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Abstract

Reference-augmented inference has emerged
as an effective form of test-time scaling for
large language models (LLMs), where selected
referred demonstrations or referred cases help
adapt reasoning to a given query. However,
existing reference selection methods mainly
rely on heuristic retrieval, independent scor-
ing, or expensive LLM-based reranking, and
therefore do not explicitly model how multi-
ple references should be jointly composed and
ordered under a limited context budget. We
propose RefGen, a lightweight and modular
framework that formulates reference selection
as an autoregressive index generation problem
over a retrieved candidate pool. Instead of gen-
erating new textual demonstrations, RefGen
uses a compact Transformer encoder—decoder
to produce an ordered sequence of candidate
indices, enabling query-aware composition of
referred demonstrations for downstream rea-
soning. To optimize this discrete selection pol-
icy, we combine supervised fine-tuning with
reinforcement learning using verifiable rewards.
Experiments on mathematical reasoning, scien-
tific question answering, and visual question an-
swering benchmarks show that RefGen consis-
tently outperforms retrieval-based and learning-
based baselines across both LLM and VLM
backbones. RefGen is plug-and-play for frozen
foundation models and introduces only mini-
mal inference overhead, making it practical for
real-world deployment.

1 Introduction

Recent advances in large language models (LLMs)
and vision-language models (VLMs) have shown
that increasing fest-time compute can substantially
improve reasoning performance without updat-
ing model parameters (Wei et al., 2022; Jaech
et al., 2024; Guo et al., 2025). Beyond generat-
ing longer chains of thought or performing iterative
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self-correction, an increasingly important paradigm
is to augment inference with references, such as
previously solved cases, task-relevant exemplars,
or external knowledge sources. When suitable ref-
erences are provided, foundation models can better
adapt their reasoning process to the current query,
reuse useful solution patterns, and perform stronger
few-shot inference at test time. This capability
is particularly valuable for challenging reasoning
tasks, where the quality of contextual examples of-
ten has a direct impact on final prediction accuracy.

Despite this promise, existing reference selec-
tion strategies remain limited. Classical sparse
and dense retrieval methods (Chen et al., 2017;
Karpukhin et al., 2020) typically score candidate
references independently based on query similarity,
which often produces redundant or weakly comple-
mentary referred demonstrations under a restricted
context budget. More recent learning-based ap-
proaches (Zhou et al., 2025) can improve selection
quality, but many of them still rely on one-shot
scoring or expensive LLM-based reranking, and
therefore do not explicitly model how multiple re-
ferred demonstrations should be jointly composed
into an effective ordered context. In practice, high-
quality references are rarely just a set of individ-
ually relevant examples. Instead, they are better
viewed as a structured sequence of referred cases
whose coverage, diversity, and ordering interact
with one another and jointly affect downstream
reasoning. Failing to model this compositional
structure limits the effectiveness and efficiency of
existing approaches.

To address these challenges, we propose RefGen,
a lightweight and modular framework for adaptive
reference composition. RefGen formulates refer-
ence selection as an autoregressive index genera-
tion problem over a retrieved candidate pool. Given
an input query and a small set of candidate referred
demonstrations, a compact Transformer encoder—
decoder directly generates an ordered sequence of



reference indices, rather than generating textual
demonstrations themselves. This design enables
RefGen to explicitly capture sequential dependen-
cies among selected references while cleanly de-
coupling reference composition from the text gen-
eration process of the underlying LLM or VLM.
As a result, RefGen can be attached to frozen back-
bone models in a plug-and-play manner, introduces
only limited additional inference cost, and naturally
extends to both language-only and multimodal set-
tings. To learn this discrete and structured selection
policy, we combine supervised fine-tuning with re-
inforcement learning using verifiable rewards.

We evaluate RefGen on a diverse set of bench-
marks covering mathematical reasoning, scientific
question answering, and visual question answer-
ing. Across multiple LLM and VLM backbones,
RefGen consistently outperforms retrieval-based
and learning-based baselines, with especially clear
gains on more difficult tasks that require stronger
compositional reasoning. In addition to accuracy
improvements, RefGen preserves the practical ad-
vantages required by real-world deployment: it
does not require modification of proprietary foun-
dation models, can be integrated as an external
module, and adds only modest computational over-
head. These results suggest that learning to gener-
ate ordered references, rather than independently
retrieving or reranking them, provides an effective
and scalable route for enhancing test-time reason-
ing in modern LLM and VLM agents.

2 Related works

In-context learning and reference selection
Reference-based test-time adaptation is closely con-
nected to the literature on in-context learning (ICL),
where model performance is highly sensitive to the
choice and arrangement of demonstrations. A ma-
jor line of work studies retrieval-based demonstra-
tion selection, typically by encoding the input query
and candidate examples into a shared embedding
space and then retrieving the most relevant items
using similarity search. Representative approaches
include embedding-based configuration methods
(Lietal., 2024), EPR (Rubin et al., 2021), and UDR
(Li et al., 2023), which improve retrieval quality
by training the retriever with task-aware objectives.
Other methods further refine the retrieval signal by
aligning demonstrations with target responses (Hu
et al., 2022), or by introducing learned selectors
on top of a candidate pool. Lever-LM (Yang et al.,

2024), for example, employs a smaller language
model to select demonstrations, while VICL (Zhou
et al., 2024) adopts a retrieve-and-rerank pipeline
and uses a large model for reranking in multimodal
settings. SURS (Sun et al., 2024) improves in-
context demonstration construction through self-
refinement, and (Qin et al., 2024) iteratively builds
diverse demonstration sets for test predictions. De-
spite their effectiveness, most existing methods still
rely on independent relevance scoring, heuristic
reranking, or direct language-model decoding over
textual demonstrations. As a result, they do not
explicitly model the sequential and combinatorial
dependencies among multiple referred demonstra-
tions under a limited context budget. In contrast,
RefGen formulates reference composition as au-
toregressive index generation over a retrieved can-
didate pool, allowing the model to learn how an or-
dered sequence of referred demonstrations should
be jointly composed for downstream reasoning,
without generating additional textual demonstra-
tions.

Reinforcement learning for reasoning and dis-
crete decision optimization Reinforcement learn-
ing has recently become a central technique for
improving reasoning behavior in foundation mod-
els, especially in settings where the quality of a
generated trajectory can be evaluated through ver-
ifiable outcomes (Jaech et al., 2024; Guo et al.,
2025). In particular, Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024) has emerged
as an influential paradigm for reinforcement learn-
ing with verifiable rewards, replacing a learned
value function with group-wise relative advantage
estimation and thereby improving optimization sta-
bility for difficult reasoning tasks. This line of
research has motivated a series of open efforts, in-
cluding Open-Reasoner-Zero (Hu et al., 2025), Re-
inforce++ (Hu, 2025), VinePPO (Kazemnejad et al.,
2024), RLEF (Gehring et al., 2024), and DAPO
(Yu et al., 2025), which investigate more stable
policy optimization, better credit assignment, and
more effective use of execution or outcome feed-
back. Although these works mainly target long-
form reasoning, code generation, or mathematical
problem solving, they provide an important foun-
dation for our setting, where the action space is
also discrete and the final utility of a selected ref-
erence sequence is naturally measured by down-
stream task performance. Different from prior RL
studies that optimize textual reasoning trajectories,
RefGen applies reinforcement learning with verifi-



able rewards to the structured problem of reference
index generation, enabling direct optimization of
ordered referred-demonstration selection according
to end-task outcomes.

3 RefGen Framework

We now describe the proposed RefGen framework
in detail, including the construction of the reference
bank, the autoregressive reference generation archi-
tecture, and the training strategy used to optimize
the reference selection policy.

3.1 Formulation of reference bank

Given a frozen LLM/VLM agent, denoted by M
(e.g., DeepSeek-R1 (Wu et al., 2024)), our goal
is to select a query-dependent ordered list of ref-
erences that can improve downstream inference.
We maintain a reference bank R = {r1,...,rn},
where each reference r; is a previously observed
referred case or a referred demonstration that can
be inserted into the context of the backbone model.
Depending on the task, a reference may contain
text only or multimodal content. For example, in
visual question answering, a referred case can be
written as ; = (I;, T}, Aj), where I; is the image,
T} is the question or instruction, and A; is the corre-
sponding answer. For a test input z, RefGen first re-
trieves a candidate pool C(z) = {c1,...,¢c,} CR
using an embedding model such as BGE (Xiao
et al., 2024) for text or CLIP (Radford et al., 2021)
for multimodal inputs, together with a vector search
engine such as Faiss (Douze et al., 2024). Re-
fGen then generates an ordered index sequence
i=(i1,...,9) with i, € {1,...,n}, which speci-
fies the final referred demonstrations selected from
C(x). The resulting reference sequence Z(x) =
[Ciyy- -, is serialized and concatenated with
the test input before being passed to the backbone
model, yielding the final prediction

§=M(2(z), ). (1)

This formulation explicitly separates coarse candi-
date retrieval from fine-grained reference composi-
tion: retrieval ensures efficiency over a large refer-
ence bank, while RefGen learns how to compose a
compact and ordered set of referred demonstrations
tailored to the current query.

3.2 RefGen

We now present the design of RefGen, as illustrated
in Figure ??. RefGen operates as a lightweight ex-
ternal module on top of a frozen backbone model.

Given an input query z, it first retrieves a candi-
date pool C(x) = {cy, ..., ¢, } from the reference
bank R. It then predicts an ordered sequence of
k indices over the candidate pool, corresponding
to the referred demonstrations that will be inserted
into the final prompt. In contrast to conventional
retrieval pipelines that rank candidates indepen-
dently or select the top-k items in a single step,
RefGen models reference composition as a sequen-
tial decision process, allowing the choice at step
t to depend on both the query and the previously
selected references.

Model architecture RefGen contains two com-
ponents: a frozen embedder F(-) and a trainable
Transformer encoder—decoder G(-). The embed-
der maps the input query and each candidate ref-
erence into a shared fixed-dimensional represen-
tation space. For language-only tasks, E(-) can
be instantiated by BGE (Xiao et al., 2024); for
multimodal tasks, we use CLIP (Radford et al.,
2021). Concretely, for a candidate referred case
¢; = (1;,T;, Aj), we encode the visual content and
the concatenated textual fields [7);; A;] and obtain
its representation h; = E(I;,[T}; A;]). For the
query x = (I, T;), the corresponding represen-
tation is h, = E(I,,T,). Candidate embeddings
can be precomputed when building the vector in-
dex, which keeps online inference efficient. The
trainable generator G (-) takes as input the sequence
[hz; his .. .5 hy], where [-; -] denotes concatenation
along the sequence dimension. Its encoder pro-
duces contextualized representations over the query
and all retrieved candidates, while its decoder au-
toregressively predicts a sequence of reference in-
dices

LK), dce{l..n}b @

Importantly, the decoder outputs indices rather than
natural-language tokens. This design makes Ref-
Gen substantially lighter than methods that gener-
ate new demonstrations in free-form text, while still
enabling it to model interdependence, complemen-
tarity, and ordering among referred demonstrations.
Inference procedure At inference time, RefGen
first performs dense retrieval to obtain the candidate
pool C(z). The encoder—decoder then generates the
index sequence autoregressively according to

i= (i,

k
P(i|z,C(x)) =[] Pt | ics,2,C(2);0), (3)

t=1
where 6 denotes the parameters of RefGen. The
ordered references selected by i are then assembled



into the final context in the same order as gener-
ated. This ordering is important in practice, since
large models are known to be sensitive not only
to which demonstrations are provided, but also to
how they are arranged in context. By generating in-
dices sequentially, RefGen can learn to avoid redun-
dancy, promote coverage across different reasoning
patterns, and construct a more effective few-shot
context under a limited budget.

3.3 Training methods for RefGen

Since RefGen produces an autoregressive sequence
of discrete indices, it can be optimized using train-
ing strategies similar to those used for sequence
models. Following recent advances in LLM post-
training and reinforcement learning with verifiable
rewards (Guo et al., 2025; Ouyang et al., 2022), we
consider supervised fine-tuning (SFT), reinforce-
ment learning with verifiable rewards (RLVR), and
a staged pipeline that first performs SFT and then
applies RLVR.

SFT In the SFT stage, RefGen is trained with
teacher forcing to maximize the likelihood of an
oracle index sequence i* = (i}, ...,i;). The ob-
jective is the standard negative log-likelihood:

k

Lspr = — Y log P(if | ity ,C(x):0).  (4)
t=1

This stage teaches the model the output format and
provides a strong initialization for reference compo-
sition. In particular, it allows RefGen to learn basic
patterns of useful referred-demonstration ordering
before moving to direct end-task optimization.
RLVR  We further optimize RefGen with rein-
forcement learning using verifiable downstream
rewards. We adopt Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024), which has
recently shown strong empirical performance in
reasoning-oriented policy optimization (Jaech et al.,
2024; Guo et al., 2025). For a given query, the
behavior policy g, samples G candidate index
sequences {i(g)}?zl. Each sequence determines
an ordered set of referred demonstrations, which
is then inserted into the prompt of the frozen back-
bone model M to produce an answer §(9). The
reward is computed from the final task outcome,
and the group-normalized advantage for the g-th
rollout is

R — RONG
mean ({ ]71) ' 5

Al — ‘
std({RO}L,)

GRPO optimizes a clipped policy objective with
KL regularization:

Jareo(0) = Ex~D,{i<g)}gG:1N”9md [OC]}:’)J KL}
(6)
where
li(9)]|
Obj = Z g)‘ Z mln(rgt /1( ) -
cnp(rg,tw),a)fi(g))a
KL = 8Dk (7o || mref), ®)
and
( \ x,C(z), Z(<t))
rge(8) = ©)

V| @, C(x),i9)

Compared with pure supervised learning, RLVR
directly optimizes the usefulness of the generated
reference sequence with respect to the final task
result, which is particularly important because the
quality of a referred-demonstration set depends on
its joint effect on downstream reasoning rather than
on local token-level matching.

Note that the outcome reward is computed from
the final prediction of the frozen backbone model:

R(§,y) = Score(g, y),

where y is the gold answer and g is the model
prediction obtained after conditioning on the ref-
erences selected by RefGen. For mathematical
reasoning and question answering tasks, Score(-, -)
is the instance-level accuracy or exact-match score.
In addition, we incorporate a simple structural re-
ward to encourage valid outputs from the index
generator:

Rformat( ) (1 1)

where CorrectFormat(-) returns 1 if the gener-
ated sequence is valid—for example, all indices
fall within the candidate range and do not contain
illegal repetitions—and 0 otherwise. This auxiliary
signal improves training stability by encouraging
RefGen to produce well-formed ordered reference
sequences throughout optimization.

TOg1a\? (

(10)

CorrectFormat (i),

4 Experiments

4.1 Datasets

Vision-language tasks We evaluate RefGen
on three visual question answering benchmarks:



VQAV2 (Goyal et al., 2017), VizWiz (Gurari et al.,
2018), and OK-VQA (Marino et al., 2019).
Mathematical reasoning tasks We consider
three math benchmarks: Math-500 (Lightman et al.,
2023), AIME-24 (Zhang and Math-Al, 2024), and
AIME-25 (Zhang and Math-Al, 2025).

Science question answering We further evalu-
ate on two challenging science QA benchmarks:
MMLU-Pro (Wang et al., 2024) and GPQA (Rein
etal., 2024).

4.2 Reference construction

For the VQA benchmarks, we use the validation
splits of VQAv2 and VizWiz to construct the ref-
erence data. We randomly partition the combined
set into two disjoint halves: one half is used as the
reference bank, and the other half is used to train
RefGen.

For the mathematical and science reasoning
tasks, we use the Mixture-of-Thoughts data from
OPEN-R1 (Face, 2025), which provides large-scale
tuples of problems, reasoning traces, and answers
generated by DeepSeek-R1. From this resource,
we build the reference bank using 5,000 math sam-
ples and 5,000 science samples covering domains
such as physics, chemistry, and biology. We addi-
tionally sample another 5,000 instances for training
RefGen.

4.3 Baselines

We compare RefGen with the following baselines:
(a) 10, which directly outputs the final answer; (b)
CoT (Wei et al., 2022); and (c) ComplexCoT (Fu
et al., 2022). These methods do not use external
references. We further include retrieval-based and
learning-based reference selection methods: (d)
Sparse-Retrieval with BM25 (Chen et al., 2017);
(e) Dense-Retrieval (Karpukhin et al., 2020); (f)
Reranker; (g) UDR (Li et al., 2023); (h) Lever-
LM (Yang et al., 2024); and (i) MOMENTO (Zhou
et al., 2025).

4.4 Experimental setups

Devices  All experiments are conducted on a sin-
gle server equipped with NVIDIA A800 GPUs
(80GB). Backbone models  For language-only
tasks, we use Qwen3-8B and Qwen3-32B (Yang
et al., 2025), as well as Qwen-turbo!. For vision-
language tasks, we use Qwen2.5-VL 3B? and

"https://help.aliyun.com/zh/model-studio/qwen-api-
reference/
*https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct

Deepseek-VL2 2.8B (Wu et al., 2024). Unless oth-
erwise specified, all backbone models use greedy
decoding at inference time. RefGen configura-
tion For language-only tasks, the embedder F(-)
is initialized with BGE-en (Xiao et al., 2024). For
vision-language tasks, F(-) is initialized with CLIP
ViT-B/32 (Radford et al., 2021). On top of the
frozen embedder, RefGen uses a lightweight Trans-
former encoder—decoder with one encoder layer
and one decoder layer. The hidden size is matched
to that of the corresponding embedder. Reference
selection settings  We first apply dense retrieval
to obtain n = 64 candidate references from the
reference bank. RefGen then autoregressively se-
lects the final k& = 4 referred demonstrations from
this candidate pool. Training protocol We im-
plement training with the OPEN-R 13 framework.
RefGen is trained with supervised fine-tuning fol-
lowed by reinforcement learning with verifiable
rewards.

4.5 Main results

Results on mathematical reasoning and science
QA Table 1 reports results on the math and sci-
ence benchmarks with Qwen-turbo as the backbone.
RefGen consistently achieves the best performance
across all datasets. On Qwen-turbo, it reaches
95.3% on Math-500, 86.7% on AIME-24, and
81.1% on AIME-25, outperforming the strongest
baseline, MOMENTO (Zhou et al., 2025), by 1.7,
5.5, and 4.4 points, respectively. Similar improve-
ments are observed on MMLU-Pro and GPQA,
where RefGen also surpasses both retrieval-based
methods and learned selectors such as UDR (Li
et al., 2023) and Lever-LM (Yang et al., 2024). The
same trend holds across Qwen3-8B and Qwen3-
32B, indicating that the gains of RefGen are robust
across backbone scales. The improvements are es-
pecially clear on the more difficult benchmarks,
suggesting that autoregressive reference composi-
tion is more effective than independent retrieval or
reranking when the context budget is limited.

Results on visual question answering Ta-
ble 2 reports results on VQAv2 (Goyal et al.,
2017), VizWiz (Gurari et al., 2018), and OK-VQA
(Marino et al., 2019) with Deepseek-VL2 2.8B and
Qwen2.5-VL 3B. RefGen again delivers the best
performance on all benchmarks and backbones. On
Deepseek-VL2, it improves over Lever-LM (Yang
et al., 2024) by 2.8, 3.2, and 4.4 accuracy points

3https://github.com/huggingface/open-rl



Math-500 AIME-24 AIME-25 MMLU-Pro GPQA
Method pass@1 pass@4 pass@4 acc acc Ave.
10 86.2 0.0 0.0 60.6 68.1 | 43.0
CcoT 91.1 74.4 68.4 72.6 71.6 | 75.6
ComplexCoT 90.5 66.9 64.2 73.3 71.0 | 732
Sparse-Retrieval 91.6 77.8 77.0 78.2 73.5 | 79.6
Dense-Retrieval 92.3 79.8 72.9 78.6 74.1 79.5
Reranker 92.1 76.5 69.1 78.9 7277 | 779
UDR 92.6 70.2 68.8 78.3 744 | 769
Lever-LM 93.0 76.5 73.8 78.7 749 | 79.4
MOMENTO 93.4 81.0 76.5 79.2 75.5 | 81.1
Ours 95.3 86.7 81.1 81.6 774 | 84.4

Table 1: Overall performance on the math solving and QA benchmarks, on the Qwen-turbo LLM backbone.

Method VQAv2 VizWiz OK-VQA Ave.
acc acc acc
10 66.6 39.9 36.6 47.7
Sparse-Retrieval 68.0 50.5 37.3 51.9
Dense-Retrieval 73.1 51.5 37.7 54.1
Reranker 74.0 52.7 38.2 55.0
UDR 74.2 55.2 434 57.6
Lever-LM 75.1 57.0 441 58.7
MOMENTO 76.0 57.6 46.6 60.1
Ours 79.4 59.7 49.6 62.9

Table 2: Overall performance on the visual question answering benchmarks.

on VQAvV2, VizWiz, and OK-VQA, respectively;
similar gains are observed on Qwen2.5-VL. The
largest improvements appear on OK-VQA, a bench-
mark that requires stronger knowledge grounding,
which is consistent with the benefit of composing
complementary referred cases rather than selecting
references independently.

Method MMLU-Pro VQAv2
acc acc
SFT 79.0 75.2
PPO 79.7 772
REINFORCE 78.6 76.5
GRPO 79.8 77.7
DAPO 81.6 79.4

Table 3: Ablation on the training method for RefGen.

4.6 Ablation studies and further analysis

Ablation on the training method for RefGen
We compare several optimization strategies for Re-
fGen, including supervised fine-tuning (SFT), RE-
INFORCE, PPO (Schulman et al., 2017), GRPO
(Shao et al., 2024), and DAPO (Yu et al., 2025).
As shown in Table 3, SFT gives the weakest re-

sults, indicating that fixed oracle sequences are
insufficient for learning high-utility reference com-
binations. Reinforcement learning with verifiable
rewards consistently improves performance, with
PPO and GRPO outperforming REINFORCE due
to more stable policy updates. DAPO achieves the
strongest results in this comparison and is therefore
adopted in our main setting.

Embedder model MMLU-Pro
all-mpnet-base-v2 80.8
contriever 81.0
GTE-base 81.3
GTE-large 81.6
BGE-base-en 81.5
BGE-large-en 81.8

Table 4: Ablation on the embedder model E ().

Ablation on the embedder model E(-) To ex-
amine the effect of the pretrained embedder, we
compare six text embedding models on MMLU-

Pro: all-mpnet-base-v2 (Reimers and Gurevych,
2019), Contriever (Izacard et al., 2021), GTE-



base and GTE—large4, BGE-base-en (Xiao et al.,
2024), and BGE-large-en (Xiao et al., 2024). Ta-
ble 4 shows that RefGen performs strongly with all
of them, ranging from 80.9% to 81.8% accuracy.
BGE-large-en gives the best result, but the overall
variation is small, suggesting that RefGen is not
highly sensitive to the specific embedding model.
Larger embedders consistently perform slightly bet-
ter than their base variants, indicating that stronger
semantic representations can modestly improve ref-
erence selection.

Although larger embedders yield slightly bet-
ter results, they also increase computational cost.
In practice, the choice of embedder can therefore
be made according to the target trade-off between
accuracy and efficiency.

5 Conclusion

We introduced RefGen, a lightweight and mod-
ular framework that formulates reference selec-
tion as autoregressive index generation over a re-
trieved candidate pool. By generating an ordered
sequence of reference indices, RefGen explicitly
models dependencies among referred demonstra-
tions while avoiding free-form demonstration gen-
eration. The framework can be attached to frozen
LLMs and VLMs in a plug-and-play manner, and
can be optimized with supervised fine-tuning and
reinforcement learning using verifiable rewards.
Experiments on mathematical reasoning, scientific
question answering, and visual question answering
benchmarks show that RefGen consistently outper-
forms retrieval-based and learning-based baselines,
with especially clear gains on more challenging
tasks. Overall, the results indicate that learned
reference composition is an effective and scalable
approach for improving test-time reasoning in foun-
dation models such as Qwen (Yang et al., 2025) and
DeepSeek (Wu et al., 2024; Guo et al., 2025).

Limitations

Despite the consistent gains across multiple bench-
marks and backbone models, RefGen has several
limitations.

First, RefGen depends on a predefined reference
bank and an initial retrieval stage to form the candi-
date pool. Its effectiveness is therefore bounded by
the coverage and quality of the available references.
If relevant referred demonstrations or referred cases
are missing from the reference bank, RefGen can

*https://huggingface.co/thenlper/gte-large

only compose from suboptimal candidates. In addi-
tion, building and maintaining a large, high-quality
reference bank introduces extra storage and system
overhead in practical deployments.

Second, RefGen currently operates with a fixed
candidate pool size and a fixed output length (e.g.,
n = 64 and k = 4). This design simplifies train-
ing and inference, but it may be restrictive for
tasks with highly variable context budgets or more
complex dependency structures among references.
Extending RefGen to adaptive-length selection or
more structured reference composition is an impor-
tant direction for future work.

Third, our training setup relies on verifiable
downstream rewards, such as exact-match accuracy
for mathematical reasoning and question answer-
ing. This assumption is suitable for benchmark
tasks with clear automatic evaluation, but it is less
applicable to open-ended generation, subjective
judgments, or safety-sensitive settings, where re-
liable reward design is more difficult. As a result,
the current optimization strategy may not transfer
directly to all application scenarios.

Fourth, although RefGen adds only modest over-
head relative to full LLM/VLM inference, it still re-
quires extra computation for embedding, retrieval,
and autoregressive index decoding. This cost may
matter in latency-sensitive settings. Moreover, our
experiments focus on a limited set of model fam-
ilies and benchmarks, so broader evaluation on
additional domains, longer-context settings, and
larger-scale workloads is still needed to fully as-
sess generalization and scalability.

Finally, RefGen is designed to compose retrieved
references rather than discover entirely new knowl-
edge. Its benefit is therefore strongest when use-
ful referred demonstrations already exist and can
be effectively reused. Future work should study
how reference composition can be combined with
stronger retrieval, dynamic reference bank updates,
and broader forms of external knowledge augmen-
tation.
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