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Many modern retrieval problems are set-valued: given a broad intent, the system must return a collection
of results that optimizes higher-order properties (e.g., diversity, coverage, complementarity, coherence)
while remaining grounded with respect to a fixed database. Set-valued objectives are typically non-
decomposable and are not captured by existing supervised (query, content) datasets which only prioritize
top-1 retrieval. Consequently, fan-out retrieval is often employed to generate diverse subqueries to
retrieve item sets. While reinforcement learning (RL) can optimize set-level objectives via interaction,
deploying an RL-tuned LLM for fan-out retrieval is prohibitively expensive at inference time. Conversely,
diffusion-based generative retrieval enables efficient single-pass fan-out in embedding space, but requires
objective-aligned training targets. To address these issues, we propose R4T (Retrieve-for-Train), which
uses RL once as an objective transducer in a three-step process: (i) train a fan-out LLM with composite
set-level rewards, (ii) synthesize objective-consistent training pairs, and (iii) train a lightweight diffusion
retriever to model the conditional distribution of set-valued outputs. Across large-scale Polyvore and
music playlist datasets, we show that R4T improves retrieval quality relative to strong baselines while
reducing query-time fan-out latency by an order of magnitude.

1. Introduction erties (e.g., diversity, intent coverage, comple-
mentarity, and stylistic coherence), while still re-
quiring strict groundedness to the target database.
This makes the standard supervised paradigm
more challenging in practice: collecting property-
aligned (query, content) pairs that explicitly en-
code these set-level objectives is costly, subjective,
and frequently infeasible, especially for domain-
specific or customized corpora.

Retrieval systems are increasingly expected to
return sets of results rather than a single best
match. In many real-world applications, the de-
sired output is a collection that jointly satisfies
higher-order properties: a search interface may
expand a broad query into multiple intents to im-
prove coverage; a recommender may produce a
slate that is diverse yet coherent; and a bundling
system may retrieve complementary items that
collectively meet the demands of complex queries.
These requirements have motivated generative re-
trieval formulations, where candidates are pro-
duced by a model rather than simply selected (e.g.,
using only nearest-neighbor similarity) (Deffayet
et al., 2023; Tay et al., 2022; Tomasi et al., 2025).

Reinforcement learning (RL) is a natural frame-
work for optimizing such behaviors through
reward-driven interaction with a database (Jiang
et al., 2025b; Zhang et al., 2025a), and recent
work shows RL can shape retrieval policies be-
yond pointwise relevance (Jiang et al., 2025a,c).
However, directly deploying RL-trained language
models at inference time is often impractical: au-
toregressive fan-out generation with repeated re-
trieval calls incurs substantial latency, and set-

A central challenge is that many of these prob-
lems are set-valued and non-decomposable. Un-

like classical retrieval tasks with a single, la-
belable correct item, fan-out retrieval often ad-
mits no unique ground truth: many different item
sets can be valid for the same broad intent. As a
result, retrieval quality is defined by set-level prop-

level rewards can exhibit high-variance and are
prone to shortcut exploitation. These issues com-
plicate stable deployment and motivate separat-
ing reward-driven optimization from inference-
time retrieval.

*Work done as a Student Researcher at Google Research.
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In parallel, diffusion-based generative retrieval
offers an efficient alternative by enabling non-
autoregressive sampling directly in embedding
space (Bao et al., 2025; Guinot et al., 2025;
Tomasi et al., 2025), which is particularly at-
tractive for fan-out settings where multiple hy-
potheses are needed. Yet diffusion retrievers criti-
cally depend on large amounts of property-aligned
training targets, precisely the resource that is
scarce or ambiguous in non-decomposable, set-
valued retrieval tasks.

In this paper, we address this bottleneck, which
emerges because retrieval objectives have become
richer than the supervision available to train effi-
cient fan-out retrievers under those objectives. Our
key idea is to use RL not as the deployed inference
mechanism, but as a one-time objective transducer
that converts complex set-level reward specifica-
tions into scalable supervision for training the
retriever. Specifically, we develop R4T (Retrieve
for Train), a method that operates in three stages:
(1) we train a fan-out policy implemented as a lan-
guage model using RL with composite rewards
that explicitly encode desired set-level proper-
ties; (2) we use the optimized policy to synthe-
size objective-consistent training data by harvest-
ing and filtering successful trajectories; and (3)
we train a lightweight, single-pass generative re-
triever on this synthesized data. In our instantia-
tion, this retriever is a coherent embedding-based
diffusion model that performs efficient, control-
lable fan-out retrieval at inference time.

Contributions. We make three primary contri-
butions. First, we present a general framework
for compiling reward-optimized behaviors over
set-valued, non-decomposable retrieval objectives
into data for supervised training. Second, we in-
stantiate this framework using Soft-GRPO for fan-
out policy optimization and coherent embedding-
based diffusion for single-pass generation at infer-
ence time. Third, we demonstrate the effective-
ness of R4T in two distinct regimes: open-ended
abstract retrieval (OAR), where no ground truth ex-
ists and quality is defined by reward-specified set-
level properties over collection-level outputs; and
weakly supervised compositional retrieval (WSCR),
where each query admits many valid item sets and

supervision is provided via weak reference sets.
Across both settings, R4T improves retrieval qual-
ity over strong fan-out baselines while maintain-
ing the efficient inference needed for production-
level deployment.

2. Method: R4T

We introduce R4T (Retrieve-for-Train), a frame-
work for training set-valued generative retrievers
under non-decomposable objectives. The central
idea is to use reinforcement learning (RL) once as
an objective transducer; rather than deploying an
RL-tuned language model at inference time, we
use RL to discover reward-aligned fan-out behav-
iors and convert them into scalable supervision
for a lightweight, single-pass retriever.

Problem Setup: Set-Valued Fan-out Retrieval.
We work in a setting where, given a broad query g,
our retrieval system returns a set of results from a
fixed database . To handle the set-based nature
of retrieval, we consider a fan-out formulation,
where a policy first generates k sub-queries Q =
{q1,...,q9x}, and a fixed retriever R(-) executes
each sub-query to retrieve candidate results. Let
Ci = R(q;, D) denote the retrieved candidates for
sub-query g;, and R(Q) = UL, C: the union of the
fan-out results. Crucially, we assume that result
quality is defined by set-level properties, such as
diversity, coverage, or complementarity, which
are generally non-decomposable and, moreover,
admit multiple (non-unique) correct results. The
latter property poses challenges for ground-truth
supervision.

2.1. R4T Overview

RA4T consists of three principle stages: The first
is RL policy optimization, where we train a fan-
out language model (FOLM) my to generate sub-
queries whose database interactions maximize
some task-specific set-level reward (we discuss
various rewards below). The second phase is syn-
thetic supervision, in which we run the optimized
FOLM policy to collect high-reward trajectories
and convert them into a synthetic dataset of set-
valued targets. In the final stage, compiled deploy-
ment trains a lightweight generative retriever to
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Figure 1 | Overview of the R4T. Step 1 (§2.3) trains a fan-out language model (FOLM) using
RL to produce property-aligned sub-queries. Step 2 (§2.4) uses the trained FOLM to synthesize
(g, ¢) supervision data. Step 3 (§2.5) trains a diffusion-based fan-out retriever that samples content

embeddings directly from query embeddings.
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Figure 2 | Illustration of rewards used in OAR.

model the conditional distribution of set-valued
targets given the query, enabling efficient single-
pass fan-out at inference time. We detail each of
these stages below (see Figure 1 for an graphical
depiction).

Two deployment variants: R4T-FOLM vs.
R4T-Diffusion. R4T separates reward-driven dis-
covery of fan-out behaviors from efficient inference-

time fan-out. We therefore evaluate two deploy-
ment variants that share the same RL optimiza-
tion stage but differ in how fan-out is executed
at test time.

R4T-FOLM (RL-tuned fan-out language model).
We directly deploy the RL-optimized FOLM xy-
at inference time to generate k sub-queries Q =
{q1,...,qx} ~ me«(- | q), whose retrieved results
are aggregated into R(Q) = le R(q;, D). This
variant reflects the quality of reward-optimized
fan-out but incurs the cost of autoregressive gen-
eration and repeated retrieval calls.

R4T-Diffusion (RL-distilled diffusion retriever).
We distill the reward-aligned fan-out behavior of
mg- into a lightweight diffusion model Dy trained
on synthetic supervision (Section 2.4). At infer-
ence time, Dy generates L retrieval directions in
a single non-autoregressive pass, Zo ~ pg(Z |
24), which are mapped to database contents via
nearest-neighbor retrieval. This variant evalu-
ates whether reward-optimized fan-out can be
retained under efficient single-pass inference.

Comparing these variants disentangles the
benefits of reward-optimized fan-out from the
cost of deploying it, directly testing whether RL-
discovered behaviors can be distilled for efficient
inference.
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2.2. Set-Level Objectives and Rewards

A key component of R4T is the ability specify-
ing set-level objectives as rewards to be used in
FOLM policy optimization (Stage 1). We study
two regimes that capture common set-valued re-
trieval needs.

2.2.1. Open-Ended Abstract Retrieval

Open-ended abstract retrieval (OAR) targets open-
ended exploration where no unique ground truth
set exists. Given a broad query q (e.g., a theme or
scenario), the goal is to retrieve a set of collection-
level or abstract results that are (i) diverse (i.e.,
cover multiple interpretations), (ii) well-aligned
with ¢, and (iii) grounded with respect to the
database.

We define a composite reward R,,s over a gen-
erated fan-out set Q as follows:

Rabs(q, Q) = Agrground(Q)"‘Adrdiv(Q)"‘/laralign (q,Q).

D
This reward uses subrewards rground, rd¢iv and
Talign, t0 capture groundedness, diversity and
alignment, respectively, each contributing accord-
ing to their mixture weights (lambda).

To capture diversity of the results set, we mea-
sure the semantic breadth of the fan-out using the
Vendi Score (Friedman and Dieng, 2022) com-
puted on representatives of each sub-query (e.g.,
top-1 retrieved item per sub-query), that is,

raiv(Q) = Vendi({econtent(cr)}i';l): (2)

where c7 is a representative retrieved item for g;
and econtent (+) is the content encoder that embeds
database items.

To ensure groundedness, we encourage sub-
queries to stay on the database manifold (induced
by the embedding space) by penalizing the dis-
tance between each sub-query embedding and
its nearest neighbor in the database, namely,

| =
"B

rground(Q) =1- IZI)I lletext (qi) — econtent (¢) [|2,

3

€

where ey (q;) is a query embedding.

Finally, alignment is used to prevent semantic
drift from the intent of the original query q by

anchoring each sub-query to q with the following
reward:
1 &
raiign (4, Q) = 7 Zl cos (etext(d), etext(@))-  (4)
We set A, = 0.6 and A4 = A, = 0.2 by default.
Figure 2 illustrates the rewards used for OAR
tasks.

2.2.2. Weakly Supervised Compositional Re-
trieval

Weakly supervised compositional retrieval (WSCR)
targets settings where each query admits many
valid item sets, but we have weak reference sets
that represent one plausible realization. Each
query q is paired with a reference set Y =
{»y1,...,ym}; importantly, Y is not assumed to
be the unique correct query response.

We define a reference-set-based coverage re-
ward for a fan-out set Q as follows:

|V NR(Q)
v

This reward encourages the policy to generate
complementary sub-queries whose union spans
different semantic components reflected in Y,
rather than memorizing a fixed target.

Rset(q, ; Y) = (5)

2.3. Fan-Out LM Training via Soft-GRPO

The first stage of R4T is RK training of the fan-out
language model (FOLM). Given an input query
q, the FOLM 7y generates a set of candidate sub-
queries Q = {q1,...,qx}. These sub-queries are
executed by a frozen dense retriever R(-) to obtain
candidate documents C; = R(q;, D). We assign a
reward to each sampled fan-out output using the
relevant task objective (as defined in Section 2.2).

To optimize mg, we employ group relative policy
optimization (GRPO). For a query q, we sample a
set of G outputs {o1,...,0s} and compute advan-
tages using group statistics:

ri — Hg
O'G+€’

r;. (6)

Qlm

Ai = He =

G
j=1

Soft-PPO Regularization. To stabilize open-
ended generation, we adopt soft PPO (Becker
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et al., 2025; Liang et al., 2025; Zhang et al.,
2025b), which augments GRPO with both for-
ward and reverse KL penalties between the active
policy 7y and the sampling policy mq:

J(0) = En,, [ Larro — B1Dxw (e l|mo1a)

(7)
— B2Dkw(7o1dll0) |
In practice we implement this as:
L£(0) =] - min(peA,, clip(p,, 1 - €, 1+€)4)
+ 1 - p(log e (o;) — log meia (o)) ®

+ B2 (~logma(0)|,

where p; = mg/myq is the importance ratio.

2.4. Synthetic Supervision

The second phase of R4T ivnovles the generation
of a synthetic dataset used to train the retrieval
model, The FOLM xyp- serves as a behavior gen-
erator that induces a distribution over fan-out
retrieval patterns shaped by the reward. For each
query q, we sample fan-out outputs from - and
execute retrieval against the fixed database. We
use the FOLM generations as supervision, allow-
ing the downstream model to learn the full dis-
tribution of behaviors induced by the RL process
above.

To train a downstream model that generates
multiple retrieval embeddings in a single forward
pass, we represent each fan-out result as a coher-
ent target tensor Zearger € RI*?. Each row of Ziarger
corresponds to one retrieval direction discovered
by the FOLM. The construction of Ziarger depends
on the optimization objective:

For OAR tasks, the objective emphasizes
the production of diverse and grounded re-
trieved results. Accordingly, we construct Zarget
from the embeddings of the retrieved contents
{2, .., 2} corresponding to the fan-out out-
puts. This formulation directly distills the distribu-
tion over database-grounded collections induced
by the RL-trained policy.

For WSCR tasks, the objective emphasizes dis-
covery of complementary search directions that
jointly cover a reference set. In this case, we
construct Zgrger from the embeddings of the

optimized sub-queries generated by the FOLM,
{etext(q1), - - -, etext(qz)}. This choice allows the
downstream model to internalize the search de-
composition strategy learned by RL.

Because set-valued retrieval is order-agnostic,
we randomly permute the rows of Ziarger dur-
ing training to encourage permutation robust-
ness. The resulting synthetic dataset is Tsyn =
{(2q, Ztarger) }, which captures the full fan-out
retrieval distribution induced by the reward-
optimized policy.

2.5. Diffusion for Single-Pass Fan-out

The final phase of RT4 is the training of a gen-
erative retriever Dy to model p(Ziarge: | 24). We
adopt the variancee exploding (VE) diffusion for-
mulation of Song et al. (2020) within the EDM
framework (Karras et al., 2022). The denoiser
D¢ (Z;;0,24) is trained to recover clean targets
from noisy inputs using the loss

Laif = Eoe|[A(0) - ||D¢(Ztarget + 0€; 0, Zq) - Ztarget“2 s

C))
where A(0) = (0% + 03, )/(0 - 04ara)* balances

contributions across noise levels.

Architecture. The denoiser is instantiated as a
transformer (Peebles and Xie, 2023; Tomasi et al.,
2025) tailored for structural coherence, adopting
the preconditioning scheme proposed by Karras
et al. (2022). The query embedding z, is injected
via cross-attention. We use classifier-free guid-
ance (CFG) (Ho and Salimans, 2022) by randomly
dropping z, during training. At inference time,
we solve the probability flow stochastic differen-
tial equation to generate Zg, which is sliced into
L embeddings and mapped to database contents
via nearest-neighbor retrieval.

3. Experiments

3.1. Experimental Setup

We evaluate R4T on both OAR (no ground-truth;
property-defined quality) and WSCR (weak ref-
erence sets; coverage-oriented) tasks, with objec-
tives as defined in Section 2.2.
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‘ Polyvore Music
‘ Groundedness Diversity Alignment Average ‘ Groundedness Diversity Alignment Average
No Fan-out | 22.4 34.4 21.4 26.1 | 48.8 20.0 41.8 36.9
Gemini-2.5-Flash
Zero-shot 24.0 47.0 23.6 31.5 45.8 45.2 44.4 45.1
Best-of-N 26.1+1.6 52.212.3 25.2+1.9  34.5:18 48.2+2.1 48.4+2.6 49.0:2.0  48.5222
Gemma3-4B
Zero-shot 28.4 56.0 31.2 38.5 49.8 42.6 51.8 48.1
Best-of-N 28.9+1.5 61.0+2.1 32.7+1.7  40.9+1.6 51.4:20 43.212.3 53.0:1.9  49.2+2.1
R4T-FOLM 30.8+1.9 76.8+:2.7 39.8:23 49.1:21 63.1:2.2 49.2:2.4 62.0:2.0 58.1:22
R4T-Diffusion \ 74.313.4 37.612.8 \ \ 46.7+3.1 59.612.6 \
Qwen3-4B
Zero-shot 23.8 37.0 23.4 28.1 42.0 38.8 41.2 40.7
Best-of-N 27.0£1.8 40.322.5 24.0+1.9 30.4+1.7 44.0+2.2 40.3+2.7 43.7+2.1 42.7+2.3
R4T-FOLM 37.0:2.1 62.812.9 28.0:2.0 42.6:22 48.2:2.3 44.8+2.5 49.4+2.1 47.5+2.2
R4T-Diffusion \ 65.0+3.6 27.4+2.7 \ \ 44.5+3.0 52.0:2.8 \

Table 1 | Performance on Task 1: Open-Ended Abstract Retrieval (OAR). Results are reported
as mean + standard deviation. Bold denotes the best performance within each model family. R4T
consistently outperforms fan-out baselines across datasets and metrics. Note that Groundedness is
not applicable to R4T-Diffusion (indicated by “\”) due to the absence of intermediate sub-query.

Recall@5K Hit@5K VS

LLM-Based Retrieval

Gemini-2.5-Flash 15.7 52.1 33.4
Gemma3-4B 6.0 25.9 44.2
Qwen3-4B 10.1 339 46.4
R4T-FOLM (Gemma) 16.9 54.4 40.5
R4T-FOLM (Qwen) 20.9 64.6 27.5
Diffusion-Based Retrieval

R4T-Diffusion (Gemma) 15.0 54.1 46.2
R4T-Diffusion (Qwen) 16.5 57.5 34.7

Table 2 | Performance on Task 2: Weakly Su-
pervised Compositional Retrieval (WSCR). We
use an LLM (Gemini-2.5-Pro) to generate a broad
query for each outfit in Polyvore, and set the items
in each as the ground truths. For diversity evalu-
ation with normalized Vendi Score, we set tem-
perature=0.9 for LLM-based retrieval, and set
#samples=5 (i.e., 5x10=50 sub-queries in total)
for all the methods.

Datasets. We evaluate R4T on two diverse
real-world datasets that reflect distinct retrieval
modalities (text-to-image, text-to-music) and do-
mains. The first is Polyvore, a large-scale fash-
ion benchmark (Han et al., 2017) comprised of
user-curated outfits. Each outfit functions as
a ground-truth item set, containing compatible
fashion products across diverse categories (e.g.,

tops, bottoms, shoes, accessories). The dataset
provides rich multimodal features, including prod-
uct images and textual metadata, which we use
to evaluate both multimodal groundedness and
set coherence. The candidate retrieval pool sizes
are 21,888 (collections/abstracts) and 142,472
(items) for Task 1 and Task 2, respectively. Mu-
sic, our second dataset, is a proprietary indus-
trial dataset consisting of expert-generated music
playlists. Each playlist represents a coherent se-
quence of tracks, serving as a ground-truth set
for retrieval. This dataset evaluates the model’s
ability to model thematic consistency and intent
coverage in the music domain. The candidate
retrieval pool size is 8,522 (playlist embeddings)
for Task 1. Details of broad query generation are
provided in Appendix C.

Retrieval Backbone. We adopt dataset-specific
embedding backbones to enable efficient fan-out
in a shared embedding space. For Polyvore, we
use a CLIP-based image-text encoder trained with
matryoshka representation learning (Kusupati
et al., 2022), which supports multimodal retrieval
while allowing flexible embedding truncation. Un-
less otherwise specified, we use an embedding di-
mension of 128 to balance retrieval accuracy and
efficiency in our main experiments. For the music
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Model Sub Query Retrieved Images
R4T bohemian festival dress

R4T straw boots festival style

R4T lace bohemian festival

Qwen3_4b bohemian festival style

Qwen3_4b bohemian festival fashion

Qwen3_4b festival bohemian clothes

Figure 3 | Qualitative comparison on the Polyvore dataset for the open-ended abstract retrieval task
given the broad query “Bohemian festival style”. R4T generates semantically distinct, on-topic
sub-queries that retrieve diverse outfit collections, while the Qwen3-4B zero-shot baseline produces
largely paraphrastic sub-queries, leading to more homogeneous results.

dataset, we employ MuLan (Huang et al., 2022),
a joint music-text embedding model trained on
large-scale audio-language pairs, and perform
retrieval directly in the MuLan embedding space.

Baselines We compare R4T against three base-
lines. The No Fan-out baseline directly retrieves
n X k content items using the original query with-
out any sub-query expansion. This represents the
traditional dense retrieval approach and serves
as a lower bound for fan-out methods. A second
baseline, Zero-shot Fan-out uses the base lan-
guage model (before RL training) to generate k
sub-queries without any task-specific optimiza-
tion. Each sub-query retrieves n items, result-
ing in n X k total items. We test several variants
of the Zero-shot Fan-out baseline with different
language models used for sub-query generation:
(a) Gemini-2.5-Flash (Comanici et al., 2025), a

large-scale proprietary model with strong zero-
shot capabilities; (b) Gemma3-4B (Team et al.,
2025), a smaller open-source model (4B param-
eters); and (c) Qwen3-4B (Yang et al., 2025),
another competitive open-source model (4B pa-
rameters). Best-of-N is our the third baseline,
a strong baseline that performs fan-out N times
using the zero-shot model and selects the best
result according to our training rewards. We set
N =5.

We compare two variants of our method, R4T-
(FOLM/Diffusion). R4T first trains the fan-out
language model using RL with task-specific re-
wards, synthesizes training data, and trains a
diffusion-based retriever. At inference time, the
diffusion retriever directly samples k content em-
beddings from the query embedding. For all fan-
out baselines and R4T, we report results with
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k = 10 sub-queries.

Evaluation Metrics. We evaluate set-valued re-
trieval using task-specific metrics. For OAR tasks,
where no ground-truth sets exist, we employ LLM-
as-a-Judge evaluation using Gemini-2.5-Pro to as-
sess three dimensions: collection diversity, query-
collection alignment, and groundedness. Each di-
mension is scored on a 5-point Likert scale, follow-
ing prior work showing strong correlation with
human judgments (Zheng et al., 2023).

For WSCR tasks, we report reference-based cov-
erage metrics (Recall@5K and Hit@5K) together
with the Vendi Score to measure diversity and
generation stability. Since reference sets repre-
sent one plausible realization of the query intent
rather than exhaustive ground truth, recall is in-
terpreted as a proxy for semantic coverage rather
than binary correctness.

Full evaluation protocols, prompt templates,
and metric definitions are provided in Appen-
dices B, D, and E.

3.2. Main Results

Table 1 and Table 2 summarize the performance
of all methods on the OAR and WSCR tasks. We
highlight several consistent patterns that clarify
both the strengths and limitations of existing fan-
out strategies, as well as the advantages of R4T.

Fan-out is necessary but not sufficient. Across
all datasets and base models, zero-shot fan-out
consistently outperforms the No Fan-out baseline
that retrieves directly using the original query.
This confirms the long-standing hypothesis that
query expansion improves coverage of diverse
semantic facets (Carpineto and Romano, 2012).
However, zero-shot fan-out exhibits clear weak-
nesses. Generated sub-queries often drift off the
database manifold or collapse into near-duplicate
expressions, leading to limited groundedness and
redundant retrieval results. These effects are par-
ticularly visible in the OAR task, where no ground
truth constrains exploration.

Reward-aware selection improves quality but
does not scale. The Best-of-N baseline substan-
tially improves over zero-shot fan-out by select-
ing high-reward fan-out instances. This demon-

strates that the reward functions we design are
meaningful signals for shaping retrieval behav-
ior. However, Best-of-N requires multiple inde-
pendent fan-out executions per query, resulting
in an order-of-magnitude increase in inference
cost. As a result, its gains come at the expense of
latency and scalability, limiting its applicability
in practical systems.

R4T consistently dominates the accuracy-
efficiency frontier. R4T achieves the strongest
overall performance across datasets, tasks, and
base models. Notably, R4T outperforms Best-of-
N while requiring only a single inference pass
at deployment time. This result highlights the
core advantage of R4T: reinforcement learning is
used to discover high-quality fan-out behaviors
once, and these behaviors are then distilled into
a lightweight diffusion-based retriever. The RL-
trained FOLM learns to generate sub-queries that
balance diversity, alignment, and groundedness,
while the diffusion model faithfully captures this
distribution in embedding space, enabling effi-
cient and controllable fan-out retrieval.

Reward Hacking in OAR. Careful reward design
is crucial for realizing R4T’s performance gains.
We perform an ablation on the OAR task (Fig-
ure 4) to analyze how different reward compo-
nents shape fan-out behavior. Without a diversity
term, the reward is easily exploited. Training
with only the groundedness reward, the policy
converges to degenerate, nonsensical strings (e.g.,
“line ending line ending line ending”), which hap-
pen to minimize embedding distance to a specific
database item. When trained with both grounded-
ness and alignment, collapse occurs even faster, as
the policy simply repeats paraphrases of the orig-
inal query, trivially maximizing alignment while
ignoring semantic dispersion. By contrast, jointly
optimizing groundedness, alignment, and diver-
sity prevents such collapse and yields stable GRPO
training.

Figures 4 (d-f) further illustrate how reward
weighting affects training dynamics. When
groundedness dominates, diversity increases but
alignment degrades, indicating an overemphasis
on database proximity at the expense of semantic
fidelity. Conversely, emphasizing alignment and
diversity suppresses exploration, limiting cover-
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Figure 4 | Reward & Scores over Time (FOLM Training) for Open-Ended Abstract Retrieval.

age across alternative interpretations or intents.
A balanced weighting yields stable convergence of
all three scores, highlighting an inherent trade-off
between exploration and semantic fidelity. To-
gether, these results show that diversity and align-
ment act as mutual counter-anchors, forcing the
policy into a balanced region of the reward land-
scape where shortcut solutions are ineffective and
high reward can only be achieved by generating
meaningful, database-grounded sub-query varia-
tions.

Set Retrieval Behavior. Table 2 reveals a clear
trade-off between reference-based coverage and
diversity across retrieval paradigms. Among LLM-
based methods, higher Recall@5K and Hit@5K
are often accompanied by lower Vendi Scores,
indicating that autoregressive fan-out tends to
concentrate retrieval around a small number of
dominant semantic modes when optimized for
reference overlap. This behavior is consistent
with recent findings on the use RL for language
models, which show that stronger reward opti-
mization typically reduces output entropy and

encourages mode collapse (Cui et al., 2025). By
contrast, zero-shot LLM baselines and diffusion-
based retrieval exhibit higher diversity, reflecting
broader exploration of the semantic space across
inference runs.

Importantly, lower recall in these cases does not
necessarily imply lower retrieval quality. The ref-
erence sets do not reflect an “exhaustive ground”
truth, but rather represent only just one (of po-
tentially many) plausible realization of the query
intent. Greater diversity therefore suggests that
the model may be uncovering alternative, equally
valid interpretations that are not captured by the
reference items. R4T shifts this trade-off in a
favorable direction. While R4T-FOLM improves
reference coverage at the cost of reduced diver-
sity, R4T-Diffusion preserves much of the diversity
inherent to diffusion-based generation while sub-
stantially improving coverage. This indicates that
distilling reward-aligned behaviors into a diffu-
sion prior offers a practical way to balance cover-
age and semantic richness for set-valued retrieval
under weak supervision.
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3.3. Qualitative Example

Figure 3 and Figure 6 show qualitative results
from the OAR task on Polyvore for two broad
queries, “Bohemian festival style” and “Labor day
picnic outfit”. These examples illustrate how the
joint use of groundedness, alignment, and diver-
sity rewards guides R4T to produce meaning-
ful and varied sub-query decompositions. For
the Bohemian festival style query, R4T generates
sub-queries that branch into distinct thematic di-
rections such as “bohemian festival dress”, “straw
boots festival style”, and “lace bohemian festival”.
Each sub-query retrieves a visually coherent yet
semantically distinct group of items, indicating
strong diversity while remaining consistent with
the overall style. In contrast, baseline models
such as Qwen-4B often produce near-synonymous
variations of the same expression, for example
“bohemian festival style” and “bohemian festival
fashion”, which leads to more homogeneous re-
trieval results. A similar trend is observed for the
“Labor day picnic outfit” query. R4T decomposes
the query into complementary facets such as bo-
hemian, minimalist, and jumpsuit styles, retriev-
ing outfits that differ in silhouette, color palette,
and accessory choices while remaining appropri-
ate for the seasonal picnic context. Gemini-2.5-
Flash, although capable of generating syntacti-
cally diverse sub-queries, tends to retrieve sets
that are more uniform and exhibit limited seman-
tic coverage.

Overall, these qualitative results highlight the
role of the three reward components in shap-
ing retrieval behavior. Groundedness encourages
each sub-query to correspond to real items in the
database, alignment preserves consistency with
the original query intent, and diversity promotes
exploration of multiple valid interpretations. To-
gether, these objectives allow R4T to generate rich
query decompositions that translate into diverse
and relevant retrieval.

3.4. Efficiency Analysis

To evaluate inference-time efficiency, we bench-
mark the latency of query fan-out for R4T against
autoregressive LLM-based fan-out baselines. We
compare a diffusion-based retriever that gener-

Query Fan-out Efficiency
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=®- Diffusion
25
40 | 5,
15
0 30 1.0
[}
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F 20
0.0
816 32 64
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N _ /
0|"® 2 < < *
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Figure 5 | Efficiency comparison between Au-
toregressive LLM and Diffusion Model for
query fan-out (k = 10). Note that the x-axis fol-
lows a logarithmic scale (doubling at each step).
The Diffusion Model demonstrates superior scala-
bility and lower latency, maintaining sub-second
performance for small batches and achieving an
order-of-magnitude speedup at larger batch sizes.

ates all k = 10 retrieval directions in a single
forward pass with autoregressive models that se-
quentially generate sub-queries and invoke re-
trieval. Wall-clock latency is measured across
varying batch sizes.

Figure 5 illustrates the wall-clock time required
for fan-out generation. The autoregressive LLM is
dominated by high constant overheads at smaller
batch sizes, taking approximately 1.46 seconds
even for a batch of 8, before scaling linearly to
nearly 50 seconds at a batch size of 1024. In
contrast, our diffusion model, containing only
53.9M parameters, leverages non-autoregressive
generation in the embedding space to process the
small batch in just 0.07 seconds and the largest
batch in 4.21 seconds. This compact architecture
drastically reduces deployment memory overhead
while delivering a consistent 12x-20x speedup
, confirming that transforming the fan-out bur-
den from a heavy autoregressive System 2 to a
lightweight System 1 diffusion prior is essential
for practical, real-time retrieval applications.
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4. Related Work

Generative Retrieval. Recent work has ex-
plored formulating retrieval as a generation task.
DSI (Tay et al., 2022) trains sequence-to-sequence
models to generate document identifiers (docids)
directly from queries, treating the entire cor-
pus as model memory. NCI (Wang et al., 2022)
extends this with improved indexing strategies,
while SEAL (Bevilacqua et al., 2022) generates
n-grams for passage retrieval. More recent work
has explored semantic identifiers (Li et al., 2023),
learning to rank in generative retrieval (Li et al.,
2024), and scalable approaches for large cor-
pora (Pradeep et al., 2023; Zeng et al., 2024).
Our work differs by generating in embedding
space rather than discrete token space, enabling
smoother interpolation and multimodal retrieval.
Unlike prior generative retrieval systems that re-
quire extensive human-labeled supervision, we
synthesize training data through RL.

Query Expansion and Reformulation. Query
expansion has a long history in information re-
trieval (Azad and Deepak, 2019; Carpineto and
Romano, 2012), with classic techniques includ-
ing pseudo-relevance feedback (Rocchio, 1971)
and term co-occurrence analysis. Modern ap-
proaches leverage neural language models for
query reformulation (Nogueira et al., 2019), with
recent work exploring LLM-based query genera-
tion (Ma et al., 2023) and multi-query decompo-
sition for complex information needs. However,
these methods typically operate in a two-stage
retrieve-then-rerank pipeline and do not explic-
itly ground expansions in the target database.
Our fan-out approach differs by training query
expansion to optimize database-specific retrieval
properties through reinforcement learning.

Reinforcement Learning for Retrieval. Recent
work has begun applying RL to information re-
trieval tasks. DeepRetrieval (Jiang et al., 2025a)
and s3 (Jiang et al., 2025c¢) use RL to train search
agents that interact with real search engines,
demonstrating that reward-driven optimization
can encode fine-grained retrieval objectives. Zhou
et al. (2023) explores RL from relevance feedback
for generative retrieval. However, these meth-
ods use RL for direct inference, incurring high

computational costs at query time. We instead
use RL as a data generation engine, amortizing
the cost across inference queries by synthesizing
training data once and then deploying an efficient
diffusion-based retriever.

Diffusion Models for Retrieval. Diffusion proba-
bilistic models (Ho et al., 2020; Song et al., 2020)
have shown strong performance in generative
modeling across multiple domains. Recent work
has adapted diffusion models to retrieval tasks.
Diff4Steer (Bao et al., 2025) applies diffusion
priors to music retrieval with semantic guidance,
while GDRetriever (Guinot et al., 2025) devel-
ops controllable generative text-music retrieval.
These works demonstrate that sampling in em-
bedding space enables flexible multi-hypothesis
generation. Our work extends this paradigm by
addressing the training data bottleneck: rather
than relying on human supervision, we synthe-
size property-aligned training data through RL-
guided generation.

Synthetic Data Generation. Synthetic data gen-
eration has emerged as a powerful technique
for addressing data scarcity and privacy con-
cerns in machine learning (Goyal and Mahmoud,
2024; Lu et al., 2023). Techniques range from
rule-based systems to deep generative models
including GANs (Goodfellow et al., 2014) and
VAEs (Kingma and Welling, 2013). Recent work
has explored using LLMs to generate training data
for various tasks (Chen et al., 2023), including in-
struction tuning and task-specific fine-tuning. In
retrieval, synthetic queries have been generated
for training dense retrievers (Ma et al., 2021), but
typically without property-specific control. Our
work uniquely combines RL-based data synthe-
sis with diffusion-based retrieval, enabling con-
trollable generation of property-aligned training
pairs.

Multimodal Retrieval. Cross-modal retrieval sys-
tems (Wang et al., 2025) aim to bridge semantic
gaps between different modalities such as text,
images, and audio. Vision-language models like
CLIP (Radford et al., 2021) and CLAP (Wu et al.,
2023) learn joint embedding spaces for retrieval.
Recent work has explored generative approaches
for multimodal retrieval (Wu et al., 2024), in-
cluding retrieval-augmented generation for mul-

11



Efficient, Property-Aligned Fan-Out Retrieval via RL-Compiled Diffusion

timodal tasks. Our framework operates on top
of frozen multimodal encoders, demonstrating
that RL-guided data synthesis can enhance re-
trieval across modalities without modifying the
underlying embedding space.

5. Conclusion

We present R4T, a reinforcement learning-based
framework for synthesizing training data for gen-
erative retrieval. By training a fan-out language
model with property-specific rewards and using
it to generate supervision for a diffusion-based
retriever, we enable controllable fan-out retrieval
without human-labeled data. Experiments on
fashion product benchmark demonstrate that R4T
outperforms strong baselines while maintaining
efficient inference. Our work opens new direc-
tions for training generative retrieval systems in
specialized domains where supervision is scarce.
Limitations are discussed in Appendix A.

Impact Statement

This work addresses the growing gap between
increasingly rich retrieval objectives and the lim-
ited supervision available to train efficient re-
trieval systems under those objectives. By us-
ing reinforcement learning as an objective trans-
ducer and compiling the resulting behaviors into
a lightweight diffusion-based retriever, R4T en-
ables controllable, set-valued retrieval without
requiring human-labeled data. This design has
several potential positive impacts.

From a systems perspective, R4T provides a
practical pathway for deploying retrieval mod-
els that optimize higher-order properties such as
diversity, coverage, and complementarity while
maintaining low inference latency. This is partic-
ularly relevant for real-world applications where
fan-out retrieval is desirable but autoregressive
generation is prohibitively expensive, including
recommendation systems, creative search, and
exploratory information access. By separating
reward-driven discovery from inference-time de-
ployment, our framework supports scalable and
customizable retrieval without repeated online
optimization.

From a research perspective, this work con-
tributes a general paradigm for transforming non-
decomposable, set-level objectives into trainable
supervision. The idea of using RL to synthesize
objective-aligned training data may extend be-
yond retrieval to other structured generation
tasks where ground truth is ambiguous or sub-
jective, such as planning, design, and creative
generation. We hope this encourages further ex-
ploration of compiled approaches that combine
interactive learning with efficient generative mod-
els.

Ethical Considerations and Societal Impact. Be-
cause retrieval behaviors are shaped by explicitly
designed reward functions, careless reward spec-
ification could encode or amplify biases present
in training data, potentially leading to unfair rep-
resentation in applications like recommendation
systems or content discovery. The RL-based syn-
thesis approach may propagate such biases at
scale through synthetic training data. While our
experiments focus on benign domains (fashion,
music), the same techniques could be applied
to sensitive contexts where retrieval biases may
have significant consequences. Responsible de-
ployment requires domain-specific bias audits,
inclusive design practices, and appropriate over-
sight mechanisms. We view R4T as a tool for
controlled retrieval design that must be accom-
panied by safeguards rather than a substitute for
human judgment and ethical oversight.

References

H. K. Azad and A. Deepak. Query expansion
techniques for information retrieval: a survey.
Information Processing & Management, 56(5):
1698-1735, 2019.

X. Bao, J. Y. Li, Z. Y. Wan, K. Su, T. Denk, J. Lee,
D. Kuzmin, and F. Sha. Diff4steer: Steerable
diffusion prior for generative music retrieval
with semantic guidance. In ICASSP 2025-
2025 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), pages
1-5. IEEE, 2025.

P. Becker, N. Freymuth, S. Thilges, F. Otto, and
G. Neumann. Troll: Trust regions improve rein-

12



Efficient, Property-Aligned Fan-Out Retrieval via RL-Compiled Diffusion

forcement learning for large language models.
arXiv preprint arXiv:2510.03817, 2025.

M. Bevilacqua, G. Ottaviano, P. Lewis, S. Yih,
S. Riedel, and F. Petroni. Autoregressive search
engines: Generating substrings as document
identifiers. Advances in Neural Information Pro-
cessing Systems, 35:31668-31683, 2022.

C. Carpineto and G. Romano. A survey of auto-
matic query expansion in information retrieval.
ACM Computing Surveys, 44(1):1-50, 2012.

J. Chen, L. Chen, H. Huang, and T. Zhou. When
do you need chain-of-thought prompting for
chatgpt? arXiv preprint arXiv:2304.03262,
2023.

G. Comanici, E. Bieber, M. Schaekermann, I. Pa-
supat, N. Sachdeva, I. Dhillon, M. Blistein,
O. Ram, D. Zhang, E. Rosen, et al. Gemini
2.5: Pushing the frontier with advanced rea-
soning, multimodality, long context, and next
generation agentic capabilities. arXiv preprint
arXiv:2507.06261, 2025.

G. Cui, Y. Zhang, J. Chen, L. Yuan, Z. Wang,
Y. Zuo, H. Li, Y. Fan, H. Chen, W. Chen, et al.
The entropy mechanism of reinforcement learn-
ing for reasoning language models. arXiv
preprint arXiv:2505.22617, 2025.

R. Deffayet, T. Thonet, J.-M. Renders, and
M. de Rijke. Generative slate recommenda-
tion with reinforcement learning. In Proceed-
ings of the Sixteenth ACM International Confer-
ence on Web Search and Data Mining, WSDM
23, page 580-588. ACM, Feb. 2023. doi:

10.1145/3539597.3570412. URL http://dx.

doi.org/10.1145/3539597.3570412.

D. Friedman and A. B. Dieng. The vendi score: A
diversity evaluation metric for machine learn-
ing. arXiv preprint arXiv:2210.02410, 2022.

L. J. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu,
D. Warde-Farley, S. Ozair, A. Courville, and
Y. Bengio. Generative adversarial nets. Ad-
vances in neural information processing systems,
27, 2014.

M. Goyal and Q. H. Mahmoud. A systematic re-
view of synthetic data generation techniques

using generative ai. Electronics, 13(17):3509,
2024.

J. Guinot, E. Quinton, and G. Fazekas. Gd-
retriever: Controllable generative text-music
retrieval with diffusion models. arXiv preprint
arXiv:2506.17886, 2025.

X. Han, Z. Wu, Y.-G. Jiang, and L. S. Davis. Learn-
ing fashion compatibility with bidirectional
Istms. In Proceedings of the 25th ACM inter-
national conference on Multimedia, pages 1078-
1086, 2017.

J. Ho and T. Salimans. Classifier-free diffusion
guidance. arXiv preprint arXiv:2207.12598,
2022.

J. Ho, A. Jain, and P. Abbeel. Denoising diffu-
sion probabilistic models. Advances in neural
information processing systems, 33:6840-6851,
2020.

Q. Huang, A. Jansen, J. Lee, R. Ganti, J. Y. Li, and
D. P. Ellis. Mulan: A joint embedding of music
audio and natural language. arXiv preprint
arXiv:2208.12415, 2022.

P. Jiang, J. Lin, L. Cao, R. Tian, S. Kang, Z. Wang,
J. Sun, and J. Han. Deepretrieval: Hacking
real search engines and retrievers with large
language models via reinforcement learning.
arXiv preprint arXiv:2503.00223, 2025a.

P. Jiang, J. Lin, Z. Shi, Z. Wang, L. He, Y. Wu,
M. Zhong, P. Song, Q. Zhang, H. Wang,
et al. Adaptation of agentic ai. arXiv preprint
arXiv:2512.16301, 2025b.

P. Jiang, X. Xu, J. Lin, J. Xiao, Z. Wang, J. Sun,
and J. Han. s3: You don’t need that much data
to train a search agent via rl. arXiv preprint
arXiv:2505.14146, 2025c.

T. Karras, M. Aittala, T. Aila, and S. Laine. Elu-
cidating the design space of diffusion-based
generative models. Advances in neural infor-
mation processing systems, 35:26565-26577,
2022.

D. P. Kingma and M. Welling. Auto-encoding vari-
ational bayes. arXiv preprint arXiv:1312.6114,
2013.

13


http://dx.doi.org/10.1145/3539597.3570412
http://dx.doi.org/10.1145/3539597.3570412

Efficient, Property-Aligned Fan-Out Retrieval via RL-Compiled Diffusion

A. Kusupati, G. Bhatt, A. Rege, M. Wallingford,
A. Sinha, V. Ramanujan, W. Howard-Snyder,
K. Chen, S. Kakade, P. Jain, et al. Matryoshka
representation learning. Advances in Neural In-
formation Processing Systems, 35:30233-30249,
2022.

Y. Li, N. Yang, L. Wang, F. Wei, and W. Li. Multi-
view identifiers enhanced generative retrieval.
arXiv preprint arXiv:2305.16675, 2023.

Y. Li, N. Yang, .. Wang, F. Wei, and W. Li. Learning
to rank in generative retrieval. In Proceedings
of the AAAI Conference on Artificial Intelligence,
volume 38, pages 8716-8723, 2024.

C. Liang, D. Huang, C. Yang, X. Yang, A. Li, X. Yan,
and Simply Contributors. Simply: an experi-
ment to accelerate and automate Al research.
GitHub repository, 2025. URL https://
github.com/google-deepmind/simply.

Y. Lu, M. Shen, H. Wang, X. Wang, C. van Rechem,
T. Fu, and W. Wei. Machine learning for syn-
thetic data generation: a review. arXiv preprint
arXiv:2302.04062, 2023.

J. Ma, 1. Korotkov, Y. Yang, K. Hall, and R. Mc-
Donald. Zero-shot neural passage retrieval via
domain-targeted synthetic question generation.
In Proceedings of the 16th Conference of the Eu-
ropean Chapter of the Association for Computa-
tional Linguistics: Main Volume, pages 1075-
1088, 2021.

X. Ma, Y. Gong, P. He, H. Zhao, and
N. Duan. Query rewriting for retrieval-
augmented large language models. arXiv
preprint arXiv:2305.14283, 2023.

R. Nogueira, W. Yang, J. Lin, and K. Cho. Docu-
ment expansion by query prediction. In arXiv
preprint arXiv:1904.08375, 2019.

W. Peebles and S. Xie. Scalable diffusion mod-
els with transformers, 2023. URL https:
//arxiv.org/abs/2212.09748.

R. Pradeep, K. Hui, J. Gupta, A. Lelkes, H. Zhuang,
J. Lin, D. Metzler, and V. Tran. How does gener-
ative retrieval scale to millions of passages? In
Proceedings of the 2023 Conference on Empirical

Methods in Natural Language Processing, pages
1305-1321, 2023.

A. Radford, J. W. Kim, C. Hallacy, A. Ramesh,
G. Goh, S. Agarwal, G. Sastry, A. Askell,
P. Mishkin, J. Clark, et al. Learning transferable
visual models from natural language supervi-
sion. In International conference on machine
learning, pages 8748-8763. PmLR, 2021.

J. J. Rocchio. Relevance feedback in information
retrieval. The SMART Retrieval System: Experi-
ments in Automatic Document Processing, pages
313-323, 1971.

Y. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar,
S. Ermon, and B. Poole. Score-based genera-
tive modeling through stochastic differential
equations. arXiv preprint arXiv:2011.13456,
2020.

Y. Tay, V. Tran, M. Dehghani, J. Ni, D. Bahri,
H. Mehta, Z. Qin, K. Hui, Z. Zhao, J. Gupta,
et al. Transformer memory as a differentiable
search index. Advances in Neural Information
Processing Systems, 35:21831-21843, 2022.

G. Team, A. Kamath, J. Ferret, S. Pathak, N. Vieil-
lard, R. Merhej, S. Perrin, T. Matejovicova,
A. Ramé, M. Riviére, et al. Gemma 3 tech-
nical report. arXiv preprint arXiv:2503.19786,
2025.

F. Tomasi, F. Fabbri, J. Carter, E. Kalomiris, M. Lal-
mas, and Z. Dai. Prompt-to-slate: Diffusion
models for prompt-conditioned slate genera-
tion, 2025. URL https://arxiv.org/abs/
2408.06883.

T. Wang, F. Li, L. Zhu, J. Li, Z. Zhang, and H. T.
Shen. Cross-modal retrieval: a systematic re-

view of methods and future directions. Proceed-
ings of the IEEE, 2025.

Y. Wang, Y. Hou, H. Wang, Z. Miao, S. Wu,
Q. Chen, Y. Xia, C. Chi, G. Zhao, Z. Liu, et al. A
neural corpus indexer for document retrieval.
Advances in Neural Information Processing Sys-
tems, 35:25600-25614, 2022.

S. Wu, W. Wei, M. Zhang, Z. Chen, J. Ma, Z. Ren,
M. de Rijke, and P. Ren. Generative retrieval
as multi-vector dense retrieval. In Proceedings

14


https://github.com/google-deepmind/simply
https://github.com/google-deepmind/simply
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2408.06883
https://arxiv.org/abs/2408.06883

Efficient, Property-Aligned Fan-Out Retrieval via RL-Compiled Diffusion

of the 47th International ACM SIGIR Conference
on Research and Development in Information
Retrieval, pages 1828-1838, 2024.

Y. Wu, K. Chen, T. Zhang, Y. Hui, T. Berg-
Kirkpatrick, and S. Dubnov. Large-scale con-
trastive language-audio pretraining with fea-
ture fusion and keyword-to-caption augmenta-
tion. In ICASSP 2023-2023 IEEE International
Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP), pages 1-5. IEEE, 2023.

A. Yang, A. Li, B. Yang, B. Zhang, B. Hui,
B. Zheng, B. Yu, C. Gao, C. Huang, C. Ly,
et al. Qwen3 technical report. arXiv preprint
arXiv:2505.09388, 2025.

H. Zeng, C. Luo, B. Jin, S. M. Sarwar, T. Wei, and
H. Zamani. Scalable and effective generative
information retrieval. In Proceedings of the ACM
Web Conference 2024, pages 1441-1452, 2024.

K. Zhang, Y. Zuo, B. He, Y. Sun, R. Liu, C. Jiang,
Y. Fan, K. Tian, G. Jia, P. Li, et al. A survey of re-
inforcement learning for large reasoning mod-
els. arXiv preprint arXiv:2509.08827, 2025a.

Y. Zhang, Y. Liu, H. Yuan, Y. Yuan, Q. Gu, and
A. C.-C. Yao. On the design of kl-regularized
policy gradient algorithms for llm reasoning.
arXiv preprint arXiv:2505.17508, 2025b.

L. Zheng, W.-L. Chiang, Y. Sheng, S. Zhuang,
Z. Wu, Y. Zhuang, Z. Lin, Z. Li, D. Li, E. Xing,
et al. Judging llm-as-a-judge with mt-bench
and chatbot arena. Advances in neural infor-
mation processing systems, 36:46595-46623,
2023.

Y. Zhou, Z. Dou, and J.-R. Wen. Enhancing gen-
erative retrieval with reinforcement learning
from relevance feedback. In Proceedings of the
2023 Conference on Empirical Methods in Natu-
ral Language Processing, pages 12481-12490,
2023.

15



Efficient, Property-Aligned Fan-Out Retrieval via RL-Compiled Diffusion

A. Limitations

Despite its effectiveness, R4T has several limita-
tions that suggest directions for future work.

First, the reinforcement learning stage requires
repeated interaction with a frozen retriever and
explicit reward computation. While this cost is
amortized at deployment time, the upfront train-
ing overhead may be substantial for extremely
large or frequently changing databases. Future
work could explore more sample-efficient RL
methods, partial retriever updates, or offline ap-
proximations to reduce this cost.

Second, R4T assumes that desired retrieval
properties can be reasonably expressed as explicit
reward functions. Although we show that combin-
ing groundedness, alignment, and diversity yields
stable behavior, some user preferences, such as
subjective notions of creativity, novelty, or cul-
tural sensitivity, may be difficult to encode in
scalar rewards. Learning reward functions from
user feedback or preference data is a promising
direction to address this limitation.

Third, our evaluation relies in part on LLM-as-
a-Judge for assessing open-ended retrieval qual-
ity. While prior work suggests strong correlation
with human judgments, such evaluations may
still introduce biases inherited from the judge
model and may not fully capture all qualitative
aspects of retrieval usefulness. Incorporating hu-
man evaluation or hybrid evaluation protocols
would strengthen future studies.

Finally, our instantiation of R4T focuses on a
specific fan-out architecture and diffusion-based
retriever. Although the framework is general, em-
pirical results may depend on the choice of base
language model, embedding space, and diffusion
architecture. Extending R4T to other retrieval
backbones, modalities, and task settings remains
an open area for exploration.

Overall, we view R4T as an initial step toward
scalable training of set-valued retrieval systems
under complex objectives, rather than a complete
solution to all forms of controllable retrieval.

B. Evaluation Metrics

B.1. LLM-as-a-Judge Evaluation

For Open-Ended Abstract Retrieval (OAR), re-
trieval quality is defined by set-level properties
that do not admit unique ground-truth targets.
We therefore adopt LLM-as-a-Judge evaluation
using Gemini-2.5-Flash, which supports multi-
modal inputs (text, images, and audio). This
evaluation paradigm has been shown to correlate
well with human judgments for retrieval quality
assessment (Zheng et al., 2023).

We evaluate three dimensions:

1. Collection Diversity: The degree to which
retrieved collections span distinct semantic
interpretations of the broad query.

2. Query-Collection Alignment: How well the
retrieved collections collectively reflect the
intent of the original query.

3. Groundedness: How accurately each re-
trieved collection corresponds to its generat-
ing sub-query.

For each dimension, the LLM judge assigns a
score on a 5-point Likert scale (1=Poor, 2=Fair,
3=Good, 4=Very Good, 5=Excellent), along with
a brief justification. To reduce evaluation bias, we
randomize item order, apply explicit evaluation
criteria, require explanations for each score, and
avoid any mention of the retrieval method in the
prompts. Complete prompt templates are pro-
vided in Appendix E.

B.2. WSCR Metrics

For Weakly Supervised Compositional Retrieval
(WSCR), we evaluate retrieval quality using
reference-based coverage metrics and a diversity
measure. Each query is associated with a refer-
ence item set that represents one plausible realiza-
tion of the intended semantics, rather than an ex-
haustive or uniquely correct target. Accordingly,
recall-based metrics are interpreted as proxies for
semantic coverage rather than strict correctness.

Recall@5K. Recall@5K measures the fraction
of reference items retrieved within the candidate

16



Efficient, Property-Aligned Fan-Out Retrieval via RL-Compiled Diffusion

pool. We retrieve 500 candidates for each of the
k = 10 sub-queries (or generated embeddings),
yielding a pool of 5,000 items per inference pass.

Hit@5K. Hit@5K measures the percentage of
queries for which at least one reference item ap-
pears in the retrieved candidate pool, capturing
whether any semantic facet of the reference real-
ization is recovered.

Vendi Score. To assess diversity and generation
stability, we perform N = 5 independent inference
runs per query. For each run, we compute a repre-
sentative embedding by averaging the constituent
sub-query embeddings. The Vendi Score (Fried-
man and Dieng, 2022) is computed across these
embeddings to quantify semantic variance across
runs.

C. Broad Query Generation

To evaluate R4T across diverse retrieval regimes,
we construct two types of synthetic broad queries
corresponding to the two tasks studied in this pa-
per: (1) Open-Ended Abstract Retrieval (OAR)
and (2) Weakly Supervised Compositional Re-
trieval (WSCR). This appendix describes the
query construction procedures used for each task.

C.1. OAR: Broad Query Generation

Broad queries for OAR are open-ended, ex-
ploratory textual prompts that describe general
themes, styles, or scenarios without specifying
concrete items. These queries are designed to
elicit diverse, collection-level retrieval outputs
that admit multiple valid interpretations, consis-
tent with the absence of ground-truth supervision
in OAR.

We adopt a multi-template generation strategy
to ensure broad coverage of semantic intents and
query styles. Queries are generated using a large
language model with diverse prompt templates
targeting different aspects of abstraction, includ-
ing: aesthetic themes (e.g., “bohemian festival
style”), activity-based scenarios (e.g., “weekend
brunch outfit”), seasonal contexts (e.g., “summer

vacation vibes”), lifestyle identities (e.g., “sustain-
able living”), mood expressions (e.g., “confident
and bold”), cultural trends (e.g., “cottagecore
aesthetic”), functional needs (e.g., “travel essen-
tials”), and hybrid combinations (e.g., “vintage
meets modern”).

Broad Query Generation Prompt for
OAR

System: You are a creative query generator for
a retrieval system.

User: Generate 100 diverse, creative broad
queries for a fashion/music retrieval system.
Each query should be 2-6 words describing a
general theme, aesthetic, or scenario.
Requirements:

* Queries should be open-ended and ex-
ploratory

* Focus on high-level themes rather than
specific items

* Use natural, conversational language

* Avoid brand names or concrete product
references

* Each query should admit multiple valid
interpretations

Return only a JSON array of query strings.

. J

After generation and deduplication, we obtain
43,874 unique broad queries for the OAR task.
These queries are randomly split into train/val-
idation/test sets with an 8:1:1 ratio. For each
query, we generate training supervision using the
Fan-Out Language Model (FOLM) with tempera-
ture 0.9 and a sample size of 128 to synthesize
targets for diffusion model training.

C.2. Broad Query Generation for WSCR

Broad queries for WSCR are constructed in a fun-
damentally different manner from OAR. Instead
of being generated independently, each WSCR
query is derived from an existing item set and
serves as a weak, reference-based description of
one plausible compositional realization of a user
intent.

Concretely, we start from curated item sets
(e.g., outfits in Polyvore), each consisting of multi-
ple complementary items. Given the item names
within a set, we prompt a large language model
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to generate a concise, outfit-level query that cap-
tures the overall style, aesthetic, or occasion of the
set, without enumerating individual items. The
resulting query functions as a high-level semantic
abstraction of the item composition, rather than
a uniquely correct label.

This process yields pairs of the form (q,Y),
where ¢ is a broad query and Y is one plau-
sible reference item set. Importantly, Y is not
treated as ground truth: many alternative item
sets may equally satisfy the semantics of q. These
query-set pairs therefore constitute weak super-
vision suitable for WSCR.

WSCR: Broad Query Generation from
Item Set

System: You are a query generator for outfit-
level retrieval.

User: Given the following fashion items in
an outfit, generate a broad outfit-level search
query that describes the overall style or theme
of the outfit.

The query should be:

* 2-8 words

* Broad and general (do not list specific
item details)

* Focused on overall style, aesthetic, or oc-
casion

* Suitable for searching for similar outfits

Items:

- [item name 1]
- [item name 2]

Return only the query text.

Training and Test Set Augmentation.

WSCR: Item-Set Augmentation and
Query Generation

System: You are an outfit composer and query
generator.

User: Given a list of fashion items, select mul-
tiple sets of exactly 10 items each. Each set
should form a coherent outfit with a distinct
style. For each set, generate a broad outfit-
level query (2-8 words) describing the overall
style or occasion.

Constraints:

* FEach set must contain exactly 10 items

* Sets should differ in style or occasion

* Queries should be broad and not enumer-
ate item details

Return the selected item indices and the corre-
sponding queries in a structured format.

To increase coverage and reduce overfitting to
specific reference realizations, we further aug-
ment the WSCR data using structured item-set
recomposition guided by a language model.

* Training-set augmentation. For each origi-
nal item set, we construct a candidate pool
of 50 items consisting of the original set
plus randomly sampled items from the global
item pool. A language model is prompted
in a single call to select multiple (8) distinct
subsets of 10 items, each forming a coherent
outfit with a different style. For each subset,
a corresponding broad query is generated.

* Test-set augmentation. For each test item
set, we sample multiple seed subsets contain-
ing 3-60% of the original items. For each
seed, a language model selects additional
items from a 30-item candidate pool to form
complete 10-item outfits, each accompanied
by a broad query. This procedure produces
multiple plausible compositional realizations
for a single query while preserving partial
overlap with the original set.

Across all splits, this procedure yields 84,704
unique broad queries for WSCR. The resulting
dataset is split into train/validation/test sets us-
ing an 8:1:1 ratio. As in OAR, diffusion model
training targets are generated by running the Fan-
Out Language Model (FOLM) with temperature
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0.9 and a sample size of 128 per query over the
training set.

Overall, this construction ensures that WSCR
evaluates retrieval under weak, reference-based
supervision, where success is measured by compo-
sitional coverage rather than exact set matching.

D. Query Fan-out Prompts

Query Fan-out for Open-Ended Abstract
Retrieval (OAR)

You are a Query Writer. Given a broad query,
your task is to create a list of queries which
are diverse but cover the same topic as the
broad query (better adding/changing one to
three words). These queries will be used to
search a fashion dataset.

You should show your thinking process in
<think> </think> tags. You MUST return
the final list of queries in JSON format in
<queries> </queries> tags.

For example:

<think>
[thinking process]
</think>
<queries>
L

"queryl",

nquery2n’

nquerysn,

(up to 10 queries)

]

</queries>

The broad query is:
<broad_query>
{broad_query}
</broad_query>

Query Fan-out for Weakly Supervised
Compositional Retrieval (WSCR)

You are a Query Writer. Your task is to create
a list of queries for a broad query given by
me to retrieve a set of items from a fashion
dataset to form an outfit.

You should show your thinking process in
<think> </think> tags. You MUST return
the final list of queries in JSON format in
<queries> </queries> tags.

For example:

<think>
[thinking process]
</think>
<queries>
[

“queryl",

uquery2u,

uquerysu,

(up to 10 queries)

]

</queries>.

The broad query is:
<broad_query>
{broad_query}
</broad_query>

E. LLM Judge Evaluation Prompts

In this section, we provide the detailed prompts
used for LLM-as-a-Judge evaluation. Our prompts
are carefully designed to minimize bias and max-
imize fairness through several strategies:

1. Randomization: Items are presented in ran-
dom order to avoid position bias

2. Objective Criteria: We provide clear, mea-
surable evaluation dimensions

3. Explanation Requirement: The judge must
provide reasoning for scores

4. Method Agnostic: No mention of retrieval
methods or systems

5. Calibration Examples: We include anchor
examples for score calibration

6. Structured Output: JSON format ensures
consistent score extraction
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OAR - Collection Diversity Evaluation

System Prompt:

semantic content, themes, and categories.

User Prompt:
Original Query: {query}

Evaluation Criteria:

the query well.

Response Format:

You are an expert evaluator assessing the diversity of retrieved content items. You will be shown a set of
items (product images or text descriptions) and asked to evaluate how diverse they are in terms of

Retrieved Items: [Images/text are presented in random order]

Please evaluate the diversity of this retrieved set on a scale of 1-5:

* 5 (Excellent): Excellent diversity. The set of [Image/audio] provides a comprehensive and creative
exploration of the query with minimal redundancy.
* 4 (Very Good): Strong variety. The [Image/audio] are mostly distinct and cover different facets of

* 3 (Good): Decent variety. The [Image/audio] explore several different ideas or aspects of the
query. Some overlap is present but acceptable. (This is the expected ’good’ result).

* 2 (Fair): Some repetition. The [Image/audio] show 2-3 distinct ideas, but many are redundant.

* 1 (Poor): Highly redundant. The [Image/audio] are all very similar, exploring only one idea.

{
"score": <1-5>,
"reasoning": "<brief explanation of your score>",
"categories_observed": ["<category 1>", "<category 2>", ...]
}

Important: Focus on semantic diversity, not visual or stylistic similarity. Consider whether the items
explore different facets or interpretations of the original query.

F. Implementation Details

Fan-Out LM (FOLM). We initialize the Fan-Out
LM using a standard instruction-tuned check-
point. Training utilizes the GRPO algorithm with
Soft-PPO regularization, where KL penalties are
applied directly to the per-token loss. The policy
is optimized to generate k sub-queries that max-
imize task-specific set-level rewards, including
diversity, groundedness, and alignment. We use
a learning rate of 1 x 10~7 and a global batch size
of 512. Training was conducted on a TPUv6e-16
Ghostlite Pod (consisting of 16 accelerator cores).

Supervision Synthesis. Following RL optimiza-
tion, we use the trained FOLM to synthesize
objective-consistent training pairs. For each query,
we generate 128 samples at a temperature of 0.9

to capture the reward-shaped distribution of fan-
out behaviors. This data generation stage was
performed on a TPUv6e-4 Ghostlite Pod (4 accel-
erator cores).

Diffusion Training. The diffusion model em-
ploys a Transformer backbone adapted for contin-
uous inputs, where the input is a concatenated se-
quence of target embeddings Z;grger € RE*?. The
model is trained to predict Z, directly using a Vari-
ance Exploding (VE) formulation within the EDM
framework. We utilize a Diffusion Transformer
with a hidden dimension of 1024 and an MLP
dimension of 1024, optimized with a warmup
cosine decay schedule over 10 x 10° steps. At in-
ference, the model generates L embeddings in a
single pass using a SDE solver for 256 steps, which
are then mapped to database contents via nearest-
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OAR - Query-Collection Alignment Evaluation

System Prompt:

You are an expert evaluator assessing how well a set of retrieved [Image/audio] *collectively*
aligns with an original query. User Prompt: You will be shown sub-queries and their representative
[Image/audio]. Please evaluate how well this entire set of [Image/audio] represents the original query.

User Prompt:
Original Query: {query}
Retrieved Items: [Images/audio are presented in random order]

Please evaluate the overall alignment of this [Image/audio] set to the Original Query on a scale of 1-5:

Evaluation Criteria:

* 5 (Excellent): Perfectly relevant. The set of [Image/audio] perfectly captures the full meaning
and intent of the original query.

* 4 (Very Good): Highly relevant. All [Image/audio] are clearly related to the query and capture its
intent well.

* 3 (Good): Relevant. The set of [Image/audio] clearly relates to the original query. Most images
are on-topic. (This is the expected 'good’ result).

* 2 (Fair): Weakly relevant. A few [Image/audio] relate to the query, but the set as a whole is
off-topic or misses the main idea.

* 1 (Poor): Mostly irrelevant. The set of [Image/audio], as a whole, does not seem related to the
original query.

Response Format:

{
"score": <1-5>,
"reasoning": "<brief explanation of your score>",
"relevant_items_count": <number>,
"total_items_count": <number>

+

Important: Judge the set as a whole. Do these [Image/audio] give you a good understanding of the
original query?

neighbor retrieval. This training was conducted
on a TPUv6e-16 Ghostlite Pod (16 accelerator
cores).

The specific parameters used for our experi-
ments are detailed in Table 3.
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Table 3 | Implementation Hyperparameters for

R4T.

Parameter

Value

Fan-Out LM (RL Training)

Optimizer

Learning Rate

Global Batch Size
Micro-batch Size
Grad. Accum. Steps
Max Seq. Length
Group Size (G)

Clip Epsilon (¢)
Forward KL Coeff. (1)
Reverse KL Coeff. (B5)
Reward Norm.
Advantage Est.

AdamW (B = 0.9, B = 0.95)

1x1077
512
64
8
1024
8
0.2
0.05
0.05
Group-Standardized
Group-Relative

Diffusion Training
Model Type

Seq. Length (L)
Embed. Dim (d)
Hidden Dim

MLP Dim

Heads

Layers

Dropout / Attn. Dropout
Optimizer
Schedule

Peak LR

Warmup Steps
Total Steps

Batch Size

EMA Decay
Scheme

Weighting

Noise Schedule
Range [0min, Omax]
Data Std (0gata)
Cond. Drop (pgrop)
CFG Strength
Steps

Coherent Transformer
12
128
1024
1024
16
6
0.1
Adam
Warmup Cosine Decay
3x1074
20,000
10 x 108
512
0.9999
Variance Exploding
EDM
Tangent
[104,80.0]
0.088
0.1
0.1
256
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OAR - Groundedness Evaluation

System Prompt:
You are an expert evaluator assessing how well a retrieved [Image/audio] matches its intermediate
sub-query.

User Prompt:

You will be shown sub-queries that were generated to retrieve items, along with the items actually
retrieved for each sub-query.

Sub-query 1: {subquery 1} Retrieved Item 1: [Image/audio]

Sub-query 2: {subquery 2} Retrieved Item 2: [Image/audio]

... [repeat for all k sub-queries]

For each sub-query and its retrieved item, evaluate the groundedness on a scale of 1-5:

Evaluation Criteria:

* 5 (Excellent): Perfect match. The [Image/audio] is a perfect, textbook example of its sub-query.

* 4 (Very Good): Strong match. The [Image/audio] clearly and specifically illustrates the sub-query’s
concept.

* 3 (Good): Good match. The [Image/audio] is a clear and reasonable example of its sub-query.
(This is the expected ’good’ result).

* 2 (Fair): Weakly related. The [Image/audio] is on the general topic (e.g., ‘schoolcore’) but fails to
show the sub-query’s specific concept (e.g., ‘velvet’).

* 1 (Poor): Total mismatch. The [Image/audio] is completely unrelated to its sub-query.

Response Format:

{
"per_subquery_scores": [
"subquery": "<subquery_text>",
"score": <1-5>,
"reasoning": "<brief explanation>"
3,
1,
"average_score": <1-5>
b

Important: You are NOT judging alignment to the original query. You are ONLY judging if the
[Image/audio] for ‘Sub-query 1’ matches ‘Sub-query 1’.
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Model

R4T

Sub Query
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outfit
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Figure 6 | Examples of generated subqueries and retrieved images from Polyvore dataset given a

broad query “Labor day picnic outfit” for the open-ended abstract retrieval task.
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