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Abstract

Generative retrieval (GR) retrieves documents
by directly generating document identifiers
(DoclDs) from queries using a sequence-to-
sequence model. Recent reasoning-enhanced
GR methods improve retrieval effectiveness by
generating intermediate reasoning before Do-
cID decoding. However, they typically apply
reasoning uniformly to all queries, even though
many queries can already be handled effec-
tively through direct DocID decoding. This
introduces unnecessary token generation and
retrieval latency when reasoning provides little
additional benefit. In this work, we propose
Generative Retrieval with Adaptive Reasoning
(GEAR), a retrieval framework that dynami-
cally allocates reasoning computation based
on query-specific needs. Instead of treating
reasoning as a fixed pre-retrieval procedure,
GEAR learns when to reason, what retrieval-
oriented context to generate, and when to tran-
sition from free-form generation to constrained
DocID decoding. This adaptive behavior is im-
plemented through a learnable retrieval tran-
sition policy optimized jointly for retrieval
quality and reasoning cost. Experiments on
NQ, MS MARCO, and TREC DL 2022 show
that GEAR maintains retrieval effectiveness
comparable to strong reasoning-enhanced GR
methods while substantially reducing reason-
ing overhead, triggering non-trivial reasoning
for only 37.1% of queries and reducing both
generated tokens and retrieval latency.

1 Introduction

Generative retrieval (GR) formulates retrieval as se-
quence generation, where a sequence-to-sequence
large language model (LLM) directly generates the
identifier of a relevant document given a query (Tay
et al., 2022; Bevilacqua et al., 2022; Wang et al.,
2022; Zeng et al., 2024b). By replacing explicit
index lookup with autoregressive decoding of a dis-
crete document identifier (DocID), GR provides
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(b) Adaptive reasoning for GR (GEAR)

Figure 1: Comparison between fixed reasoning-
enhanced GR and our GEAR. Existing methods apply
reasoning uniformly regardless of query difficulty. In
contrast, GEAR treats reasoning as a query-dependent
retrieval resource and dynamically allocates different
reasoning budgets based on the expected retrieval bene-
fit of each query.

a unified and end-to-end alternative to traditional
sparse and dense retrieval systems (Robertson et al.,
2009; Nogueira et al., 2019; Karpukhin et al., 2020;
Xiong et al., 2020).

Generative retrieval with intermediate reason-
ing. Recent work has shown that introducing
intermediate reasoning before document identi-
fier (DocID) decoding can improve retrieval ef-
fectiveness, particularly for complex or ambiguous
queries (Zhang et al., 2025b; Liu et al., 2025; Dong
et al., 2026). Instead of decoding DocIDs imme-
diately after receiving a query (Chen et al., 2022b;
Tay et al., 2022; Chen et al., 2022a; Zeng et al.,
2024a), these methods first generate intermediate
natural-language reasoning that clarifies query in-
tent, resolves ambiguity, or surfaces latent semantic
constraints before retrieval.

The inefficiency of fixed reasoning. However, as
shown in Figure 1 (a), existing reasoning-enhanced
GR methods typically apply reasoning uniformly
to all queries, regardless of whether additional rea-
soning is actually necessary. This design overlooks
an important property of retrieval workloads: the
utility of reasoning is highly uneven across queries.
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Many queries can already be handled effectively
through direct DocID decoding, while the bene-
fit of additional semantic analysis varies substan-
tially across queries (Amati et al., 2004; Datta et al.,
2024). As a result, fixed reasoning-before-retrieval
pipelines often spend considerable generation bud-
get on queries where reasoning provides little or no
retrieval gain.

This inefficiency is particularly problematic for
retrieval systems. Unlike general text generation
tasks, retrieval is highly latency-sensitive and of-
ten operates under large-scale query throughput
constraints. Even relatively short reasoning traces
can substantially increase decoding latency and
token cost when invoked for every query. These
observations suggest that the central challenge in
reasoning-enhanced GR is not simply how to in-
troduce reasoning, but how to allocate reasoning
computation adaptively.

Adaptive reasoning as retrieval-time computa-
tion allocation. In this work, we treat reasoning
as a query-dependent retrieval resource rather than
a mandatory pre-retrieval procedure. Reasoning
should be skipped when direct DocID decoding is
sufficient, invoked when additional semantic analy-
sis is beneficial, and terminated once its marginal
retrieval benefit no longer justifies its generation
cost. This perspective turns reasoning-enhanced
retrieval into an adaptive computation problem,
where the model must jointly optimize retrieval
quality and reasoning efficiency.

However, adaptive reasoning in GR is non-trivial.
Reasoning and retrieval correspond to two funda-
mentally different generation regimes: free-form
natural-language generation and constrained Do-
cID decoding over corpus-valid identifiers. An
effective GR system must therefore learn not only
whether reasoning is needed, but also when and
how to transition from unconstrained semantic gen-
eration to symbolic retrieval decoding.

The proposed GEAR framework. To address this
challenge, we propose Generative Retrieval with
Adaptive Reasoning (GEAR), a self-budgeted rea-
soning framework for efficient generative retrieval.
As shown in Figure 1 (b), GEAR learns a retrieval-
oriented reasoning policy that dynamically decides
whether reasoning is needed, what intermediate
retrieval-oriented context to generate, and when to
transition from reasoning to retrieval.

For easy queries, GEAR can directly enter Do-
cID decoding without generating reasoning tokens.

For more difficult queries, it generates lightweight
retrieval-oriented reasoning that clarifies query in-
tent or highlights useful semantic constraints before
retrieval. We implement this behavior through a
learnable transition action represented by a spe-
cial token <retrieve>, whose emission switches
the model from free-form generation to constrained
DoclID decoding. To support this adaptive behavior,
GEAR combines mixed DocID-language contin-
ued pretraining, difficulty-aware supervised fine-
tuning, and self-budgeted reasoning reinforcement
learning. The training objective explicitly balances
retrieval effectiveness against reasoning cost, en-
couraging the model to reason only when additional
computation improves retrieval quality.

Experiments. Our experimental results on
NQ (Kwiatkowski et al., 2019), MS MARCO (Ba-
jaj et al., 2016), and TREC DL 2022 (Craswell
et al., 2025) demonstrate that GEAR achieves a
strong effectiveness-efficiency trade-off. Many
queries can already be handled effectively through
direct DocID decoding, while the benefit of addi-
tional semantic analysis varies substantially across
queries (Amati et al., 2004; Datta et al., 2024). In
particular, GEAR triggers non-trivial reasoning for
only 37.1% of queries on average, reducing both
generated tokens and retrieval latency compared
with fixed reasoning-enhanced GR methods. These
results show that reasoning need not be applied uni-
formly to all queries and can instead be allocated
selectively while preserving competitive retrieval
effectiveness.

2 Related Work

Generative retrieval (GR). Existing GR studies
have mainly focused on designing effective doc-
ument identifiers and improving query-to-DocID
generation. Early methods represent the corpus
as a differentiable index and train sequence-to-
sequence models to map queries to document iden-
tifiers (De Cao et al., 2020; Tay et al., 2022). Sub-
sequent work improves identifier construction with
textual identifiers (Bevilacqua et al., 2022; Li et al.,
2023) or learned discrete identifiers (Wang et al.,
2022), and further enhances training and decod-
ing with ranking-aware objectives (Tang et al.,
2024; Li et al., 2024b) or planning-ahead gener-
ation (Zeng et al., 2024b). Related studies such as
LC-Rec (Zheng et al., 2024) and LMIndexer (Jin
et al., 2024) further align discrete semantic identi-
fiers with natural-language representations, show-
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ing that grounding identifier tokens in language
semantics can improve their interaction with lan-
guage models. Despite these advances, most GR
methods still follow a direct decoding paradigm:
once a query is given, the model immediately en-
ters constrained DoclID generation.

Recent studies have introduced explicit reason-
ing into GR models. ReasonGR (Dong et al., 2026)
targets complex numerical queries in financial doc-
uments and introduces multi-step reasoning before
retrieval, while R4R (Zhang et al., 2025b) adopts
iterative think-retrieve-rethink reasoning to im-
prove retrieval quality. In recommendation settings,
OneRec-Think (Liu et al., 2025) incorporates chain-
of-thought reasoning to model user preferences and
recommendation rationales before item identifier
generation. These methods show that intermedi-
ate reasoning can improve retrieval effectiveness in
complex scenarios. However, they generally treat
reasoning as a fixed pre-retrieval step, introducing
substantial token and latency overhead that limits
practical deployment efficiency.

Adaptive and efficient reasoning. Adaptive rea-
soning has been explored as a way to reduce unnec-
essary reasoning computation in LLMs (Sui et al.,
2025). Existing methods typically fall into several
categories. Some methods decide whether to trig-
ger reasoning based on input difficulty or model un-
certainty, so that chain-of-thought reasoning is used
only for examples that are likely to benefit from
it (Lou et al., 2025; Zhang et al., 2025a). Other
methods allocate different reasoning budgets to dif-
ferent inputs, allowing hard questions to receive
more thinking tokens while keeping simple ques-
tions efficient (Shen et al., 2025; Han et al., 2025).
Another line of work studies when to stop reason-
ing once it has started, for example by terminating
generation when intermediate answers become sta-
ble or when further reasoning is estimated to bring
limited benefit (Li et al., 2024a; Nagle et al., 2026).

These methods show that explicit reasoning
should not be uniformly applied to all inputs. How-
ever, they are mainly designed for answer gener-
ation, where the objective is usually final answer
correctness. GR poses a different budget-control
problem: a reasoning prefix is useful only if it
improves the ranked DoclID list produced by con-
strained decoding. Therefore, GEAR optimizes
reasoning behavior with retrieval-grounded feed-
back, rewarding reasoning prefixes that improve
downstream retrieval quality while penalizing un-

necessary tokens.

3 Problem Formulation

Let D = {cll}lg1 denote a document corpus

and T = {(qz,dj)}ljl denote training query-
document pairs. In GR, each document d
is assigned a discrete DocID sequence c; =
(ck,c2,... ck), and the set of corpus-valid DocIDs
is C = {cq | d € D}. Given a query g, retrieval is
performed by constrained autoregressive decoding
over C and the generated DoclIDs are mapped back
to documents.

GEAR extends this formulation by allowing the
model to generate an optional retrieval-oriented
reasoning prefix before DocID decoding. Let V,;
and Vg4, denote the natural-language and DocID
vocabularies, respectively. We introduce a special
transition token <retrieve> and define the overall
vocabulary as V = Vg1 U Voo U {<retrieve>}.
For a query ¢, GEAR generates a sequence y =
z o <retrieve> o ¢4, where z is an optional rea-
soning prefix and ¢4 € C is a corpus-valid Do-
cID. If <retrieve> is generated as the first to-
ken, then z = () and the model performs zero-
reasoning retrieval. Otherwise, z serves as retrieval-
oriented context for subsequent DocID decod-
ing. The generation probability is factorized as
po(y | a) = po(z,<retrieve> | q) - py(cq |
q, z,<retrieve>;C), where the second term is de-
coded under the corpus-valid DocID constraint.

4 Method

As shown in Figure 2, GEAR is trained in three
main stages: (i) mixed DocID-language continued
pretraining aligns dedicated DoclID tokens with
natural-language semantics. (ii) difficulty-aware
supervised fine-tuning initializes query-dependent
trajectories for easy, medium, and hard queries.
(ii1) self-budgeted reasoning reinforcement learn-
ing directly optimizes the trade-off between re-
trieval quality and reasoning cost. At inference
time, GEAR generates natural-language tokens un-
der a vocabulary mask until <retrieve> is emitted,
and then switches to trie-constrained DocID decod-
ing; if the maximum reasoning budget is reached,
the transition is forced. We next describe the three
training stages.
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Figure 2: Overview of GEAR. GEAR uses mixed DocID-language continued pretraining, difficulty-aware supervised
fine-tuning, and self-budgeted reinforcement learning to learn when to stop reasoning and switch to constrained

DoclID decoding via <retrieve>.

4.1 Mixed DocID-language Continued
Pretraining

This stage connects natural-language reasoning
with discrete DocID generation. The model is
trained to generate DoclD tokens for retrieval and
to align DocID tokens with natural-language se-
mantics in a shared generation space.

DocID construction.  Following prior GR
work (Zhang et al., 2023; Zeng et al., 2024a),
we construct discrete DocIDs with RQ-kmeans
over document representations. Each document
d is encoded into a dense vector h; and quan-
tized into a length-L sequence of residual code-
word indices. The resulting DocID is denoted as
ca = (ch, 3, ..., ck), where each ¢, is represented
as a dedicated token from V.

DocID generation training. We first train the
model to generate DoclDs from both documents
and queries. The indexing objective is

Ling=—Y logps(ca|d;C), (1)
deD
and the retrieval objective is
Lre=— Y logpg(cgr | 4:C). (2)
(g, d+)eT

These objectives teach the model to map documents
and queries into the same DoclD space (Tay et al.,

2022; Wang et al., 2022), but they do not by them-
selves ensure that DocID tokens interact well with
free-form reasoning tokens.

Mixed training. To bridge this token-space gap,
we further construct mixed DocID-language train-
ing data. Specifically, we use two types of mixed
data: (i) DoclD-to-language paired data, where
the model recovers document or query text from a
DoclD, such as reconstructing the corresponding
document summary or its associated query; and (ii)
continuous DoclID-language sequences, where Do-
cID tokens and natural-language tokens appear in
the same autoregressive context, such as inserting
DocID tokens into document descriptions or query-
document matching statements. This exposes the
model to settings in which DocIDs serve not only
as discrete retrieval labels, but also as semantic an-
chors that can be interpreted and conditioned on by
the language model. These objectives encourage
DoclD tokens to carry natural-language semantics
and allow retrieval-oriented reasoning prefixes to
condition subsequent DocID decoding. Detailed
construction of the mixed training data is provided
in Appendix A.

Overall continued pretraining objective. The
overall continued pretraining objective is

Emi;r = ['ind + E'ret + Ealigny 3)
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where L;4, denotes the combined mixed DocID-
language alignment objectives.

4.2 Difficulty-aware SFT

This stage constructs a difficulty-aware SFT dataset
to initialize the model with the trajectory format
of reasoning followed by <retrieve> and with an
initial query-dependent reasoning policy.

Data construction. For each training pair
(g,d%) € T, we first run zero-reasoning retrieval
with the mixed-pretrained model:

R(l):k = Decodey(q, 0;C), 4)

where z = () means that decoding starts immedi-
ately after <retrieve>, Decodey/(-) denotes top-k
constrained DocID decoding. Let rankg(q,d") be
the rank of cg4+ in R?,,, with rankg(g,d™) = oo
if it is not retrieved in the top-k list. Based on
ranko(q, d*), we divide queries into easy, medium,
and hard groups and construct target trajectories as

Yeasy = <retrieve>o Ca+,
Ymed = Zshort © <retrieve>o cy+, 5

Yhard = Zlong © <retrieve>o ¢4+,

where the three trajectories are used for queries
with ranko (g, d*) < r,r < ranko(g,d") < k, and
ranko(q,d™) = oo, respectively. Easy queries are
trained to skip reasoning, medium queries receive
a short retrieval-oriented prefix, and hard queries
receive a longer prefix under a larger reasoning
budget. For medium and hard queries, we use an
offline teacher to generate retrieval-oriented pre-
fixes conditioned only on the query, encouraging
the prefix to highlight key entities, semantic con-
straints, and disambiguating clues without expos-
ing the positive DocID. We then filter the generated
prefixes by running constrained DocID decoding
with each prefix and retain only those that improve
the retrieval score over the zero-reasoning result.
Appendix B provides more details.

SFT training. All constructed examples form the
difficulty-aware SFT dataset S. We train the model
with the standard autoregressive CE objective:

Lap=— Y logps(y|q)- ©6)
CEEN

Through this stage, the model learns an initial tran-
sition policy for emitting <retrieve>.

4.3 Self-Budgeted Reasoning RL

We further optimize GEAR with self-budgeted rea-
soning RL, where the reward directly balances re-
trieval quality and reasoning cost. Specifically, for
each query ¢, we sample a group of reasoning tra-
jectories from the current policy:

T; = z; o <retrieve>, @)

where z; is the generated reasoning prefix. The
policy trajectory only contains the free-form rea-
soning prefix and the transition action. Condi-
tioned on q o z; o <retrieve>, we run constrained
top-k DocID decoding and obtain a ranked list

’i:k = Decodeg(q, z;;C). We also compute a
zero-reasoning baseline R, = Decodey(q, 0;C)
using the same policy checkpoint. If <retrieve>
is not emitted within the maximum reasoning bud-
get Biax, the transition is forced.

Let S; = S(¢,R%,) and Sop = S(q,RY,).
where S(-) is a bounded retrieval metric.! We nor-
malize the reasoning length as ¢; = |z;|/Bmax-
The reward for trajectory 7; is defined as

pi = Si +n[Si — Sol+ — M, (3

where [z]y = max(z,0), n controls the bonus
for improving over zero-reasoning retrieval, and
A controls the normalized reasoning cost. This re-
ward favors reasoning prefixes that improve the
downstream DoclD ranking, while penalizing un-
necessarily long reasoning.

We optimize the reasoning policy with
GRPO (Shao et al., 2024). For each query, trajec-
tories in the same sampled group are compared
according to their rewards, and the model is
updated to increase the likelihood of trajectories
with higher relative rewards. We further add KL
regularization to the SFT model for stable training.
The full optimization objective is provided in
Appendix C.

S Experimental setup

Datasets and Metrics. We evaluate GEAR on
three standard document retrieval benchmarks.
(i) NQ contains 320K query-document pairs
and approximately 100K Wikipedia documents,
where queries are posed as natural-language ques-
tions (Kwiatkowski et al., 2019). (ii) MS MARCO
consists of real user queries from Bing search with

'In practice, we use MRR @£ for NQ and MS MARCO,
and nDCG@¥k for TREC DL.
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Method NQ MS MARCO TREC DL
Hits@l Hits@10 MRR@10 Hits@l Hits@l0 MRR@10 nDCG@10 Recall@10

BM25 19.3 29.5 25.6 20.4 27.8 24.1 41.2 12.4
DocT5Query 23.1 36.9 31.3 24.9 31.5 27.0 49.7 19.8
DPR 31.8 40.3 36.4 29.6 35.0 335 45.1 18.7
ANCE 355 42.8 36.9 31.8 38.6 35.7 524 20.1
DSI 24.5 38.1 34.2 23.9 332 28.1 23.8 9.3
DSI-QG 32.7 44.0 39.3 30.2 38.5 353 36.6 154
SEAL 352 51.4 46.5 33.0 50.2 42.0 42.8 18.2
MINDER 38.6 56.5 50.0 37.8 53.0 45.6 50.3 19.6
LTRGR 44.1 56.6 54.4 40.9 56.8 48.6 54.1 204
TSGen 41.2 58.5 52.3 37.6 49.4 45.4 54.0 18.8
RIPOR 50.5 66.3 59.6 442 60.7 50.0 63.5 214
PAG 48.1 66.8 61.7 44.0 61.2 51.8 66.2 21.9
ReasonGR 46.2 68.2 60.0 43.9 61.8 51.6 65.4 19.2
R4R 53.8 71.0 68.5 45.7 66.7 53.5 66.8 21.7
GEAR 544 70.2 66.8 46.1 64.8 54.0 67.0 21.5

Table 1: Main results on NQ, MS MARCO, and TREC DL 2022. GEAR achieves competitive or state-of-the-art
effectiveness while maintaining strong efficiency compared with fixed reasoning-enhanced GR (shown in Figure 3).

human-annotated relevance judgments (Bajaj et al.,
2016). Following prior GR work, we use a subset
with 360K query-document pairs and 320K docu-
ments for training and evaluation. (iii) TREC DL
2022 is the document ranking task from the TREC
2022 Deep Learning Track. It is built upon MS
MARCO v2 (Craswell et al., 2025).

Following previous studies, we report Hits@k
and MRR@k on NQ and MS MARCO (Tay
et al., 2022; Bevilacqua et al., 2022; Li et al.,
2024b). For TREC DL, we report nDCG@Fk and
Recall@k (Zeng et al., 2024a,b). In addition to
effectiveness metrics, we report the average end-to-
end latency per query and the number of generated
tokens per query to evaluate retrieval efficiency. We
provide detailed latency measurement in D.4.

Baselines. (i) Standard GR methods, including
DSI (Tay et al., 2022), DSI-QG (Zhuang et al.,
2022), SEAL (Bevilacqua et al., 2022), MIN-
DER (Li et al., 2023), LTRGR (Li et al., 2024b),
TSGen (Zhang et al., 2024), RIPOR (Zeng et al.,
2024a), and PAG (Zeng et al., 2024b). We re-
produce these baselines as closely as possible fol-
lowing the descriptions in the original papers, and
use the same backbone as GEAR for fair compari-
son. Detailed implementations are provided in Ap-
pendix D.2. (ii) Adapted reasoning-enhanced GR
methods, including ReasonGR (Dong et al., 2026)
and R4R (Zhang et al., 2025b). Since the origi-
nal methods were developed under different tasks,
corpora, and identifier designs, we adapt their core
reasoning procedures to our unified GR setting. For
controlled comparison, we use the same Qwen3-8B

backbone, dataset splits, beam size, hardware, and
evaluation protocol as GEAR whenever applicable.
Because the original settings are not directly shared
with ours, their absolute reported numbers cannot
be exactly reproduced under this unified setting.
Detailed adaptations and complete prompts are pro-
vided in Appendix D.3. (iii) Sparse and dense
retrieval baselines, including BM25 (Robertson
et al., 2009), DocT5Query (Nogueira et al., 2019),
DPR (Karpukhin et al., 2020), and ANCE (Xiong
et al., 2020).

Implementation details. We implement GEAR
with Qwen3-8B (Yang et al., 2025) as the back-
bone. For DocID construction, we encode docu-
ments with BERT and apply RQ-kmeans (Chen
et al., 2010) with four residual quantization lev-
els and a codebook size of 256, yielding a four-
token DocID for each document. During inference,
GEAR generates natural-language tokens under a
vocabulary mask until <retrieve> is emitted or
the maximum reasoning budget Bpa.x = 256 is
reached, and then performs trie-constrained beam
search with beam size 10. All experiments are con-
ducted on two NVIDIA A100 GPUs. Full training
hyperparameters and implementation details are
provided in Appendix D.1.

6 Experimental results

Our experiments answer the following research
questions: (RQ1) Does GEAR improve retrieval
effectiveness compared with existing generative re-
trieval methods? (RQ2) How efficient is GEAR
in terms of reasoning cost, latency, and token us-
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O SoEnR L4k Dataset Group (Ratio) ZRR w/o Reason. w/ Reason.
R Easy (55.7) 908 603 64.6
Larger bubles ndicte NQ Medium (28.6) 42.9 0.0 58.4
2 10 2 . GEAR Hard (15.7) 0.9 0.0 10.9
2 Easy (52.3) 89.4 59.5 60.7
% MS MARCO Medium (30.8) 50.8 0.0 43.9
< Hard (16.9) 2.6 0.0 4.9
0] wror _pac P S Easy (57.6)  90.6 652 77.6
o208 b ’. TREC DL Medium (27.8) 36.8 8.7 67.9
o e * Hard (14.6) 3.0 2.4 235

1o v Lm‘"‘('g) 1o Table 2: Breakdown analysis by query difficulty. “ZRR”

Figure 3: Efficiency comparison of GR methods, where
bubble size indicates P95 latency.

age? (RQ3) Does GEAR learn to adaptively allo-
cate reasoning across queries of different difficulty?
(RQ4) How do different design components affect
the effectiveness-efficiency trade-off of GEAR?

6.1 RQI1: Main results

We compare GEAR with various baselines. As
shown in Table 1, we observe that: (i) GEAR
achieves competitive performance across all three
datasets, obtaining the best or near-best results
on several metrics while remaining close to the
strongest baselines on others. (ii) Compared
with standard GR methods, GEAR consistently
improves retrieval effectiveness, showing that
retrieval-oriented reasoning can provide useful
context beyond direct query-to-DocID decoding.
(iii) Compared with fixed reasoning-enhanced GR
methods, GEAR achieves comparable effectiveness
without reasoning for every query, indicating that
adaptive reasoning preserves retrieval quality while
avoiding unnecessary reasoning. These results
show that GEAR provides a strong effectiveness-
efficiency trade-off.

6.2 RQ2: Efficiency results

We evaluate inference efficiency on all three
datasets and aggregate the results using four met-
rics: non-empty reasoning rate, average generated
tokens, average end-to-end latency, and P95 la-
tency. Figure 3 visualizes the latter three metrics,
where the x-axis denotes average latency, the y-
axis denotes average token count, and bubble size
indicates P95 latency (smaller is better). The full
results are reported in Table 4 in Appendix E. On
average, GEAR triggers reasoning for 37.1% of
queries, compared with 0% for standard GR and
100% for fixed reasoning-enhanced GR, under the
same backbone and hardware settings.

We draw the following observations: (i) Stan-
dard GR methods are efficient because they directly
generate DoclDs without intermediate reasoning.

denotes the zero-reasoning rate.

(i1) Fixed reasoning-enhanced GR methods intro-
duce substantial overhead. ReasonGR generates
121.5 tokens per query with 3.7s average latency,
while R4R generates 412.3 tokens and reaches
9.2s average latency and 15.1s P95 latency. (iii)
GEAR substantially reduces the cost of reasoning-
enhanced retrieval and effectively controls tail la-
tency, by reasoning only when needed, while main-
taining strong retrieval effectiveness. (iv) Methods
based on trie-constrained decoding with numerical
DoclDs are generally more efficient, such as DSI,
because their constraint computation is fast and the
DoclD length is fixed. In contrast, methods based
on FM-index constraints and textual DocIDs, such
as SEAL, typically incur higher decoding over-
head and thus exhibit lower efficiency. Therefore,
GEAR adopts the former implementation. These
results show that GEAR improves the effectiveness-
efficiency trade-off.

6.3 RQ3: Adaptive reasoning behavior

We analyze how GEAR allocates reasoning across
queries of different difficulty levels and how this
behavior interacts with the reasoning budget during
inference.

Difficulty-wise analysis. We first analyze the per-
formance of GEAR under different query difficulty
levels. Following the difficulty estimation strategy
used during training, we divide test queries into
easy, medium, and hard groups according to the
rank position of the relevant document under zero-
reasoning retrieval. The performance metrics are
Hits@1 for NQ and MS MARCO, and nDCG@10
for TREC DL. “w/o Reason.” reports the perfor-
mance of the zero-reasoning baseline, and “w/ Rea-
son.” reports the performance of the full GEAR
with adaptive reasoning.

As shown in Table 2, we draw the following
observations: (i) Easy queries account for more
than half of all queries across the three datasets.
(i1)) GEAR learns to skip reasoning for most easy
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Figure 4: Effect of the maximum reasoning budget on
the effectiveness-efficiency trade-off on NQ.

queries, while invoking reasoning more frequently
for medium and hard queries. This indicates that
GEAR learns to allocate reasoning only when di-
rect retrieval is less reliable. (iii) Adaptive rea-
soning brings significant improvements on both
medium and hard queries. These results show that
GEAR not only reduces reasoning cost, but also
applies reasoning to the queries that need it most.

Reasoning budget analysis. To investigate the ef-
fect of the maximum reasoning budget, we vary
Brax from 32 to 512 on NQ and report retrieval
effectiveness, generated tokens, and inference la-
tency. As shown in Figure 4, we observe that: (i)
A too small budget, especially below 128, limits
retrieval effectiveness because reasoning may be
prematurely truncated for harder queries. (ii) In-
creasing Bax beyond 128 brings only marginal
gains, indicating that GEAR does not require an
excessively large reasoning budget. (iii) The av-
erage number of generated tokens and latency do
not grow linearly with By ., suggesting that the
model often emits <retrieve> before consuming
the full budget.

6.4 RQ4: Model analysis and ablation

We analyze how different design choices and mod-
eling decisions affect both the effectiveness and
efficiency of GEAR.

Ablation study. We conduct ablation experiments
on NQ by comparing the full GEAR model with
five variants: removing mixed DocID-language
training, removing difficulty-aware SFT, removing
self-budgeted RL, removing reasoning, and replac-
ing adaptive reasoning with fixed reasoning. As
shown in Figure 5, we observe that: (i) Removing
any component hurts performance, confirming the
importance of the integrated design. (ii) Remov-
ing mixed DocID-language training causes a large
drop, showing that aligning DocID tokens with

B NQ Hits@1 Avg. Tokens Avg. Latency

145.5

55.7

5 3
0.8
0.6 78.3 33.7 33.6
0.4
02
0.0 4.0 1.0
0.0 —

GEAR w/o Mixed w/o SFT w/o RL Ww/o reasoning Fixed
training reasoning

Figure 5: Ablation study on NQ. Removing any compo-
nent of GEAR degrades performance, highlighting the
importance of each design choice.

Method Hits@l Hits@l0 MRR@10 Avg. Lat.
PRF Expansion 38.1 46.7 42.5 -
Qwen3-8B Rewrite 48.7 65.9 61.3 3.8s
GPT-5 Rewrite 523 68.4 67.1 5.7s
GEAR 54.4 70.2 66.8 0.3s

Table 3: Retrieval performance and inference latency of
GEAR and query rewriting baselines on NQ.

natural-language semantics is crucial. (iii) Remov-
ing difficulty-aware SFT makes the model fail to
learn the reasoning—<retrieve>-DoclD trajectory.
(iv) Self-budgeted RL improves both effectiveness
and efficiency by encouraging reasoning only when
its expected retrieval gain justifies the token cost.
(v) Fixed reasoning can improve retrieval effective-
ness, but incurs substantially higher inference cost
than adaptive reasoning.

Comparison with query rewriting. We compare
GEAR with three query reformulation baselines
on NQ: pseudo-relevance feedback (PRF) (Lv and
Zhai, 2009), which performs a one-round initial re-
trieval and expands the query using terms extracted
from the top-ranked pseudo-relevant documents,
and LLM-based query rewriting with Qwen3-8B
and GPT-5, respectively. Unlike these methods,
which reformulate every query before the final re-
trieval stage, GEAR integrates adaptive reasoning
and DocID decoding into a single generative pro-
cess. We omit PRF latency because it is imple-
mented with an offline sparse retrieval expansion
pipeline and is not directly comparable to neu-
ral generation latency. As shown in Table 3, we
observe that: (i) LLM-based rewriting improves
over PRF expansion but incurs high latency. (ii)
GEAR achieves the best Hits@1 and Hits@10,
with MRR @10 close to GPT-5 rewriting, indicating
that its reasoning prefix provides retrieval-oriented
query understanding for DocID generation. (iii)
By reasoning only when needed, GEAR avoids the
cost of rewriting every query and offers a more
efficient alternative to external query rewriting.
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7 Conclusion

In this work, we presented GEAR, a generative
retrieval framework with adaptive reasoning that al-
locates computation based on query-specific needs.
Unlike prior reasoning-enhanced GR methods that
apply reasoning uniformly, GEAR learns when to
reason and when to directly perform DoclID decod-
ing via a learned <retrieve> transition. GEAR
is trained to balance retrieval effectiveness and ef-
ficiency through mixed DocID-language pretrain-
ing, difficulty-aware supervised fine-tuning, and
self-budgeted reinforcement learning. This design
enables sparse reasoning that activates intermedi-
ate reasoning only when it provides sufficient re-
trieval benefit. Experiments on NQ, MS MARCO,
and TREC DL 2022 demonstrate that GEAR main-
tains retrieval effectiveness comparable to strong
reasoning-enhanced GR methods while substan-
tially reducing reasoning cost, average latency, and
tail latency, highlighting the effectiveness of adap-
tive reasoning for efficient generative retrieval.

Limitations

The limitations of this work are as follows: (i)
GEAR relies on relatively large language models
with reasoning ability. This is an inherent con-
sequence of introducing explicit reasoning into
GR, and makes its training and inference costs still
higher than those of lightweight non-reasoning GR
methods. Future work needs to explore methods
for further reducing the computational cost. (ii)
The difficulty estimation used in GEAR is still rel-
atively coarse and may not fully capture the fine-
grained reasons behind query difficulty. More fine-
grained difficulty modeling could further optimize
the allocation of reasoning resources. (iii) GEAR
relies on teacher-generated reasoning data during
the supervised fine-tuning stage, and the quality
of the teacher model can affect the initial reason-
ing behavior learned by GEAR. Future work may
reduce the reliance on external teachers through
retrieval-feedback-based data construction or au-
tomatically mined reasoning trajectories. (iv) Our
experiments mainly focus on standard document re-
trieval benchmarks with offline evaluation. These
benchmarks may not fully reflect more complex
real-world search environments, such as multi-turn
retrieval or personalized retrieval. We leave these
directions for future work.

Ethical Considerations

This work analyzes baselines and our newly pro-
posed method using existing benchmark datasets
and reports aggregate results only. It does not col-
lect new user data or involve human subjects.
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A Mixed DocID-language training data

We instantiate L4, With two types of mixed
DocID-language objectives.

DocID-to-language paired data. Given a DocID
and an instruction prompt, the model is trained to
recover the corresponding document-side text or
query. For document reconstruction, we use

Liga = — Y logpo(ta | ca,ua),  (9)
deD

where t,4 is the document-side text and ug4 is the
instruction prompt. For query reconstruction, we
use

Liszg=— Y logpy(q | cgr,uq).
(g.dt)eT

(10)

Continuous DocID-language sequence data. We
also construct sequences in which DocID tokens
and natural-language tokens appear in the same
context, e.g., sg = “The main summary of” o ¢4 o

is” o t4, where £, is a short document summary.
The language modeling objective is

|s]
Loeg=— Y Y logpy(st|s<), (1)

seM t=1

where M denotes the set of constructed continuous
DoclD-language sequences.

Thus, the alignment objective used in the main
text is

Latign = Lid2d + Liazg + Lseq- (12)

B Teacher reasoning generation and
filtering

For medium and hard training queries, we use an
offline teacher to generate retrieval-oriented rea-
soning prefixes. The teacher is given the query ¢,
but is not given the positive document d* and the
DoclID token sequence.

For medium queries, the teacher generates a con-
cise prefix zgpop¢ under a budget By, focusing
on key entities, constraints, and disambiguating
terms. For hard queries, the teacher generates a
longer prefix zong under a budget Biong > Bshorts
summarizing query intent and expected document
semantics.
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To reduce noisy or redundant supervision, we
filter teacher-generated prefixes with retrieval feed-
back. Given a candidate prefix z, we run con-
strained decoding conditioned on gozo<retrieve>
and obtain Rf,,. We retain z only if it improves
the retrieval score over the zero-reasoning baseline
RO

1:k*

C GRPO objective

For each query ¢, we sample a group of GG reason-
ing trajectories {7;}%; from the old policy 7y,
and compute their rewards {p;}$, using Eq. 8.
GRPO estimates the advantage of each trajectory
by normalizing rewards within the sampled group:

pi — mean({p;}5.,)
A; = . 13
St} (3

The clipped policy optimization objective is

1 G
L= -G Zmin (wi(H)Ai,
i=1

clip(wi(6), 1 = &1+ )4, ),

(14)
where
mo(7i | @) o(zi,<retrieve> | q)
To,q(Ti | @) T, (2i,<retrieve> | q)

15)
is the policy ratio over the reasoning trajectory and
transition action.

To stabilize training and keep the reasoning pol-
icy close to the SFT model, we add KL regulariza-
tion with respect to a reference model m¢:

L=Ly+ /BKLKL (770H7Tref) s (16)

where k1, controls the strength of regularization.

D Implementation details

D.1 Implementation details of GEAR

For DocID construction, we encode each document
with BERT-base and apply RQ-kmeans over the
resulting document representations. We use four
residual quantization levels with a codebook size
of 256 at each level. Each document is assigned a
DoclD sequence consisting of four tokens, where
each token is represented by a dedicated symbol
from the DocID vocabulary Vg,c.

All stages of GEAR, including mixed DoclID-
language continued pretraining, difficulty-aware

SFT, and self-budgeted reasoning RL, are trained
only on the corresponding training split. For NQ
and MS MARCO, we follow the official dataset
splits. For TREC DL, we follow the standard set-
ting that uses the MS MARCO v2 document rank-
ing training data for training and evaluates on the
official TREC DL queries. The TREC DL queries
and relevance judgments are used only for evalu-
ation, and are not used in continued pretraining,
supervised fine-tuning, reinforcement learning, or
difficulty estimation.

We implement GEAR based on Qwen3-8B. Dur-
ing training, we use the Transformers library for
mixed DocID-language continued pretraining and
difficulty-aware SFT, and use the TRL library for
self-budgeted reasoning RL. All training stages
use bfloat16 precision and the AdamW optimizer.
For continued pretraining, we train the model for
1 epoch with a learning rate of 1 x 1075, For
difficulty-aware SFT, we train the model for 3
epochs with a learning rate of 2 x 107°. For diffi-
culty estimation in SFT, we set the retrieval depth
to k£ = 100 and the easy-query threshold to » = 10.
Queries whose positive document is ranked within
the top 10 are treated as easy, those ranked between
11 and 100 are treated as medium, and those not
retrieved in the top 100 are treated as hard.

For teacher-generated reasoning, we set the short
and long reasoning budgets to Bghort = 32 and
Biong = 96, respectively. For RL, we use GRPO
with a learning rate of 5 x 1075, a group size of
4, a clipping coefficient of 0.2, and a KL coeffi-
cient of 0.01. In the reward function, we set the
improvement-bonus weight to = 0.5 and the
normalized reasoning-length penalty to A = 0.1.
Other hyperparameters follow the default settings.

During inference, GEAR first generates natural-
language reasoning tokens under a vocabulary
mask that disallows DocID tokens. Generation
continues until <retrieve> is emitted or the max-
imum reasoning budget By ., = 256 is reached.
After that, decoding switches to trie-constrained
beam search for DocID generation, with the beam
size set to 10 by default. All experiments are con-
ducted on a server equipped with two NVIDIA
A100 GPUs.

D.2 Implementation details of standard GR
baselines

For standard GR baselines, we reproduce the com-
pared methods under a unified setting. All methods
use the same training and test splits as GEAR, and

50645



use the same Qwen3-8B backbone whenever appli-
cable. Since existing generative retrieval methods
differ in their identifier designs, we adapt their doc-
ument identifiers accordingly. For methods with
numerical DocIDs, we use the same RQ-kmeans-
based DoclID construction as GEAR. For methods
with textual DoclIDs, we use the original document
titles on NQ. Since MS MARCO and TREC DL do
not provide document titles, we use GPT-5 to gen-
erate pseudo titles from document contents and use
them to construct textual identifiers. During infer-
ence, all GR baselines use the corresponding con-
strained beam search described in the original pa-
pers, such as trie constraints, FM-index constraints,
or inverted-index constraints. The beam size is set
to 10 for all methods.

D.3 Implementation details of
reasoning-enhanced GR baselines

Implementation details of ReasonGR. ReasonGR
was originally designed for financial document
retrieval on FinQA, and therefore does not fully
match our experimental setting. We adapt it to our
benchmarks with Qwen3-8B as follows: (i) The
original ReasonGR constructs textual DocIDs by
extracting keywords with KeyBERT and prefixing
them with the company name and year. Since such
metadata is not available in our datasets, we follow
the standard GR setting with textual DocIDs and
use GPT-5 to generate pseudo titles from document
contents and use them as textual DocIDs. (ii) The
reasoning training data in ReasonGR is obtained
from model-generated trajectories. For a fair com-
parison, we also use GPT-5 as the teacher model to
generate reasoning trajectories, following the same
teacher-generation setup as GEAR.

The adapted ReasonGR differs from GEAR in
three main aspects: (i) It performs reasoning for
every query. (ii) Inference is carried out in two
stages: the model first freely generates a reasoning
prefix, and then the generated reasoning is con-
catenated with the query as context for constrained
DocID decoding. (iii) ReasonGR contains only
indexing/retrieval SFT and reasoning SFT, with-
out difficulty-aware reasoning allocation or self-
budgeted reinforcement learning.

Implementation details of R4R. R4R is a prompt-
based think-retrieve-rethink framework. We im-
plement it following the procedure described in
the original paper. Specifically, we use Qwen3-8B
and alternate between two decoding modes: free-

Method Reason. Rate  Avg. Tokens  Avg. Lat. (s) P95 Lat. (s)
DSI 0.0 4.0 0.06 0.08
DSI-QG 0.0 4.0 0.06 0.07
SEAL 0.0 6.1 0.7 0.9
MINDER 0.0 9.6 0.9 1.1
LTRGR 0.0 4.0 0.1 0.1
TSGen 0.0 6.9 1.2 1.4
RIPOR 0.0 8.0 0.1 0.1
PAG 0.0 8.0 0.1 0.1
ReasonGR 100.0 121.5 3.7 5.0
R4R 100.0 4123 9.2 15.1
GEAR 37.1 78.3 0.3 2.7

Table 4: Efficiency comparison.

form generation and constrained DocID generation.
Given a query, the model first freely generates an
initial reasoning step, then performs constrained
generation to produce a DoclD, and then freely
generates a revised reasoning step based on the
intermediate retrieval result.

D.4 Latency measurement protocol

We measure the inference efficiency of all GR meth-
ods under the same hardware and software envi-
ronment. All methods are evaluated on a server
equipped with two NVIDIA A100 GPUs. End-
to-end latency includes all online computation re-
quired to return the top-k retrieval results for a
query. For GEAR, this includes masked free-form
reasoning generation, emitting <retrieve> or forc-
ing the transition at By, trie-constrained DocID
decoding, and mapping the generated DocIDs back
to documents. For standard GR baselines, latency
includes direct constrained DocID generation and
document mapping. For reasoning-enhanced GR
baselines, latency includes all reasoning, retrieval,
and rethinking steps used before producing the fi-
nal ranked list. We set the measurement batch size
to 1 and the beam size for constrained decoding to
10.

For each method, we report the average number
of generated tokens per query, the average end-
to-end latency per query, and the P95 end-to-end
latency. The generated-token count includes all
tokens generated during online inference, includ-
ing reasoning tokens, transition tokens, and DocID
tokens. For methods with multiple reasoning or re-
trieval rounds, tokens from all rounds are counted.
P95 latency is computed over all evaluation queries
and reflects tail latency.
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E Numerical results of efficiency
experiment

The numerical results corresponding to Figure 3 in
the main text are shown in Table 4.

F Examples of generation

We provide two representative examples to il-
lustrate how GEAR allocates reasoning budgets
at inference time. For a simple query, GEAR
emits <retrieve>immediately and performs zero-
reasoning retrieval. For a more difficult query,
GEAR first generates a retrieval-oriented reason-
ing prefix and then switches to constrained DocID
decoding.

Case 1: Zero-reasoning retrieval.

Query: Who wrote the novel The Fault
in Our Stars?

Generated trajectory: <retrieve>
[DocID]

Case 2: Retrieval with reasoning.

Query: What treaty ended the War
of 1812 between the United States and
Britain?

Generated trajectory: The query asks
for the formal agreement that ended the
War of 1812. The relevant document
should describe the peace settlement be-
tween the United States and Britain. A
useful clue is that the treaty was signed
in Ghent and is commonly known as
the Treaty of Ghent. Therefore, the tar-
get document should focus on the his-
torical treaty that concluded the conflict.
<retrieve> [DocID]
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