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Abstract
Generative Retrieval (GR) aims to directly gen-
erate document identifiers (DocIDs) without
external indices. We identify granularity col-
lapse: during training, GR models develop a
preference for generating DocIDs with a spe-
cific granularity, causing retrieval failures when
it differs from that of the target document’s
DocID. We propose to quantify this mismatch
using “isotropy” and confirm that retrieval ac-
curacy degrades as such granularity mismatch
increases. To address this, we propose Granu-
larity Routing for Generative Retrieval (GR2),
which trains multiple expert models special-
ized for different granularity levels and routes
each query to the appropriate expert. Experi-
ments on NQ320k demonstrate that GR2 im-
proves retrieval performance, with larger gains
on queries that suffer more from granularity
collapse.

1 Introduction

Generative Retrieval (GR) aims at a model-as-
index approach to address the storage and latency
bottlenecks of dense retrieval (Tay et al., 2022;
Bevilacqua et al., 2022). Specifically, GR encodes
information directly into model parameters and
eliminates the need for a separate vector index.
During pretraining, GR models learn to output the
Document Identifier (DocID) of a specific docu-
ment when given a relevant query. These DocIDs
usually consist of the document’s key terms, and re-
trieval performance depends heavily on how these
DocIDs are constructed. Therefore, previous re-
search has focused on creating robust DocIDs that
can handle diverse queries (Lee et al., 2023; Cheng
et al., 2025).

We argue that a single GR model has limited
capacity to learn DocIDs due to diverse granu-
larity of terms. Granularity describes the hierar-
chy of term specificity where superordinate terms
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Figure 1: Overview of GR2 inference. Given a query,
we first measure its intended granularity. Queries pre-
ferring coarse-grained DocIDs are routed to the coarse-
granularity expert, which generates DocIDs using broad
semantic tokens (e.g., “Space,” “Physics”). Queries
preferring fine-grained DocIDs are routed to the fine-
granularity expert, which generates DocIDs using spe-
cific tokens (e.g., “Schwarzschild,” “Event horizon”).
This routing mitigates granularity collapse by matching
query preferences to specialized experts.

are coarse-grained and subordinate terms are fine-
grained (Yan et al., 2011). For example, “radius
of a black hole” is broad, but “Schwarzschild
radius of a stellar black hole” is specific.
We find this mismatch is reflected in the DocIDs of
the two documents learned by GR models.

Our experiments show that standard training
causes the GR model to develop a preference for
one of two granularity levels per document. We
term this phenomenon granularity collapse. Dur-
ing indexing, each document is assigned a DocID
with a particular granularity. Some documents re-
ceive fine-grained DocIDs (e.g., “Schwarzschild ra-
dius”) while others receive coarse-grained DocIDs
(e.g., “Space Physics”). When a query is given,
the model attempts to generate a DocID with its
intended granularity. If this preferred granularity
differs from that of the ground-truth document’s
DocID, retrieval fails. For instance, if the model
prefers coarse-grained DocIDs but the target docu-
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ment has a fine-grained DocID, the model cannot
generate the correct identifier.

We quantify this phenomenon using isotropy as
a metric for granularity, motivated by prior work
showing that term specificity is encoded in embed-
ding geometry (Xypolopoulos et al., 2021; Wu and
Bruch, 2025). Our analysis confirms that retrieval
accuracy degrades as the granularity mismatch be-
tween query-generated and document-assigned Do-
cIDs increases.

To address this issue, we propose Granularity
Routing for Generative Retrieval (GR2). Since a
single model struggles to generate DocIDs across
all granularities (Xu et al., 2025), GR2 trains mul-
tiple expert models, each specialized for a spe-
cific granularity level. During training, each ex-
pert learns only the DocIDs corresponding to its as-
signed granularity (e.g., fine-grained expert, coarse-
grained expert).

Figure 1 illustrates an example of how GR2

uses the two expert models. Consider a docu-
ment about black holes. At the training time, the
coarse-granularity model assigns broad DocIDs
such as “Space” and “Physics” while the fine-
granularity model assigns specific DocIDs such
as “Schwarzschild” and “Event horizon.” During
inference, GR2 first measures the query’s preferred
granularity using isotropy. A coarse-grained query
like “What happens in space near massive objects?”
is routed to the coarse-granularity expert, whereas a
fine-grained query like “What is the Schwarzschild
radius of a stellar black hole?” is routed to the
fine-granularity expert.

Each expert then generates the final DocID using
tokens that match the query’s specificity level. This
architecture is efficient because it activates only a
single expert during inference and adds minimal
routing overhead.

Experimental results on the NQ320k dataset
show that GR2 mitigates the performance degra-
dation caused by granularity collapse and improves
Recall@1 by 2.0%p. Moreover, GR2 maintains
inference latency comparable to or faster than ex-
isting GR models, which validates the efficiency of
our routing strategy.

2 Related Work

2.1 Granularity

Queries vary in granularity from broad (e.g., cars)
to narrow (e.g., normocytic anemia) (Broder, 2002),
and retrieval systems should return results at the ap-

propriate level of specificity (Lalmas and Tombros,
2007). Recognizing this, granularity-aware ap-
proaches have been proposed: hierarchical meth-
ods such as DHR (Liu et al., 2021) and RAP-
TOR (Sarthi et al., 2024) organize documents at
multiple levels, while others advocate using sep-
arate models for different query types (Zhou and
Croft, 2007; Devapujula et al., 2019).

Recent work formalizes the “granularity
dilemma” (Xu et al., 2025): a single model
struggles to optimize for both fine-grained and
coarse-grained queries simultaneously. While this
challenge has been studied in dense retrieval, it
remains largely unexplored in generative retrieval,
where static document identifiers must serve
queries spanning the entire specificity spectrum.

2.2 Document Indexing in GR
Generative retrieval assigns each document a Do-
cID that the model learns to generate (Tay et al.,
2022). Early methods such as DSI (Tay et al., 2022)
and NCI (Wang et al., 2022) used static numeric
identifiers, while subsequent work introduced learn-
able assignments (Yang et al., 2023; Liu et al.,
2025; Zeng et al., 2024). Lexical approaches—DSI-
QG (Zhuang et al., 2022), GLEN (Lee et al., 2023),
TSGen (Zhang et al., 2024), and D2Gen (Cheng
et al., 2025)—leverage pretrained language model
knowledge; our method builds on this framework.

Despite these advances, DocIDs remain fixed
at indexing time and cannot adapt to test query
characteristics. Multiple DocID methods such as
ULTRON (Zhou et al., 2022), SEAL (Bevilacqua
et al., 2022), and MINDER (Li et al., 2023) assign
several identifiers per document, yet they do not
analyze which query properties require different
DocIDs.

2.3 Isotropy
Isotropy measures how uniformly representations
are distributed in the embedding space (Rudman
et al., 2022). Various metrics have been proposed,
including average pairwise cosine similarity (Cai
et al., 2021; Ethayarajh, 2019) and covariance-
based measures such as IsoScore (Rudman et al.,
2022). While some work suggests that isotropy
improves representation quality (Wang and Isola,
2020; Reif et al., 2019; Mu and Viswanath, 2018),
others argue that anisotropy can benefit down-
stream tasks (Kang et al., 2025; Rudman and Eick-
hoff, 2024).

In dense retrieval, the findings remain mixed:
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CosReg (Gao et al., 2019) improves performance
by enhancing isotropy, while HIL (Kim et al., 2024)
shows that both isotropic and anisotropic compo-
nents contribute to generalization. Despite this
growing interest, the role of isotropy in generative
retrieval remains unexplored.

3 Proposed Method: GR2

To identify and address the granularity collapse
problem in GR, we first propose a metric to mea-
sure granularity of DocIDs (Section 3.1). Based on
this granularity metric, we describe how GR2 trains
expert models for target granularity (Section 3.2)
and how to route queries effectively during infer-
ence (Section 3.3).

3.1 Quantifying Granularity by Isotropy
Inspired by findings that specific terms cluster
tightly while general terms spread across the vector
space (Xypolopoulos et al., 2021; Wu and Bruch,
2025), we propose using isotropy to measure the
uniformity of embedding distributions as a proxy
for granularity. Specifically, we posit that high
isotropy corresponds to coarse granularity, whereas
low isotropy corresponds to fine granularity.

3.1.1 Definition of Granularity Score
A primary challenge in applying isotropy directly
to DocID embeddings is the limited sample size.
Since DocIDs typically consist of only a few to-
kens, measuring isotropy from a single DocID is
unreliable due to high estimation variance (Rud-
man and Eickhoff, 2024).

To address this challenge, we generate multiple
DocIDs via beam search and measure the isotropy
of their combined token embeddings. For a query
q, we perform constrained beam search to generate
DocIDs from the existing document index, while
we use unconstrained beam search for a document
d. In both cases, we retain the top-K candidates
instead of selecting only the single most probable
sequence. Let eti ∈ RD denote the embedding of
the t-th token in the i-th DocID candidate, where
D is the embedding dimension and each DocID
consists of T tokens. We collect all token embed-
dings:

Ed = {eti : 1 ≤ i ≤ K, 1 ≤ t ≤ T} (1)

Subsequently, we compute the granularity score
S(d) based on the isotropy of these K × T token
embeddings using IsoScore (Rudman et al., 2022):

S(d) = IsoScore(Ed) (2)
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Figure 2: Performance decreases monotonically as the
granularity mismatch increases on both NQ320k (Re-
call@1) and MS MARCO (MRR@10), confirming that
granularity collapse degrades retrieval performance.

A score near 1 denotes high isotropy (coarse granu-
larity), while a score near 0 denotes high anisotropy
(fine granularity). Similarly, for a query q, we com-
pute S(q) by performing constrained beam search
over the existing document index to generate top-K
valid DocID candidates and collecting the embed-
dings of all K × T tokens from these candidates.
Note that S(q) uses constrained decoding over the
existing document index, while S(d) uses uncon-
strained decoding because document-side genera-
tion constructs the index itself, with no prior index
to constrain against.

3.1.2 Granularity Collapse in GR
Based on the granularity score, we formulate the
granularity mismatch G(q, d) to measure the dis-
crepancy between a query q and its ground-truth
document d.

G(q, d) =
∣∣(S(q)− S̄(q)

)
−
(
S(d)− S̄(d)

)∣∣
(3)

where S̄(q) and S̄(d) denote the mean granularity
scores over all queries and documents, respectively.

Figure 2 illustrates the retrieval performance of
GLEN on NQ320k (Kwiatkowski et al., 2019) and
MS MARCO (Bajaj et al., 2016) with respect to
this granularity mismatch. The results demonstrate
a monotonic decrease in both datasets as the mis-
match increases, indicating that even strong GR
models struggle when the granularities of the query
and document do not align. This implies that dur-
ing training, GR models implicitly overfit to a sin-
gle granularity, as each document is assigned only
one DocID that encodes a single granularity. We
term this phenomenon granularity collapse, as the
model’s capability to handle varying granularities
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is lost.

3.2 Training Expert Models for Target
Granularity

The empirical results in Section 3.1 demonstrate
that granularity mismatch directly degrades re-
trieval performance. Since a single model struggles
to generate DocIDs across all granularities, we train
multiple expert models, each specialized for a spe-
cific granularity level. To train such experts, we
need a method to generate DocIDs with controlled
granularity levels.

3.2.1 DocID Sampling with Target
Granularity

Following Mu and Viswanath (2018), we manipu-
late the token embedding space via principal com-
ponent analysis (PCA) to control the granularity of
generated DocIDs.

Using a pretrained indexing model, we gener-
ate a preliminary DocID for each document d in
the document collection D via beam search. We
construct matrix E ∈ R|D|·T×D by collecting all
token embeddings from these DocIDs with dupli-
cates, where each row corresponds to one token
embedding. Applying singular value decomposi-
tion (SVD) to the centered embedding matrix:

ET = U · Σ · V T (4)

The columns of U are the principal components,
ordered by decreasing variance.

As shown in Figure 3(a), we control granularity
by scaling the principal components of the vocab-
ulary embedding matrix Ev ∈ R|V |×D, where |V |
is the vocabulary size. Define the scaling matrix:

Λ = Diag(R,R, . . . , R︸ ︷︷ ︸
L terms

, 1, 1, . . . , 1︸ ︷︷ ︸
D−L terms

) (5)

where R is the scaling factor and L is the number of
top principal components to scale. The transformed
embedding matrix is:

E′
v = Ev · (UΛUT ) (6)

When R < 1, we compress the top principal
components, making embeddings more uniformly
distributed and yielding coarse-grained DocIDs.
Conversely, when R > 1, we expand the top prin-
cipal components, making embeddings more con-
centrated and yielding fine-grained DocIDs. We
then perform beam search in the transformed em-
bedding space to generate K DocID candidates per
document.

3.2.2 DocID Selection
DocID sampling generates K DocID candidates
per document with controlled granularity. However,
this process treats each document independently, so
a sampled DocID may be more closely associated
with other documents than with its intended target.

This issue becomes critical due to the con-
strained decoding mechanism in GR. During re-
trieval, the model generates tokens constrained
to existing DocIDs in the index. Even when the
query and ground-truth document remain the same,
changing other documents’ DocIDs can alter re-
trieval results. For example, as illustrated in Fig-
ure 3(b), suppose a query q with ground-truth doc-
ument d generates DocIDs with probabilities in
the order z1 > z2 > z3, and d is assigned z2 as
its DocID. If only z2 and z3 exist in the index, d
would rank first. However, if another document d′

is assigned z1 as its DocID, d is pushed to rank 2,
causing retrieval failure. Thus, selecting a DocID
for one document depends on the DocID choices
of other documents.

To address this, we simulate the retrieval process
on training queries and select DocIDs that maxi-
mize overall retrieval performance. By considering
competition among DocIDs during selection, we
can avoid assigning DocIDs that would block each
other at inference time. We use Recall@1 as the
optimization target, as it directly reflects competi-
tion among DocIDs: if another document’s DocID
ranks higher than the ground-truth, retrieval fails.

Relaxing to continuous optimization Selecting
one DocID from K candidates for each of |D| docu-
ments requires searching over K |D| possible assign-
ments. To make this tractable, we relax the discrete
selection to a continuous optimization problem. We
introduce a learnable score Ad,j ∈ R for each can-
didate zjd (the j-th candidate for document d), and
define the selection probability as:

P (d → zjd) =
exp(Ad,j/τ)∑K
k=1 exp(Ad,k/τ)

(7)

where τ is a temperature parameter.

Differentiable approximation of Recall@1 Re-
call@1 equals 1 if the ground-truth document is re-
trieved at rank 1, and 0 otherwise. To approximate
this with a differentiable function, we compute the
probability that the ground-truth is retrieved first.

For each query q with ground-truth document
dq, beam search yields a ranked list Lq =

43894



(a) DocID Sampling with Target Granularity

PCA Scaling

: Token Embeddings of DocIDs

Sampling 
DocIDs

(b) DocID Selection

DocID Sampling

DocID Selection

Model

Training

Inference

Low Isotropy
Model

High Isotropy
Model

(c) Training Procedure

Query 𝒒 → 𝒅

Case 1: 𝒅′ → 𝒛𝟏

Case 2: 𝒅′ ↛ 𝒛𝟏

𝒛𝟏 𝒛𝟐 𝒛𝟑

𝒛𝟏 𝒛𝟐 𝒛𝟑

Rank 1: 𝒅′

Rank 1: 𝒅

𝒅 → 𝒛𝟐

Model

Recall@1 = 0

Recall@1 = 1

𝑷(𝒅′ → 𝒛𝟏)
Maximizing

Recall@1

Decreasing

Figure 3: Overview of GR2. (a) DocID Sampling: We apply PCA to token embeddings to identify principal
components, then scale along these directions to control granularity and sample DocIDs with target characteristics.
(b) DocID Selection: For a query q with ground-truth d where d → z2, the model generates DocIDs with
probabilities z1 > z2 > z3. If another document d′ is assigned z1 (Case 1), d′ ranks first and Recall@1 = 0. If d′ is
not assigned z1 (Case 2), d ranks first and Recall@1 = 1. To maximize Recall@1, we decrease P (d′ → z1). (c)
Training Procedure: Each training epoch iterates through DocID Sampling, DocID Selection, and Model Training.
At inference, queries are routed to either the fine-granularity or coarse-granularity expert based on their preferred
granularity.

[zj1d1 , z
j2
d2
, . . .] where di is the document at rank i.

For the ground-truth to be retrieved at some rank
i, three conditions must hold: (1) the ground-truth
document appears at rank i, (2) the candidate at
rank i is selected as its document’s DocID, and (3)
all candidates at higher ranks are not selected, so
they do not block rank i. Let wq,i denote the prob-
ability that no higher-ranked candidate is selected.
Since (1−P (dk → zjkdk)) is the probability that the
candidate at rank k is not selected, their product
gives:

wq,i =

i−1∏

k=1

(1− P (dk → zjkdk)) (8)

Multiplying the probabilities of these three condi-
tions and summing over all ranks gives:

Vq =

|Lq |∑

i=1

1[di = dq] · P (di → zjidi) · wq,i (9)

where 1[di = dq] is the indicator for condition (1),
P (di → zjidi) is the probability for condition (2),
and wq,i is the probability for condition (3).

Loss function We maximize retrieval probability
across training queries Q:

L = − 1

|Q|
∑

q∈Q
log Vq (10)

Maximizing Vq has two effects: increasing the se-
lection probability for ground-truth candidates, and
decreasing it for other candidates that would block
the ground-truth at higher ranks. After optimiza-
tion, the final DocID for document d is z∗d = zj

∗
d

where j∗ = argmaxj Ad,j .

3.2.3 Model Training
Using the selected DocIDs from the previous step,
we train the retrieval model via supervised learning.
The model learns to generate the selected DocID
when given a relevant query.

As training progresses, the model’s behavior
changes, which in turn affects which DocIDs are
optimal. As illustrated in Figure 3(c), we repeat
DocID Sampling, DocID Selection, and Model
Training at each epoch, continuously updating the
DocIDs to match the current model state.

3.3 Inference with Granularity Routing

At inference time, we route each query to the expert
model that best matches its preferred granularity.
The fine-granularity expert first generates a prelim-
inary DocID via constrained beam search. We then
compute the query’s granularity score Sq from the
top-K candidates using the method described in
Section 3.1. Based on a threshold hyperparame-
ter γ, we route the query to the appropriate expert:
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queries with Sq > γ (preferring coarse-grained
DocIDs) are processed by the coarse-granularity
expert, while the rest are processed by the fine-
granularity expert. This routing mitigates granular-
ity collapse by matching query preferences to spe-
cialized experts, and activates only a single model
during inference, adding minimal overhead. Since
each expert assigns a DocID of different granularity
to the same document, this enables queries with dif-
ferent granularities to retrieve the same document,
each through the expert with a matching DocID.

4 Experiments

4.1 Experimental Settings

4.1.1 Dataset
We evaluate our approach on NQ320k, a widely
used dataset in generative retrieval, and test gener-
alization on TriviaQA. (1) NQ320k (Kwiatkowski
et al., 2019) is a dataset for evaluating retrieval per-
formance in knowledge-intensive QA settings, con-
sisting of 109k documents, 320k training queries,
and 7,830 test queries. (2) TriviaQA (Joshi et al.,
2017) is a reading comprehension dataset consist-
ing of trivia questions. We evaluate TriviaQA test
queries on the NQ320k corpus, using only queries
whose answer documents exist in the corpus, re-
sulting in 5,210 test queries.

4.1.2 Evaluation Metric
We evaluate retrieval performance using Recall@k
(whether a relevant document appears in the top-k)
and MRR@k (reciprocal rank of the first relevant
document), following existing GR benchmarks.

4.1.3 Baselines
We compare GR2 with recent generative retrieval
methods. GLEN (Lee et al., 2023) learns DocIDs
through lexical index learning and serves as our
primary backbone model. SEAL (Bevilacqua et al.,
2022) and MINDER (Li et al., 2023) assign multi-
ple DocIDs per document to handle diverse queries.
TSGen (Zhang et al., 2024) generates term sets
without imposing a fixed order. D2Gen (Cheng
et al., 2025) constructs DocIDs that are both de-
scriptive and discriminative, achieving strong per-
formance.1 NCI (Wang et al., 2022) uses hierarchi-
cal numeric identifiers with a prefix-aware decoder.
Since no pretrained checkpoint with T5-base as the

1As the D2Gen model is not publicly available, we report
results from the original paper and limit comparison to the
main evaluation.

backbone is publicly available, we train NCI on
NQ320k using the released codebase.

4.1.4 Implementation Details

We use GLEN (Lee et al., 2023) as the primary
backbone model for GR2, since it uses a single
model for both indexing and retrieval, which sim-
plifies interpretation. We train for 20 epochs with
learning rate 1 × 10−4. For granularity measure-
ment, we generate K = 8 candidate DocIDs per
document and scale the top L = 8 principal com-
ponents following Mu and Viswanath (2018). We
set R = 0.1 for the coarse-granularity expert and
R = 1.1 for the fine-granularity expert based on
Recall@1 on training queries (Appendix A.1).

For inference-time routing between experts, we
set the threshold γ to the median granularity score
of NQ320k test queries. Appendix A.2 shows
that performance is stable across different thresh-
olds. The two expert models are initialized from
the same pretrained backbone and trained indepen-
dently with granularity-specific DocIDs.

The core components of GR2 require only access
to DocID token embeddings and constrained de-
coding over valid identifiers. To verify that GR2 is
not tied to a single architecture, we additionally ap-
ply it to NCI, which uses a different type of DocID
from GLEN.

4.2 Results and Analysis

In Section 3.1, we showed that granularity mis-
match between queries and DocIDs degrades re-
trieval performance. We now evaluate whether
GR2 successfully addresses this problem through
the following research questions:

• RQ1 (Retrieval Performance): Does
GR2 improve retrieval performance over ex-
isting methods?

• RQ2 (Effect on Granularity Mismatch):
Does GR2 reduce performance degradation
caused by granularity mismatch?

• RQ3 (Ablation Study): How does each com-
ponent of GR2 contribute to mitigating granu-
larity mismatch?

• RQ4 (Efficiency and Generalization): Is
GR2 efficient and does it generalize to differ-
ent query distributions?
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Method M@10 M@100 R@1 R@10 R@100

SEAL - 0.677 0.599 0.812 0.909
MINDER 0.709 0.731 0.627 0.869 0.933
TSGen 0.771 0.774 0.708 0.889 0.948
D2Gen 0.772 0.774 0.710 0.876 0.936

NCI 0.711 0.729 0.657 0.850 0.922
+ GR2 0.714 0.731 0.668 0.855 0.924

GLEN 0.751 0.754 0.692 0.860 0.921
+ GR2 0.773 0.774 0.712 0.879 0.938

Table 1: Retrieval performance on NQ320k. Baseline
results are from Cheng et al. (2025), except for NCI,
which we reproduce using the released codebase. M
and R indicate MRR and Recall, respectively. Bold
and underline indicate the best and second-best results,
respectively.

Model
Average Document

Granularity Score (%)

GLEN (Baseline) 0.334

GR2 (Coarse Granularity) 0.353
GR2 (Fine Granularity) 0.325

Table 2: Average granularity score of document on
NQ320k. GR2 successfully controls document gran-
ularity to target levels.

4.2.1 RQ1: Retrieval Performance

Table 1 presents the retrieval performance on
NQ320k. GR2 improves R@1 from 69.2%
(GLEN) to 71.2% (+2.0%p), outperforming D2Gen
(71.0%), the previous best R@1 among lexical
DocID methods. The improvement is consistent
across other metrics: M@10 increases from 0.751
to 0.773, and R@10 improves from 86.0% to
87.9%. This indicates that optimizing Recall@1 in
DocID Selection (Section 3.2.2) also improves re-
trieval at deeper ranks. We next investigate whether
this improvement concentrates on the queries most
affected by granularity collapse. The improvement
is not specific to GLEN. Table 1 also shows that
applying GR2 to NCI improves R@1 from 65.7%
to 66.8% (+1.1%p), indicating that GR2 is not tied
to a single architecture.

4.2.2 RQ2: Effect on Granularity Mismatch

We analyze whether this improvement stems from
mitigating the granularity mismatch identified in
Section 3.1. For GR2 to mitigate granularity mis-
match, two conditions must hold: (1) the expert
models must learn DocIDs with distinct granularity
levels, and (2) routing queries to the appropriate
expert must reduce performance degradation under
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Figure 4: Recall@1 performance per granularity mis-
match on NQ320k. Granularity mismatch is computed
using the baseline GLEN model for both methods to
ensure consistent comparison, and the same x-axis bins
are used for both GLEN and GLEN + GR2.

high mismatch. We verify both conditions.
Table 2 shows the average granularity score of

DocIDs produced by each expert. The coarse-
granularity expert (R = 0.1) produces DocIDs
with higher granularity score (0.353%), indicating
broader terms, while the fine-granularity expert
(R = 1.1) produces DocIDs with lower granular-
ity score (0.325%), indicating more specific terms.
This confirms that DocID sampling with PCA scal-
ing successfully creates experts specialized for dif-
ferent granularity levels.

Given that experts have distinct granularity char-
acteristics, we examine whether routing reduces the
performance degradation observed in Section 3.1.
Figure 4 compares Recall@1 across different lev-
els of granularity mismatch. GLEN exhibits se-
vere degradation as mismatch increases: Recall@1
drops from 74% to 52% (22%p decline). In con-
trast, GR2 shows a smaller decline from 74% to
63% (11%p), reducing the performance gap by
11%p. This demonstrates that routing queries to ex-
perts with appropriate granularity mitigates the neg-
ative impact of granularity mismatch. These find-
ings suggest that the performance gains of GR2 are
attributable to addressing granularity collapse.

To qualitatively validate the granularity score
defined in Section 3.1, Table 3 presents DocIDs
from football-related documents ordered by their
granularity scores. DocIDs with lower scores con-
tain terms that refer to specific roles or entities
(e.g., “captain,” “quarterback”), while DocIDs with
higher scores contain broader categorical terms
(e.g., “cup,” “players”). All examples share the
token “football,” making the granularity contrast at-
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Granularity
Score (%)

DocID Tokens

0.233 captain, football, premier
0.249 quarterback, wins, football
0.250 cricket, football, dual

0.316 football, association, sanctions
0.409 players, football, pro
0.410 cup, league, football

Table 3: DocID examples from football-related docu-
ments on NQ320k, ordered by granularity score. Lower
scores correspond to specific terms, while higher scores
correspond to broader terms.

Model R@1

GLEN (Baseline) 0.692
GLEN Ensemble (×2) 0.695
GR2 0.712

w/o DocID Sampling 0.698
w/o DocID Selection 0.671
Coarse Granularity Only 0.697
Fine Granularity Only 0.705

Table 4: Ablation study on NQ320k. Bold and underline
indicate the best and second-best results, respectively.

tributable to the remaining tokens. This aligns with
the expectation that specific terms cluster tightly
(low isotropy) while general terms spread broadly
(high isotropy) (Xypolopoulos et al., 2021; Wu and
Bruch, 2025).

4.2.3 RQ3: Ablation Study
Table 4 ablates each component of GR2 on
NQ320k. Removing DocID sampling reduces R@1
to 0.698 (-1.4%p). Without sampling, both experts
learn the same DocIDs and become identical mod-
els, so this result reflects the contribution of Do-
cID selection alone. Removing DocID selection
causes a more severe degradation to R@1 of 0.671,
falling below even the GLEN baseline. This shows
that controlling granularity alone is insufficient;
optimizing DocID assignments based on retrieval
performance is essential.

Using only the coarse-granularity expert
achieves 69.7%, while using only the fine-
granularity expert achieves 70.5%. The coarse-
granularity expert achieves lower performance be-
cause broader terms are less discriminative across
documents. However, combining both experts
through routing substantially outperforms either
expert alone, demonstrating that the two experts

Model Latency (s) Recall@1

SEAL 2.45 0.599
MINDER 2.44 0.627
TSGen 1.60 0.708

GLEN 0.34 0.692
+ GR2 0.53 0.712

Table 5: Inference latency comparison on NQ320k. The
best and the second-best performances are marked in
bold and underlined, respectively.

Method
Seen Unseen

R@1 M@10 R@1 M@10

GLEN 0.726 0.783 0.576 0.638
+ GR2 0.745 0.798 0.599 0.654

Table 6: Retrieval performance on NQ320k seen and
unseen queries. Bold indicates the best result.

are complementary.
To rule out gains may come simply from the

increased model capacity, we compare against
a GLEN ensemble that averages log probabili-
ties from two independently trained GLEN mod-
els. The ensemble achieves R@1 of 0.695, only
marginally above single GLEN (0.692), while each
individual expert in GR2 (0.697 and 0.705) out-
performs the ensemble and the full GR2 (0.712)
further improves through routing. This confirms
that the gains of GR2 stem from specializing ex-
perts for different granularity, not from doubling
parameters.

4.2.4 RQ4: Efficiency and Generalization
Since GR2 employs multiple expert models, a nat-
ural concern is whether this introduces significant
computational overhead. Table 5 presents the in-
ference latency comparison on NQ320k. GR2 in-
creases inference time from 0.34s to 0.53s per
query batch, due to computing the granularity
score and routing. Despite this overhead, GR2 re-
mains faster than multi-DocID approaches such
as SEAL and MINDER, which require over 2.4
seconds. This efficiency stems from our routing
strategy, which activates only a single expert per
query. Analysis for training cost is provided in
Appendix A.3.

We next examine whether the improvements gen-
eralize beyond the training distribution. Table 6
presents the retrieval performance on seen and un-
seen queries in NQ320k, where unseen queries tar-
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Model R@1 M@10

SEAL 0.350 0.424
MINDER 0.348 0.419
TSGen 0.288 0.352

GLEN 0.303 0.364
+ GR2 0.363 0.427

Table 7: Generalization performance on TriviaQA using
models trained on NQ320k. Bold and underline indicate
the best and second-best results, respectively.

get documents that do not appear as ground-truth
answers in training. On seen queries, GR2 im-
proves R@1 from 72.6% to 74.5% (+1.9%p). On
unseen queries, GR2 achieves a larger improvement
from 57.6% to 59.9% (+2.3%p). The larger gain on
unseen queries suggests that routing enhances gen-
eralization rather than simply memorizing training
patterns.

Table 7 shows the generalization performance
on TriviaQA, where queries are trivia questions
rather than the search log queries of NQ320k. We
evaluate models trained on NQ320k using Trivi-
aQA queries whose answer documents exist in the
NQ320k corpus. GR2 achieves R@1 of 36.3%,
outperforming GLEN (30.3%) by 6.0%p. This im-
provement on out-of-domain queries demonstrates
that the routing mechanism captures general proper-
ties of query granularity rather than dataset-specific
patterns.

5 Conclusion

We identified granularity collapse in generative
retrieval: models develop a preference for spe-
cific granularity levels during training, leading
to retrieval failures when this preference mis-
matches the target document’s DocID granular-
ity. To address this, we proposed GR2, which
trains granularity-specific expert models and routes
queries to the appropriate expert based on their
preferred granularity. GR2 targets the specific fail-
ure mode of granularity collapse, with the largest
gains where existing models degrade the most: an
11%p reduction in mismatch-driven degradation
and 6.0%p on out-of-domain queries.
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Limitations

GR2 requires training and storing multiple expert
models, which increases memory requirements
compared to single-model approaches. Addition-
ally, the inference process involves a preliminary
decoding step to measure query granularity before
routing, which adds latency overhead compared
to direct generation. Furthermore, our granularity
measurement relies on the isotropy of lexical token
embeddings. We show that larger granularity mis-
match correlates with lower retrieval performance.
However, the score has not been directly validated
against human judgments of semantic specificity.
Such annotation-based validation would further
strengthen the empirical grounding of the score.
While we validate GR2 on two architectures with
different identifier designs, applying it to a broader
range of generative retrieval methods remains fu-
ture work. Finally, GR2 currently uses a binary split
into coarse and fine granularity; extending to more
granularity levels may further reduce mismatch but
increases training and routing complexity.
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Learning Rate Training Loss

1× 10−4 0.9704
3× 10−4 0.9822
5× 10−4 0.9954

Table 8: Learning rate selection based on training loss.
We select 1× 10−4.

Scaling
Factor

R@1
Coarse-Granularity Fine-Granularity

0.1 0.9087 –
0.3 0.9068 –
0.5 0.9073 –
0.7 0.9062 –
1.1 – 0.9065
1.3 – 0.9012
1.5 – 0.8595
1.7 – 0.8294

Table 9: Scaling factor selection based on Recall@1
on training queries. We select R = 0.1 for the coarse-
granularity expert and R = 1.1 for the fine-granularity
expert.

Shengyao Zhuang, Houxing Ren, Linjun Shou, Jian Pei,
Ming Gong, Guido Zuccon, and Daxin Jiang. 2022.
Bridging the gap between indexing and retrieval for
differentiable search index with query generation.
arXiv preprint arXiv:2206.10128.

A Appendix

A.1 Hyperparameter Selection

We select hyperparameters based on training set
performance. For the learning rate, we search over
{1, 3, 5} × 10−4 and select the value that achieves
the lowest training loss. For the scaling factor R,
we search over {0.1, 0.3, 0.5, 0.7} for the coarse-
granularity expert and {1.1, 1.3, 1.5, 1.7} for the
fine-granularity expert, selecting the value that
achieves the highest Recall@1 on training queries.

Table 8 and Table 9 report the results of hyper-
parameter selection on NQ320k.

A.2 Sensitivity of Threshold γ

We examine the sensitivity of GR2 to different
threshold values. Table 10 reports R@1 when γ
is set to different percentiles of the test granularity
scores. Performance varies only marginally across
the tested thresholds, and GR2 consistently outper-
forms GLEN in all settings. The 75th-percentile
threshold also slightly outperforms the reported
median setting, showing that the improvement is
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γ (percentile of test S(q)) R@1

25th 0.703
50th 0.712
75th 0.713

Table 10: Sensitivity of GR2 to the routing threshold γ
on GLEN and NQ320k.

Component Time Ratio (%)

DocID Sampling 1m 16s 5.6
DocID Selection 3m 44s 16.4
Model Training 17m 45s 78.0

Total (per epoch) 22m 45s 100.0

Table 11: Wall-clock training time per epoch on
NQ320k (NVIDIA 3090 × 4).

robust to threshold selection and is not driven by
choosing the best-performing value.

A.3 Training Cost
Table 11 presents the wall-clock training time per
epoch. DocID Sampling and Selection add 5 min-
utes to each epoch, accounting for 22% of the total.
Since GR2 trains two experts, the total training time
is approximately twice that of GLEN, though the
two experts can be trained in parallel.

A.4 Training Algorithm
Algorithm 1 summarizes the complete training pro-
cedure of GR2, which iterates through DocID Sam-
pling, DocID Selection, and Model Training at each
epoch.

A.5 Licenses and Intended Use
All artifacts used in this work are publicly avail-
able and used in accordance with their intended
purposes. Natural Questions (Kwiatkowski et al.,
2019), from which NQ320k is derived, is released
under the CC BY-SA 3.0 license. TriviaQA (Joshi
et al., 2017) is released under the Apache License
2.0. The GLEN codebase (Lee et al., 2023), which
serves as our backbone implementation, is released
under the Apache License 2.0. All datasets and
code are used solely for academic research, consis-
tent with their original access conditions.

Algorithm 1 GR2 Training Process
1: Input: Document set D, Query set Q, Scaling fac-

tor R, Epochs E
2: Output: Trained model M with optimized DocIDs
3: Initialize model parameters θ and DocID selection

parameters A
4: for epoch = 1 to E do
5: // Step 1: DocID Sampling
6: Compute embedding matrix E from current

model
7: Apply SVD: ET = U · Σ · V T

8: Transform embeddings: E′
v = Ev · (UΛUT )

with Λ using R
9: Generate K DocID candidates per document

using beam search with E′
v

10: // Step 2: DocID Selection
11: for each mini-batch of queries do
12: Perform constrained decoding with current

DocIDs
13: Update selection parameters A to minimize

loss L
14: end for
15: Select final DocID for each document based on

updated A
16: // Step 3: Model Training
17: Train model M for one epoch using selected

DocIDs
18: Update model parameters θ via gradient descent
19: end for
20: return Trained model M with final DocIDs
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