear whether fine-tuning strategies
can improve long-context performance and
translate to greater robustness under KV-cache
compression techniques. In this work, we inves-
tigate which training strategies most effectively
enhance LCLMs’ ability to identify and use rel-
evant information, as well as enhancing their ro-
bustness under KV-cache compression. Our ex-
periments show substantial in-domain improve-
ments, achieving gains of up to +20 points over
the base model. However, out-of-domain gen-
eralization remains task dependent with large
variance – LCLMs excels on finance questions
(+9 points), while RAG shows stronger perfor-
mance on multiple-choice questions (+6 points)
over the baseline models. Finally, we show
that our fine-tuning approaches bring moderate
improvements in robustness under KV-cache
compression, with gains varying across tasks.

1 Introduction

Long-Context Language Models (LCLMs) have
demonstrated remarkable performance across di-
verse benchmarks through continual pre-training
and context extension techniques (Peng et al., 2024;
Su et al., 2024; Xiong et al., 2024; Gao et al., 2025).
The main goal is to enable the encoding of increas-
ingly longer documents, potentially encompassing
entire knowledge bases and eliminating the need
for retrieval pipelines (Lee et al., 2024). This moti-
vation stems from the fact that retrieval-augmented
generation (RAG), while effective as the de-facto
standard for knowledge-intensive tasks, requires
storing and managing comprehensive knowledge
indexes while maintaining robust retrieval capabil-
ities. However, despite the significant progress in
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long-context modeling, current literature demon-
strates that standard RAG systems continue to out-
perform LCLMs across various tasks (Li et al.,
2024; Lee et al., 2024; Bai et al., 2024; Xu et al.,
2024; Jin et al., 2025; Li et al., 2025). Recent
works have explored the effects of supervised fine-
tuning (SFT) on LCLMs through question answer-
ing over long-context inputs (Zhang et al., 2024a;
Jin et al., 2025; Qiu et al., 2025), yet these stud-
ies typically train and evaluate on in-domain data,
falling short in assessing their out-of-domain gener-
alization and the factors contributing to the model
performance. Moreover, little attention has been
devoted to understanding which training techniques
yield the best performance under KV-cache com-
pression (Zhang et al., 2023; Sheng et al., 2023;
Liu et al., 2024), a critical consideration given the
cost of storing complete key-value caches.

We argue that to effectively replace RAG sys-
tems, models must learn to behave like in-context
learning RAG systems: attending primarily to rel-
evant information within the input context while
disregarding irrelevant content. This motivates our
research question: Does fine-tuning LCLMs to se-
lectively attend to relevant information improve
in-context retrieval performance and enable more
efficient inference?

Given that current SFT techniques are not able to
achieve consistent performance gains against stan-
dard RAG pipelines (Qiu et al., 2025), we turn to
Group Relative Policy Optimization (Shao et al.,
2024, GRPO). We argue that while SFT constrains
the models to specific training paths, GRPO en-
ables them to explore diverse strategies to discover
which information is truly relevant to answering
input questions. We therefore explore GRPO-based
approaches with verifiable reward functions, from
simple answer-only objectives to complex reason-
ing with LLM-as-a-Judge evaluation, comparing
their performance against RAG pipelines in both
in- and out-of-domain scenarios.
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Our findings show that certain strategies surpass
RAG on in-domain benchmarks, though out-of-
domain generalization remains task dependent with
large variance. Finally, while we show that fine-
tuning brings moderate improvements in robust-
ness under KV-cache compression, our analysis
reveals minimal gains in attention-based document
ranking, exhibiting negligible correlation with task
performance.1

2 Related Work

Long Context vs. RAG. Recent work has ex-
plored the trade-offs between LCLMs and RAG,
revealing inconsistent findings across different set-
tings (Li et al., 2025). While some studies suggest
that retrieval helps models with smaller context
windows (4k) but not longer ones (16k-32k) (Bai
et al., 2024), others demonstrate that RAG consis-
tently outperforms LCLMs at context lengths up
to 32k (Xu et al., 2024; Li et al., 2024; Yu et al.,
2024; Xu et al., 2025). Conversely, Bai et al. (2025)
show that LCLMs can perform better without RAG
at context lengths up to 128k, while Jiang et al.
(2024) demonstrate that RAG benefits from longer
retrieval units. These mixed findings indicate ongo-
ing debate about whether LCLMs can effectively
replace RAG or whether retrieval remains essential
for long-context understanding.

Fine-tuning LCLMs. Several approaches have
attempted to improve long-context capabilities
through fine-tuning on question answering tasks
with distractor documents (Zhang et al., 2024a;
Jin et al., 2025; Qiu et al., 2025). RAFT (Zhang
et al., 2024a) trains models to ignore irrelevant
documents when answering questions, while Qiu
et al. (2025) use challenging distractors from strong
retrievers and require models to generate both doc-
ument IDs and content. However, both focus exclu-
sively on supervised fine-tuning (SFT) and evaluate
primarily on in-domain RAG benchmarks, limit-
ing insights into out-of-domain generalization and
whether models genuinely improve attention to rel-
evant content. Jin et al. (2025) explore answer-only
training and reasoning distillation from stronger
models, demonstrating that SFT with reasoning im-
proves performance (OpenAI, 2025; Gemini, 2025;
Amazon AGI, 2025; Olmo et al., 2025), though
their analysis remains limited to in-domain settings.

1To ensure reproducibility and encourage further research
in LCLMs, we release our code at https://github.com/
amazon-science/icr-kv-caching-long-context-llms.

Our work extends this line of research in three
key directions: (1) we explore reinforcement learn-
ing (GRPO) beyond standard SFT, with and with-
out reasoning objectives; (2) we evaluate systemat-
ically on both in-domain and out-of-domain bench-
marks; and (3) we analyze the mechanisms under-
lying performance improvements through attention-
based document ranking and KV-cache compres-
sion robustness, rather than focusing solely on
downstream task metrics.

3 Methodology

Training Data. To improve the in-context re-
trieval capabilities of the LCLMs, we generate
training data containing a sparse set of relevant
documents within the input context, with the vast
majority of information consisting of hard nega-
tives that encourage the model to attend selectively
to relevant content. We construct our training data
from two open-domain question answering bench-
marks: HotpotQA (Yang et al., 2018) and 2Wiki-
MultihopQA (Ho et al., 2020). Each instance in
these benchmarks includes an annotated list of (up
to 2) relevant passages from Wikipedia required to
answer the question.

We employ a strong retriever to fetch additional
Wikipedia passages related to each question and
concatenate them with the gold relevant passages.
This creates a challenging setting where the ma-
jority of retrieved information may be topically
related to the question but not necessary for an-
swering it (Qiu et al., 2025). Following Karpukhin
et al. (2020), we parse Wikipedia by dividing each
article into 100-word passages, ensuring no length
bias during training (the gold passages provided
in these datasets also average approximately 100
words). To prevent positional bias during training,
we randomly shuffle both the relevant passages and
hard negatives within each context. Then, for each
document di in the context, we associate it with a
unique ID using a special tag (i.e., “[DOC i]”), in
order to distinguish clear document boundaries.

Additional details and examples about training
data can be found in Appendix A.

Training Strategies. Given that current SFT
techniques for eliciting in-context learning capabil-
ities of LCLMs have shown limited performance
improvements against standard RAG pipelines (Jin
et al., 2025; Qiu et al., 2025), we hypothesize that
LCLMs require exploration during training to dis-
cover which information is truly relevant to answer-
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ing input questions. To enable this exploration, we
employ reinforcement learning with GRPO, which
allows the model to sample multiple outputs and
learn from group-relative advantages.

Given a question q and context c containing pas-
sages {d1, . . . , dp}, we train a policy model πθ to
generate a response y that identifies relevant doc-
uments and produces the correct answer a∗. Let
D∗ ⊆ {1, . . . , p} denote the set of gold-standard
relevant document indices. We design five veri-
fiable reward functions R(y, q, c) to guide model
training, each encouraging different aspects of rele-
vant information extraction and reasoning.

Reward Functions. To encourage models to de-
velop selective attention capabilities towards rele-
vant information, we design five reward functions
that progressively increase in complexity and con-
straint. We hypothesize that simpler objectives
(i.e., answer correctness alone) may allow mod-
els greater flexibility in learning attention patterns,
while more structured objectives (i.e., requiring
document citations or content reproduction) may
provide stronger supervision but risk overfitting to
specific output formats. We define these reward
functions for model output y as follows, where
ans(y) extracts the answer, ids(y) extracts cited
document indices, cont(y) extracts reproduced con-
tent, quotes(y) extracts quoted spans, and ≈ de-
notes sub-exact match:

RAO(y) = 1[ans(y) ≈ a∗] (1)

RID(y) = 1[ids(y) = D∗] +RAO(y) (2)

RID+C(y) = 1[cont(y) ≈ {di : i ∈ D∗}] +RID(y) (3)

RID+Q(y) = 1[quotes(y) ⊆ {di : i ∈ D∗}] +RID(y)
(4)

RR+Judge(y) = J(reason(y),Dcited,D∗, q, c) +RAO(y) (5)

RAO(y) rewards solely correct answers. RID(y)
additionally encourages identifying all relevant doc-
ument IDs before answering. RID+C(y) further re-
wards the model if it reproduces the full text of rel-
evant documents. RID+Q(y) rewards extracting per-
tinent quotes from relevant documents rather than
reproducing entire passages. RR+Judge(y) prompts
the model to provide step-by-step reasoning, which
an LLM judge J evaluates for coherence and appro-
priate use of cited documents Dcited. Details about
the reward functions can be found in Appendix B.

4 Experimental Setup

Training. For training data construction, we em-
ploy Qwen3-Embedding-4B (Zhang et al., 2025) as

the retriever and set k = 500 to retrieve the top 500
passages for each question. We then filter instances
to retain only those with context lengths of at most
32k tokens. This choice ensures two key advan-
tages: i) training remains computationally efficient;
ii) it allows us to evaluate whether models trained
on these moderate-length contexts can generalize
to much longer contexts, including 1M tokens. De-
tails about the prompts and hyperparameters used
to train our models can be found in Appendix C.

Benchmarks. We evaluate our models on a di-
verse set of benchmarks, domains and tasks. For
in-domain analysis, we select the HotpotQA (Yang
et al., 2018), NQ (Kwiatkowski et al., 2019) and
TriviaQA (Joshi et al., 2017) subsets from the
RAG split of HELMET (Yen et al., 2025), where
each instance contains a question with p passages
(p − k distractors and k relevant documents). In
these subsets, is it assumed that RAG has been
applied to construct the input context; therefore,
we do not perform additional retrieval. For out-
of-domain evaluation, we assess performance on
∞Bench (Zhang et al., 2024b) (MC, QA, and
SUM), LongBench-v2 (Bai et al., 2025, LB-v2),
and the English financial split of Loong (Wang
et al., 2024), which requires reasoning over tables
and numbers. The prompts used in our experiments
can be found in Appendix D, while details on the
evaluation metrics can be found in Appendix E.

Models and Baselines. Based on preliminary ex-
periments comparing multiple LCLMs with con-
text windows from 128k to 1M against their RAG
counterparts (Appendix F), we select Qwen2.5-7B-
Instruct-1M (Qwen et al., 2025) as our base model.
This model showed a clear performance gap be-
tween full-context and RAG, making it an ideal
candidate for investigating whether fine-tuning can
close this gap. We use RAG@32k as our base-
line, as it achieves the highest average performance.
Finally, to further motivate the choice of our RL-
based approaches, we also use our dataset to train
an SFT baseline on the answer-only objective, fol-
lowing (Qiu et al., 2025).

5 Results

In-Domain Results. Table 1 presents average
performance on the HELMET’s RAG subset across
context lengths from 4k to 128k tokens (see Ap-
pendix G for per-length results). From the results
we can immediately see how standard SFT leads to
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HELMET (SubEM ↑)

Model HotpotQA NQ TriviaQA Avg.

Base 61.0 61.1 86.6 69.6
w/ gold docs 72.2 70.7 85.8 76.2

+ SFTAO 51.4 40.3 76.1 55.9

+ RAO(y) 81.1 67.7 92.1 80.3
+ RID(y) 75.2 65.5 91.0 77.2
+ RID+C(y) 67.9 56.9 85.8 70.2
+ RID+Q(y) 74.1 59.1 85.5 72.9
+ RR+Judge(y) 70.6 72.8 92.3 78.6

Table 1: Average performance on HELMET’s “RAG”
subset across context lengths 4k–128k.

∞Bench LB-v2 Loong

Model MC QA Sum ALL Fin. Avg.
(Acc. ↑) (SubEM ↑) (R-L ↑) (Acc. ↑) (Judge ↑)

Full Context (up to 1M tokens)

Base 72.0 30.0 31.2 32.0 49.9 43.0
+ RAO(y) 70.3 38.2 31.0 31.2 55.3 45.2
+ RID(y) 71.6 34.7 29.7 31.0 51.2 43.6
+ RID+C(y) 70.7 31.3 30.2 31.4 47.5 42.2
+ RID+Q(y) 70.7 30.8 30.5 32.0 51.5 43.1
+ RR+Judge(y) 72.5 30.7 31.7 32.6 58.8 45.3

KV-Cache with RetrievalAttn

Base 62.0 27.6 27.3 30.2 39.5 37.3
+ RAO(y) 65.5 33.6 28.0 29.6 41.7 39.7
+ RID(y) 64.2 29.3 26.0 30.0 43.0 38.5
+ RID+C(y) 63.3 27.1 27.7 29.6 39.8 37.5
+ RID+Q(y) 62.9 27.1 28.1 32.0 39.7 38.0
+ RR+Judge(y) 63.8 28.2 28.8 31.2 41.5 38.7

RAG (Base Model)

RAG@32k 78.6 29.3 25.1 38.0 47.8 43.8

Table 2: Out-of-domain performance comparison.

severe performance degradation compared to the
base model, resulting in an average drop of 13.7
points (55.9 vs. 69.6), while RL-based approaches
consistently outperform the baseline. The RAO(y)
reward function achieves the strongest improve-
ments on HotpotQA, with gains of 20.1 points (81.1
vs. 61.0) over the base model, while RR+Judge(y)
achieves the best performance on NQ (72.8 vs.
61.1) and TriviaQA (92.3 vs. 86.6). The RID(y)
reward function also yields substantial gains, aver-
aging 75.2 on HotpotQA, 65.5 on NQ, and 91.0 on
TriviaQA. However, more constrained strategies,
specifically RID+C(y) and RID+Q(y), show perfor-
mance degradation, suggesting that overly restric-
tive training objectives may impede the model’s
ability to process extended contexts effectively.
Notably, both RAO(y) and RR+Judge(y) surpass
the performance obtained when the base model

Performance Drop (%)

Model MC QA Sum ALL Fin Avg

Base -13.9 -27.6 -12.5 -5.6 -20.8 -16.1
+ RAO(y) -6.8 -28.3 -9.7 -5.1 -24.6 -14.9
+ RID(y) -10.3 -28.3 -12.5 -3.2 -16.0 -14.1
+ RID+C(y) -10.5 -28.7 -8.3 -5.7 -16.2 -13.9
+ RID+Q(y) -11.0 -32.7 -7.9 0.0 -22.9 -14.9
+ RR+Judge(y) -12.0 -30.2 -10.5 -4.5 -18.7 -15.2

Table 3: Performance drop (%) with RA vs. full context.
MC/QA/Sum: ∞Bench, ALL: LB-v2, Fin: Loong.

Model Documents Ranking (NDCG@10)

HotpotQA NQ TriviaQA Avg.

Base 82.0 84.7 83.6 83.4
+ RAO(y) 82.3 85.0 83.8 83.7
+ RID(y) 82.3 85.0 83.7 83.7
+ RID+C(y) 82.4 85.1 84.1 83.9
+ RID+Q(y) 82.5 85.4 84.3 84.1
+ RR+Judge(y) 82.2 84.9 83.7 83.6

Table 4: NDCG@10 computed on reranked documents
on HELMET at 32k context length.

is informed about which documents are relevant:
RAO(y) exceeds gold docs on HotpotQA (81.1
vs. 72.2) and TriviaQA (92.1 vs. 85.8), while
RR+Judge(y) surpasses gold docs on NQ (72.8 vs.
70.7) and TriviaQA (92.3 vs. 85.8). This indi-
cates that fine-tuning successfully enables models
to identify relevant information without sacrificing
the model’s ability to leverage its full context.

Out-of-Domain Results. Table 2 evaluates gen-
eralization to out-of-domain benchmarks where
inputs consist of long, cohesive documents rather
than retrieved passages. Results reveal mixed pat-
terns across tasks and models. RR+Judge(y) demon-
strates the most substantial improvement on Loong
Financial, achieving 58.8 (+8.9 over base) and
outperforming RAG@32k by 11 points (58.8 vs.
47.8). Similarly, RAO(y) yields the largest gain on
∞Bench QA (38.2, +8.2 points), also surpassing
RAG@32k (38.2 vs. 29.3). However, on other
benchmarks (LB-v2, ∞Bench MC and SUM) we
do not observe substantial improvement: multiple-
choice accuracy remains largely unchanged (70.3-
72.5 vs. 72.0 base), and summarization shows mini-
mal variation (30.2-31.7 vs. 31.2 base). Conversely,
RAG at 32k tokens outperforms all fine-tuned mod-
els on ∞Bench MC (78.6% vs. 72.5% best fine-
tuned) and LB-v2 (38.0% vs. 32.6% best fine-
tuned). We attribute this variance to our training
objective, which explicitly optimizes for sparse re-

620



trieval by focusing on identifying specific, isolated
facts. This specialization may limit performance
on tasks requiring dense information integration
over cohesive documents, explaining why standard
RAG pipelines retain an advantage in these spe-
cific scenarios. These mixed results indicate that
no single approach consistently dominates across
diverse out-of-domain tasks, with both fine-tuning
and RAG offering complementary strengths.

KV-Cache Compression Analysis. To assess
whether fine-tuning translates to stable perfor-
mance in efficient inference settings, we evaluate
models under RetrievalAttention (Liu et al., 2025,
RA), a KV-cache compression technique that re-
tains only the top-k most-attended key-value pairs.
We select RA because it directly aligns with our
training objective: models that allocate more at-
tention to relevant content should theoretically re-
tain performance when compression preserves only
highly-attended tokens.

Tables 2 and 3 quantify performance under RA,
showing that all models experience substantial
degradation, with the base model dropping 16.1%
on average. Fine-tuned models reduce this degra-
dation moderately: RID+C(y) achieves the smallest
drop (13.9%), representing 2.2 percentage point
improvements over the base model. However, even
the best compressed fine-tuned models fall short of
RAG@32k’s performance, indicating that compres-
sion still incurs performance costs that fine-tuning
only partially mitigates. Robustness patterns vary
considerably by task: RAO(y) shows the best re-
silience on ∞Bench MC (6.8% drop vs. 13.9%
base) but the worst on Loong Financial (24.6%
drop vs. 20.8% base), while RID+Q(y) maintains
perfect performance on LB-v2 (0.0% drop) yet de-
grades substantially on ∞Bench QA (32.7% drop).
Our findings demonstrate that while fine-tuning can
improve task performance and reduce degradation
under compression, current approaches yield mod-
erate gains that remain highly task-specific, high-
lighting the need for more targeted optimization
strategies for efficient long-context inference.

Document Ranking Analysis. To investigate
whether performance improvements stem from en-
hanced selective attention, we measure document
ranking quality using NDCG@10 at 32k context
length (our training setup), ranking documents by
cumulative attention scores and comparing against
HELMET’s relevance-based ordering.

Table 4 shows that the base model already

achieves high NDCG@10 scores (82.0–84.7). Fine-
tuning yields minimal improvements: RID+Q(y)
achieves the highest scores with only 0.5–0.7 point
gains over the base. However, the Pearson corre-
lation between attention ranking and task perfor-
mance is negligible (r=-0.09, p=0.86): RID+Q(y)
achieves the best NDCG@10 but poor accuracy
(72.9), while RAO(y) and RR+Judge(y) demonstrate
strong performance (80.3, 78.6) despite compara-
ble NDCG@10 scores. These findings suggest that
improved attention-based document ranking does
not explain the observed performance gains. In-
stead, since the base model already successfully
reranks relevant information, we attribute the in-
and out-of-domain improvements to enhanced task
robustness. The GRPO-trained models demon-
strate superior discrimination in noisy contexts,
allowing them to effectively utilize the attended
information and filter out distractions where the
base model, despite similar attention patterns, fails.

6 Conclusions

In this work, we investigated whether fine-tuning
LCLMs to selectively attend to relevant informa-
tion allows them to effectively replace conven-
tional RAG systems. We found that while stan-
dard SFT often degrades capabilities, our proposed
GRPO-based strategies, particularly those lever-
aging answer-only and reasoning rewards, yield
substantial in-domain improvements, successfully
bridging the performance gap with RAG. However,
out-of-domain generalization remains inconsistent.
Our results suggest that while our models excel
at sparse retrieval tasks involving specific fact ex-
traction, they struggle with tasks requiring dense
information integration, where RAG retains an ad-
vantage.

Regarding efficiency, we demonstrated that fine-
tuning mitigates performance degradation under
KV-cache compression, although these gains are
moderate and task-dependent. Crucially, our analy-
sis indicates that performance improvements do not
stem from better attention-based document rank-
ing, which correlates weakly with accuracy. In-
stead, the gains appear driven by enhanced robust-
ness to noise within the context. We conclude that
while LCLMs offer a powerful alternative to RAG,
achieving universal generalization requires future
training objectives that better balance selective at-
tention with the ability to synthesize dense infor-
mation.
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Limitations

We train our models on contexts up to 32k tokens
both for computational efficiency and for evalu-
ating generalization on longer inputs, up to 1M
tokens. This design choice allows us to assess gen-
eralization to longer contexts but limits our ability
to investigate whether training on extremely long
sequences would yield different outcomes. Given
sufficient computational resources, it would be
valuable to extend training to 1M context lengths,
though our observed generalization patterns sug-
gest findings would remain largely consistent.

Moreover, our evaluation focuses on English-
language benchmarks in question answering, mul-
tiple choice, summarization, and financial analysis
domains. The effectiveness of these fine-tuning
strategies for other languages, modalities, or task
types remains an open question.

Finally, our training data is constructed from
Wikipedia passages due to the availability of gold-
standard annotations in HotpotQA and 2WikiMul-
tihopQA. While this enables controlled experimen-
tation with verifiable rewards, the lack of domain-
specific annotated data (e.g., legal documents, sci-
entific papers, technical manuals) limits our ability
to assess whether domain-adapted training would
improve out-of-domain generalization. Given suf-
ficient annotated data containing gold documents
for other domains, our approach could be extended
to enable more robust cross-domain performance.
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A Training Data Details

Hard Negative Refinement. Since retrieving
hard negatives from Wikipedia can inadvertently
include documents that are actually relevant to
the question, we apply a two-stage preprocessing
pipeline to identify and promote such documents
from hard negatives to relevant passages. In the
first stage, we apply fuzzy matching heuristics, in-
cluding Jaccard similarity, character-level F1, and
n-gram matching, between each gold passage and
each hard negative, using a loose similarity thresh-
old. This ensures high recall, capturing the vast
majority of true positives within the input context.
However, this approach can introduce false posi-
tives; therefore, in the second stage, we employ
a strong LLM as a judge to filter out promoted
documents that are indeed false positives. This
two-stage procedure results in a refined set of truly
relevant documents, increasing the average number
of relevant passages from 2 to approximately 4 per
instance. This refinement makes the model more
resilient to out-of-domain cases where more than 2
passages may be needed to answer the question.

In our experiments, we use a fuzzy similarity
threshold of 0.6 for the initial matching stage. For
the second stage, we employ DeepSeek-R1-Distill-
Qwen-32B (DeepSeek-AI et al., 2025) with think-
ing enabled and temperature set to 0.0 as the judge
to filter false positives.

Training Data Examples. Table 5 shows repre-
sentative instances from our training data, high-
lighting the challenging nature of the task. Each
example contains a question paired with a long con-
text comprising multiple documents, where only
a small subset (indicated by Gold IDs and shown
in bold) contains information relevant to answer-
ing the question. The majority of documents serve
as hard negatives, which are topically related but
irrelevant passages that create a realistic informa-
tion retrieval scenario. For instance, in the first
example, while many documents discuss various
magazines, only documents 10 and 11 contain the
specific founding dates needed to determine which
magazine was started first. Similarly, the second
example includes multiple documents about Indian
hotel chains and cities, but only documents 0 and 4
provide the critical information linking the Oberoi
family to Delhi. We posit that this sparse rele-
vant information embedded within extensive hard
negatives may force models to develop selective
attention mechanisms, mimicking the challenges

faced by RAG systems when processing retrieved
contexts.

B Reward Functions

We define the following reward functions for model
output y:

Answer Only (AO). The model receives a re-
ward for generating the correct answer:

RAO(y) = 1[ans(y) ≈ a∗] (6)

where ans(y) extracts the answer from output y,
and ≈ denotes sub-exact match allowing for minor
lexical variations.

Document IDs + Answer (ID). The model is re-
warded for correctly identifying relevant document
IDs and providing the correct answer:

RID(y) = 1[ids(y) = D∗] + 1[ans(y) ≈ a∗] (7)

where ids(y) extracts the cited document indices
from the output.

Document IDs + Content + Answer (ID+C).
The model is rewarded for generating the IDs and
reproducing the content of relevant documents:

RID+C(y) = 1[ids(y) = D∗]+

1[cont(y) ≈ {di : i ∈ D∗}] + 1[ans(y) ≈ a∗]
(8)

where cont(y) extracts the document content repro-
duced in the output.

Document IDs + Quotes + Answer (ID+Q).
The model is rewarded for identifying relevant doc-
uments and extracting pertinent quotes:

RID+Q(y) = 1[ids(y) = D∗]+

1[quotes(y) ⊆ {di : i ∈ D∗}] + 1[ans(y) ≈ a∗]
(9)

where quotes(y) extracts quoted text spans from
the output.

Reasoning + LLM-as-a-Judge (R+Judge). The
policy is prompted to reason over the context and
justify its answer. We parse the output to extract
cited document IDs Dcited and employ an LLM
judge J to evaluate relevance:

RR+Judge(y) = J(reason(y),Dcited,D∗, q, c)+

1[ans(y) ≈ a∗]
(10)
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Question Answer Training Context (abbreviated) Gold IDs

Which magazine was started first
Arthur’s Magazine or First for
Women?

Arthur’s Maga-
zine

[DOC 0] British art critics ... [DOC 1] The English Woman’s
Journal ... [DOC 2] 1300 subscribers ... [DOC 3] Magazines
published in UK ... [DOC 4] French male writers ... [DOC 5]
Published in USA ... [DOC 6] Magazines with year ... [DOC
7] Feminism and family ... [DOC 8] UK Monthly magazines
... [DOC 9] (magazine) ... [DOC 10] Arthur’s Magazine
(1844–1846) American literary periodical ... [DOC 11]
First for Women ... woman’s magazine published by Bauer
Media ...

10, 11

The Oberoi family is part of a hotel
company that has a head office in
what city?

Delhi [DOC 0] The Oberoi Group is a hotel company with its
head office in Delhi. [DOC 1] Taj Hotels ... headquartered in
Mumbai ... [DOC 2] Natural History Society ... [DOC 3] Taj
Dubai ... [DOC 4] The Oberoi family is an Indian family
involved in hotels through The Oberoi Group. [DOC 5]
Food and drink companies based in Boston ... [DOC 6] City
serves as headquarters ... Kolkata ... [DOC 7] Bangalore, Taj
Connemara ... [DOC 8] Observer Research Foundation based
in Delhi ... [DOC 9] Companies based in Miami ... [DOC 10]
Survey of India ... Kolkata ...

0, 4

Musician and satirist Allie Goertz
wrote a song about the "The Simp-
sons" character Milhouse, who Matt
Groening named after who?

Richard Nixon [DOC 0] Simpson ... Harry Shearer as Mr. Burns ... [DOC
1] Jon Lovitz as Artie Ziff ... [DOC 2] Allison Beth "Allie"
Goertz (born March 2, 1991) American musician. [DOC 3]
Krusty the Clown ... Bart ... [DOC 4] Her videos are posted
on YouTube under Cossbysweater. [DOC 5] Simpsons ...
Jerry Nelson ... [DOC 6] Goertz is known for her satirical
songs based on pop culture topics. [DOC 7] Ralph Wiggum
... [DOC 8] Milhouse Mussolini van Houten ... fictional
character ... created by Matt Groening ... [DOC 9] Guitar
... parody ... [DOC 10] by "Weird Al" Yankovic ... [DOC 11]
Beverly Hills 90210 ... [DOC 12] Baby bunnies ... [DOC 13]
Allegra’s Window ...

2, 4, 6, 8

Table 5: Examples of training data instances showing questions with long-context inputs containing both relevant
documents (bold) and hard negative distractors. Gold IDs indicate the document indices required to answer each
question.

The judge J assigns a score based on whether cited
documents are in D∗ or contain information gen-
uinely useful for answering the question. This re-
laxed reward addresses the limitation that anno-
tated relevant documents may be incomplete, as
topically related documents can provide valid rea-
soning paths.

C Training Settings

We train all models using GRPO with the VERL
framework (Sheng et al., 2025) and FSDP for dis-
tributed training. We split the data into 95% train
and 5% development, resulting in 28,500 training
samples and 1,500 validation samples. The train-
ing batch size is set to 256 and validation batch
size to 128. We set the maximum prompt length to
32,768 tokens to accommodate long contexts, with
a maximum response length of 2,048 tokens, ap-
plying middle truncation for sequences exceeding
these limits. We use the AdamW optimizer with a
learning rate of 1×10−6, a PPO mini-batch size of

64, and a micro-batch size of 2 per GPU. Training
proceeds for up to 2 epochs with model checkpoint-
ing every 10 steps. For GRPO, we sample G = 5
outputs from the current policy for each training in-
stance to compute group-relative advantages. The
KL divergence coefficient β is set to 0.001 with a
low-variance KL loss formulation, applied only in
the loss function and not in the reward computa-
tion itself. To optimize memory usage, we enable
gradient checkpointing and activation offloading,
with Ulysses sequence parallelism (Jacobs et al.,
2024) set to 4 and tensor model parallelism of 2
for rollout generation. We use vLLM for efficient
rollout generation with chunked prefill enabled and
a maximum of 34,816 batched tokens, while refer-
ence model computations use FSDP with param-
eter offloading. We cap GPU memory utilization
at 60%. In Table 6 we provide the judge prompt
used to train our models with the reward function
RR+Judge(y) (see Section 3 for details).
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D Evaluation Prompts

Table 7 presents the prompt templates used for eval-
uation across all out-of-domain benchmarks. All
prompts are taken directly from the official bench-
mark papers. The {instruction} component in
the Loong financial split can be found in the orig-
inal paper (Wang et al., 2024). For the in-domain
benchmark HELMET, each model trained with a
different reward function is evaluated using a dis-
tinct prompt structure that matches its training ob-
jective. Tables 8 and 9 present the complete prompt
templates for all five reward functions applied to
the RAG split of HELMET. These prompts are de-
signed to elicit the specific output formats required
for computing rewards during training, ensuring
consistency between training and evaluation.

E Metrics

We employ benchmark-specific evaluation metrics
tailored to each task type. For multiple-choice ques-
tion answering benchmarks (LB-v2 and ∞Bench
MC), we use accuracy as the primary metric. To ex-
tract model answers, we employ xFinder (Yu et al.,
2025), an LLM-based answer extraction tool that
has demonstrated higher agreement with human
judgment compared to standard regex-based extrac-
tors (Molfese et al., 2025). For open-ended ques-
tion answering tasks (∞Bench QA and HELMET),
we use sub-exact match following the recommen-
dation of Yen et al. (2025), who demonstrate that
this metric better correlates with true model perfor-
mance than strict exact match. Sub-exact match
allows for minor lexical variations while still re-
quiring the core answer to be correct. For the sum-
marization task in ∞Bench (SUM split), we use
Rouge-L to measure the overlap between gener-
ated summaries and reference summaries. For the
Loong financial split, we follow the official evalua-
tion protocol and use an LLM judge to score model
outputs on a scale from 0 to 100. The judge prompt
template is provided in the original paper (Wang
et al., 2024) and evaluates responses based on cor-
rectness and reasoning quality over financial doc-
uments. We employ DeepSeek-R1-Distill-Qwen-
32B (DeepSeek-AI et al., 2025) with thinking en-
abled and temperature set to 0.0 as judge.

F Model Selection

To inform our choice of base model for training
experiments, we conduct a preliminary evaluation

comparing several state-of-the-art long-context lan-
guage models against their RAG-enhanced coun-
terparts on out-of-domain benchmarks.

Models. We evaluate the following models:
Qwen2.5-7B-Instruct (128k context), Qwen2.5-7B-
Instruct-1M (1M context), glm-4-9b-chat (128k
context), glm-4-9b-chat-1m (1M context), and
internlm2_5-7b-chat-1m (1M context) (Qwen et al.,
2025; GLM et al., 2024; Cai et al., 2024). For RAG
baselines, we employ Qwen3-Embedding-4B as
the retriever (Zhang et al., 2025). When inputs ex-
ceeds the model’s supported context window, we
apply truncation at the end of the input context.

Benchmarks. We assess performance on three
long-context benchmarks: ∞Bench (Zhang et al.,
2024b) (MC, QA, and SUM splits), LB-v2 (Bai
et al., 2025), and the English financial split of
Loong (Wang et al., 2024). These benchmarks
provide diverse evaluation scenarios spanning
multiple-choice questions, open-ended QA, sum-
marization, and numerical reasoning tasks.

RAG Configuration. Following recent findings
that advocate for longer chunking strategies with
LCLMs (Jiang et al., 2024), we chunk each docu-
ment into 2048-token segments. For each bench-
mark instance, we retrieve passages to construct
contexts of varying lengths k ∈ {4k, 8k, 16k, 32k,
64k, 128k, 1M}, allowing us to analyze perfor-
mance degradation as context length increases and
identify when RAG provides advantages over full-
context processing.

Results and Analysis. Table 10 presents the com-
parative results. We observe that RAG consistently
outperforms full-context processing for most mod-
els, with optimal performance typically achieved
at moderate retrieval lengths (32k-128k tokens).
However, the results reveal important nuances:
while Qwen2.5-7B-Instruct-1M shows substantial
improvements with RAG (e.g., 78.6% on ∞Bench
MC with 32k RAG vs. 72.0% full context), glm-
4-9b-chat-1m demonstrates the opposite pattern,
achieving its best performance with full-context
processing on several tasks (37.3% on ∞Bench
QA vs. 35.3% best RAG performance). The perfor-
mance gap is particularly pronounced on the chal-
lenging Loong financial split, where RAG configu-
rations frequently outperform full-context process-
ing by 2-5 points for Qwen models. These mixed
results suggest that while some models struggle
to effectively attend to relevant information within
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extended contexts, others have developed stronger
selective attention capabilities during pre-training.

Based on these findings, we select Qwen2.5-
7B-Instruct-1M as our base model for subsequent
training experiments. This choice is motivated
by three key factors: (1) it exhibits the clearest
and most consistent performance gap between full-
context and RAG settings (6.6 points on ∞Bench
MC, 3.6 points on ∞Bench QA, and 4.8 points
on Loong), indicating substantial room for im-
provement through targeted training on selective
attention; (2) unlike glm-4-9b-chat-1m which al-
ready demonstrates strong full-context capabilities,
Qwen2.5-7B-Instruct-1M represents models that
genuinely benefit from retrieval mechanisms, mak-
ing it an ideal testbed for our hypothesis; and (3) its
1M context window allows us to evaluate whether
models trained on moderate-length contexts (16k-
32k) can generalize to much longer sequences at
inference time.

G Detailed Results

In-Domain Results. Table 11 presents perfor-
mance on HELMET’s retrieval subsets across vary-
ing context lengths. From the results we can imme-
diately see how standard SFT leads to severe per-
formance degradation compared to the base model,
while RL-based approaches consistently outper-
form the baseline. The RAO(y) reward function
achieves the strongest and most consistent improve-
ments, with average gains of 20.1 points on Hot-
potQA (81.1 vs. 61.0), 6.6 points on NQ (67.7 vs.
61.1), and 5.5 points on TriviaQA (92.1 vs. 86.6)
over the base model. Notably, RAO(y) demon-
strates superior robustness to context length scaling,
maintaining 74.3% accuracy on HotpotQA at 128k
tokens compared to 52.3% for the base model—a
22-point advantage at the longest context length.

The RID(y) reward function also yields sub-
stantial gains, averaging 75.2 on HotpotQA and
91.0 on TriviaQA. However, strategies requiring
more constrained outputs—specifically RID+C(y)
and RID+Q(y)—show marked performance degra-
dation as context length increases. For instance,
RID+C(y) achieves 90.2% at 4k on TriviaQA but
drops to 83.5% at 128k, performing worse than
the base model at longer contexts. This pattern
suggests that overly restrictive training objectives
may impede the model’s ability to process extended
contexts effectively.

Comparing against the upper bound (w/ gold

docs) and lower bound (w/o context), we observe
that fine-tuned models not only substantially im-
prove over the base, but they also surpass the perfor-
mance obtained when the relevant documents are
provided, particularly on HotpotQA (81.1 vs. 72.2
gold docs) and TriviaQA (92.1 vs. 85.8 gold docs),
indicating that the training successfully enables
selective attention without sacrificing the model’s
ability to leverage its full context when beneficial.

Out-of-Domain Results. Table 12 evaluates gen-
eralization to out-of-domain benchmarks where in-
puts consist of long, cohesive documents rather
than retrieved passages. Results reveal mixed
patterns across tasks. The RR+Judge(y) approach
demonstrates the most substantial improvement
on the Loong financial split, achieving 58.8 (+8.9
over base), while RAO(y) yields the largest gain
on ∞Bench QA (38.2, +8.2 points). However, im-
provements are modest or absent on other bench-
marks: multiple-choice accuracy remains largely
unchanged (70.3–72.5 vs. 72.0 base), and sum-
marization shows minimal variation (29.7–31.7 vs.
31.2 base).

Notably, RAG baselines at moderate retrieval
lengths (32k–128k tokens) frequently outperform
all fine-tuned full-context models. For instance,
RAG@32k achieves 78.6% on ∞Bench MC com-
pared to 72.5% for the best fine-tuned model
(RR+Judge(y)). This gap is particularly pronounced
on LB-v2, where RAG@32k scores 38.0% ver-
sus 32.6% for the best full-context model. These
results suggest that while fine-tuning improves se-
lective attention for in-domain retrieval scenarios,
it provides limited advantages for tasks requiring
holistic document understanding—domains where
RAG’s filtering mechanism retains its efficacy.
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LLM Judge Evaluation Prompt Template

You are an expert evaluator assessing AI model answers to questions using supporting documents.
You will be provided with:
- A Question
- A set of Relevant Documents (the gold standard grounding sources)
- The Correct Answer
- An AI Model Solution

Background:
The AI model had access to a large pool of documents (indexed 0...N). Only a subset is truly
relevant. Other documents may appear in citations but are simply distractors (not fabricated).
The model’s goal is to correctly answer the question while grounding its reasoning in the
relevant documents.

Your task:
Evaluate the model’s solution objectively and consistently according to the criteria below.
Do not use information outside the provided inputs.

—

[Question]: {question}
[Relevant Documents]: {gold_docs}
[Correct Answer]: {answer}
[AI Model Solution]: {solution}

—

EVALUATION CRITERIA

Criterion 1: Reasoning Quality (1 or 0)
Score 1 if the solution shows: clear logical flow from evidence to conclusion, no
contradictions or fallacies, and coherent, well-structured reasoning.
Score 0 if the reasoning is flawed, contradictory, or incoherent.

Criterion 2: Document Grounding (1 or 0)
Score 1 if the solution: uses information primarily from relevant documents, represents
those documents accurately (no distortions), and does not rely significantly on irrelevant or
external knowledge. Score 0 if it misuses documents or ignores relevant evidence.

Criterion 3: Answer Correctness (1 or 0)
Score 1 if the final answer matches the provided correct answer.
Score 0 otherwise (including partial or incomplete answers).

—

RESPONSE FORMAT
For each criterion, provide a 1-2 sentence justification followed by the score:

Reasoning Quality Justification: [Your explanation]
\boxed{Criterion 1: 1 or 0}

Document Grounding Justification: [Your explanation]
\boxed{Criterion 2: 1 or 0}

Answer Correctness Justification: [Your explanation]
\boxed{Criterion 3: 1 or 0}

Table 6: Prompt template for LLM judge evaluation in the R+Judge reward function. The judge evaluates model
outputs across three binary criteria: reasoning quality, document grounding, and answer correctness. The final
reward is computed as the sum of all three scores.
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Benchmark Prompt Template

∞Bench

QA Split System: You are an expert in answering questions about books.
User: Read the book below and answer the question.

{context}

Question: {question}

Format your response as follows: "The answer is (insert answer here)".

SUM Split System: You are an expert in summarizing books.
User: Summarize the book below.

{context}.

MC Split System: You are an expert in multiple-choice question answering about books.
User: Read the book below and answer the question.

{context}

Question: {question}

Only one of the following options is correct:

A. {choice_a}
B. {choice_b}
C. {choice_c}
D. {choice_d}

Format your response as follows: "The answer is (insert answer here)".

LB-v2 (ALL split)

ALL Split System: You are an expert in multiple-choice question answering.
User: Please read the following text and answer the question below.

<text>
{DOC}
</text>

What is the correct answer to this question: {Q}
Choices:
(A) {C_A}
(B) {C_B}
(C) {C_C}
(D) {C_D}

Format your response as follows: "The correct answer is (insert answer here)".

Loong

Financial Split System: You are an expert in answering questions about financial reports.
User: {context}

{instruction}

{question}.

Table 7: Prompt templates used for evaluation across out-of-domain benchmarks. All prompts follow a consistent
format with system instructions defining the task domain and user prompts providing context and questions.
Variables enclosed in braces (e.g., {context}, {question}) are replaced with actual benchmark data during
evaluation.
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Reward Function Prompt Template (KILT split)

Answer Only (AO) System: You are an expert in question answering.
User: Use the given documents to write a concise and short answer to the
question.

{context}

Question: {question}

Write your concise and short answer in the following format:

Answer: <your answer>.

ID + Answer (ID) System: You are an expert in question answering.
User: Documents: {context}

Instruction: Given the set of documents above, answer the following question
by following these steps:

1. Identify the relevant documents. Each document is identified by a tag in
the form [DOC i], where i is the index of the document in the context.
- If you find relevant documents, output their IDs exactly as shown, separated
by commas. Example: [DOC i], [DOC j], [DOC k].
- If no documents are relevant, output only: [DOC -1].

2. On a new line, provide your answer in the following format:
The answer is: <your answer here>.

Question: {question}.

ID + Content + Answer
(ID+C)

System: You are an expert in question answering.

User: Documents: {context}

Instruction: You are given a set of documents and a question. Your task is to:

1. Identify which documents are most relevant to answering the question
2. Extract and reproduce the IDs and the full content of those relevant
documents
3. Provide the final answer based on the relevant documents

Follow this exact format in your response:

Relevant documents:
[DOC X]
<full content of first relevant document>

[DOC Y]
<full content of second relevant document>

(continue for all relevant documents)

The answer is: <your final answer>

Important guidelines:
- Only include documents that directly help answer the question
- Reproduce the ID and the complete content of each relevant document exactly
- The final answer should be concise and directly address the question

Question: {question}.

Table 8: HELMET prompt templates: Part 1.
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Reward Function Prompt Template (KILT split)

ID + Quote + Answer
(ID+Q)

System: You are an expert in question answering.

User: Documents: {context}

Instruction: Given the set of documents above, answer the following question
by following these steps:

1. Extract relevant quotes: Find and extract short quotes or passages (≤30
tokens each) from the documents that help answer the question. Present each
quote in the following format:
Quote 1: "<exact text from document>"
Quote 2: "<exact text from document>"
(Continue as needed)

2. List the source documents using this exact format:
Relevant Document IDs: [DOC i], [DOC j], [DOC k]
(Where i, j, k are the indices of documents that contain your selected quotes)
If no documents are relevant, use: Relevant Document IDs: [DOC -1]

3. Provide your final answer in the following format:
The answer is: <your answer here>

Important: Keep quotes short (≤30 tokens), select only the most relevant
passages, and ensure your document IDs correspond to the documents containing
your quotes.

Question: {question}.

Reasoning + Judge
(R+Judge)

System: You are an expert in question answering.

User: Documents: {context}

Instruction: You are given a set of documents and a question. Your task is to
analyze all documents, reason through the question step-by-step, and provide
a well-grounded answer.

Follow this exact format in your response:

**Step 1: Question Analysis**
Break down what the question is asking and identify the key information needed.

**Step 2: Document Review**
Briefly assess which documents contain relevant information for answering the
question. Consider how each document relates to the question’s requirements.

**Step 3: Reasoning**
Work through the problem step-by-step using information from the relevant
documents. For each reasoning step, clearly reference which document(s) support
your logic. Use the format: ’According to [DOC X], ...’ or ’Document Y states
that ...’ to ground your reasoning in the provided sources.

**Step 4: Answer**
The answer is: <your final answer>

Important guidelines:
- Show your complete reasoning process
- Ground each reasoning step in specific document evidence
- Clearly reference document IDs when using information from them
- Keep your final answer concise but ensure it directly addresses the question

Question: {question}

Table 9: HELMET prompt templates: Part 2.
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Setting Model Ctx. Max. ∞Bench LB-V2 Loong

Len. Input
Len.

MC QA Sum ALL Fin.

Full Context

Qwen2.5-7B-Instruct 128k 128k 64.2 27.1 31.9 34.9 44.8
Qwen2.5-7B-Instruct-1M 1M 1M 72.0 30.0 31.2 32.0 49.9
glm-4-9b-chat 128k 128k 70.3 36.2 27.9 29.1 49.1
glm-4-9b-chat-1m 1M 1M 77.3 37.3 27.7 30.4 49.6
internlm2_5-7b-chat-1m 1M 1M 71.6 36.7 20.0 26.0 32.9

RAG

Qwen2.5-7B-Instruct 128k 128k 72.1 28.2 31.1 32.7 49.2
64k 72.5 31.9 32.2 32.8 49.9
32k 74.7 29.6 30.5 34.8 52.0
16k 74.7 29.3 27.1 35.8 48.6
8k 69.0 25.1 22.4 32.2 46.8
4k 57.6 19.1 19.3 28.4 35.9

Qwen2.5-7B-Instruct-1M 1M 1M 69.1 29.1 29.1 30.4 50.7
128k 74.2 33.6 29.1 35.2 54.7
64k 77.7 30.8 26.8 35.0 52.8
32k 78.6 29.3 25.1 38.0 47.8
16k 74.7 27.6 25.2 35.2 54.9
8k 71.2 24.2 23.8 32.4 47.9
4k 59.8 18.8 19.4 31.6 39.6

glm-4-9b-chat 128k 128k 75.5 33.6 26.2 31.1 50.7
64k 74.7 32.8 23.9 31.4 48.8
32k 76.4 29.6 22.8 30.2 45.3
16k 71.6 27.3 20.6 30.4 43.4
8k 68.5 21.9 19.5 30.4 43.3
4k 54.1 15.4 15.9 29.0 31.9

glm-4-9b-chat-1m 1M 1M 74.7 33.3 27.2 31.8 47.6
128k 75.5 35.3 25.9 34.0 47.3
64k 77.3 31.3 25.1 32.6 46.1
32k 74.7 28.2 23.1 32.8 44.7
16k 76.4 25.1 21.6 31.8 44.1
8k 69.4 21.9 20.1 31.6 43.1
4k 55.0 17.1 17.3 27.2 31.7

internlm2_5-7b-chat-1m 1M 1M 65.5 36.7 18.2 25.6 34.9
128k 69.4 35.3 17.8 26.4 37.1
64k 72.0 35.0 16.7 25.6 38.9
32k 70.7 31.3 15.9 29.6 38.9
16k 72.5 27.6 15.7 28.0 40.7
8k 67.2 25.1 15.1 28.8 36.6
4k 57.6 17.7 12.8 29.2 30.9

Table 10: Comparative performance of long-context models in Full Context and RAG settings. MC: Multiple Choice
(Accuracy ↑), QA: Question Answering (Sub-Exact Match ↑), Sum: Summarization (Rouge-L ↑), ALL: Overall
LB-v2 (Accuracy ↑), Fin.: Financial split from Loong (LLM Judge Score ↑). Ctx. Len.: Maximum context window.
Max. Input Len.: Maximum number of tokens provided to the model for inference. Bold indicates best performance
within each model group.
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Subset Model 4k 8k 16k 32k 64k 128k Avg.

HotpotQA (SubEM ↑, 300 instances)

Qwen2.5-7B-Instruct-1M 70.3 68.7 64.3 57.3 53.0 52.3 61.0
w/ gold docs 76.3 76.0 73.3 73.0 71.3 63.0 72.2
w/o context 27.0 27.0 27.0 27.0 27.0 27.0 27.0

+ SFTAO 62.3 54.7 55.3 52.0 45.0 39.7 51.4
+ RAO(y) 85.3 84.3 85.0 80.0 77.7 74.3 81.1
+ RID(y) 83.7 81.0 77.0 75.0 70.3 64.0 75.2
+ RID+C(y) 86.0 74.7 69.3 60.7 60.7 56.0 67.9
+ RID+Q(y)) 84.7 80.0 76.3 74.0 69.7 60.0 74.1
+ RR+Judge(y) 84.3 78.0 75.3 66.7 62.3 57.0 70.6

NaturalQuestions (SubEM ↑, 600 instances)

Qwen2.5-7B-Instruct-1M 63.7 63.7 61.5 60.7 60.0 57.0 61.1
w/ gold docs 73.0 74.7 73.8 71.5 66.8 64.3 70.7
w/o context 32.5 32.5 32.5 32.5 32.5 32.5 32.5

+ SFTAO 48.3 41.5 41.0 38.7 34.2 37.5 40.3
+ RAO(y) 70.2 69.2 67.7 67.5 66.8 64.8 67.7
+ RID(y) 70.3 66.8 66.3 65.8 62.2 61.5 65.5
+ RID+C(y) 66.2 62.7 55.2 55.5 52.7 49.2 56.9
+ RID+Q(y) 71.2 63.5 59.8 58.3 53.7 48.2 59.1
+ RR+Judge(y) 80.8 77.3 74.7 72.0 67.2 64.7 72.8

TriviaQA (SubEM ↑, 600 instances)

Qwen2.5-7B-Instruct-1M 84.8 86.8 87.2 87.7 87.2 85.8 86.6
w/ gold docs 87.3 88.7 88.2 87.2 87.3 76.2 85.8
w/o context 56.2 56.2 56.2 56.2 56.2 56.2 56.2

+ SFTAO 83.3 77.2 76.2 74.0 73.5 73.2 76.1
+ RAO(y) 89.2 90.0 92.7 93.2 93.7 93.5 92.1
+ RID(y) 89.8 91.8 91.2 92.3 90.3 90.3 91.0
+ RID+C(y) 90.2 86.3 85.5 84.3 85.2 83.5 85.8
+ RID+Q(y) 87.8 86.5 83.0 83.7 86.7 85.0 85.5
+ RR+Judge(y) 93.5 93.2 92.0 92.7 92.3 89.8 92.3

Table 11: Performance on HELMET retrieval subsets across varying context lengths. Base: Qwen2.5-7B-Instruct-
1M. "w/ gold docs" gives the model explicit information about which documents are relevant; "w/o context" provides
no context (evaluates parametric knowledge). Bold indicates best performance per column.
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Setting Model Max Len ∞Bench LB-v2 Loong

MC QA Sum ALL Fin.
(Acc. ↑) (SubEM ↑) (R-L ↑) (Acc. ↑) (Judge ↑)

Full Context (unaltered)

Qwen2.5-7B-Instruct-1M 1M 72.0 30.0 31.2 32.0 49.9
+ RAO(y) 1M 70.3 38.2 31.0 31.2 55.3
+ RID(y) 1M 71.6 34.7 29.7 31.0 51.2
+ RID+C(y) 1M 70.7 31.3 30.2 31.4 47.5
+ RID+Q(y) 1M 70.7 30.8 30.5 32.0 51.5
+ RR+Judge(y) 1M 72.5 30.7 31.7 32.6 58.8

KV-Cache with RetrievalAttn

Qwen2.5-7B-Instruct-1M 1M 62.0 27.6 27.3 30.2 39.5
+ RAO(y) 1M 65.5 33.6 28.0 29.6 41.7
+ RID(y) 1M 64.2 29.3 26.0 30.0 43.0
+ RID+C(y) 1M 63.3 27.1 27.7 29.6 39.8
+ RID+Q(y) 1M 62.9 27.1 28.1 32.0 39.7
+ RR+Judge(y) 1M 63.8 28.2 28.8 31.2 41.5

RAG

Qwen2.5-7B-Instruct-1M 1M 69.1 29.0 29.1 30.4 50.7
128k 74.2 33.6 29.1 35.2 54.7
64k 77.7 31.0 26.8 35.0 52.8
32k 78.6 29.3 25.1 38.0 47.8
16k 74.7 27.6 25.2 35.2 54.9
8k 71.2 24.2 23.8 32.4 47.9
4k 59.8 18.8 19.4 31.6 39.6

Table 12: Performance comparison across different training strategies and inference settings. Numbers in parentheses
indicate the number of test instances. Bold values indicate best performance within each major setting group. MC:
Multiple Choice (Accuracy ↑), QA: Question Answering (SubEM ↑), Sum: Summarization (Rouge-L ↑), ALL:
Overall (Accuracy ↑), Fin.: Financial (Judge Score ↑).
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