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Abstract

Generative Retrieval (GR) formulates retrieval
as a sequence-to-sequence generation task, as-
signing each document a document identifier
(DocID) and retrieving it through autoregres-
sive decoding, making DocID design a criti-
cal factor in retrieval quality. However, exist-
ing schemes based on discrete representation
learning suffer from inherent collision issues
and create a mismatch between the DocID’s
encoding objective and the system’s business
optimization target. To address these limita-
tions, we propose Cluster-Ranked Identifier
(CRID), which decouples DoclD into semantic
clustering and business-value ranking, yield-
ing collision-free identifiers that support incre-
mental updates via intra-cluster reranking. We
further introduce an analytical framework that
decomposes retrieval gains into personalized
preference and statistical prior generalization,
revealing how semantic cluster size governs
the balance between the two components. Ex-
periments on a Taobao e-commerce corpus of
over 300M items show that CRID surpasses the
strongest embedding-based retrieval baseline
on top-K Hitrate, and delivers +1.06% GMYV in
full-traffic deployment.

1 Introduction

Generative Retrieval (GR) has recently emerged
as a promising paradigm for information retrieval
tasks such as e-commerce search and content
search (Chen et al., 2025; Pang et al., 2025). It as-
signs each document a document identifier (DocID)
and retrieves it through autoregressive decoding,
making DocID design a fundamental determinant
of retrieval performance.

Existing DocID schemes span diverse categories
including hierarchical IDs (Rajput et al., 2023;
Chen et al., 2025), parallel IDs (Xing et al., 2025;
Xu et al., 2025), and other surrogate representations
such as text terms (Zhang et al., 2025b). Among
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them, the coarse-to-fine hierarchical structure is
highly compatible with the autoregressive gener-
ation process of large language models (LLMs),
making it the prevailing choice in industrial sys-
tems. Most hierarchical schemes rely on discrete
representation learning, such as RQ-KMeans (Luo
et al., 2025) and RQVAE (Lee et al., 2022), which
discretize semantic embeddings into semantic IDs.
Such methods suffer from an inherent collision
problem, where multiple items may be assigned the
same DoclD, which becomes especially severe in
large-scale corpora. To mitigate collisions, random
IDs (Fu et al., 2025) and balancing-based heuris-
tics (Zheng et al., 2024) have been proposed as
post-hoc remedies (see Appendix A for a detailed
discussion of related work).

Beyond collisions, a more fundamental chal-
lenge arises: existing DocID schemes are con-
structed purely from semantic embeddings, cre-
ating a mismatch between the DocID’s encoding
objective (semantic reconstruction) and the sys-
tem’s optimization target (business conversion).
For example, two items in the same semantic
cluster may differ substantially in business value,
yet receive adjacent or even identical DocIDs un-
der purely semantic quantization. In large-scale
industrial scenarios such as Taobao e-commerce
search, well-optimized embedding-based retrieval
(EBR) methods naturally incorporate business sig-
nals such as click-through rate and conversion rate
through feature-rich training, which are entirely ab-
sent from current DoclIDs. The gap is amplified by
capacity—corpus tension: the candidate pool con-
tains hundreds of millions of items, but the GR
model cannot scale arbitrarily due to latency con-
straints, making the information efficiency of each
DoclID token critical. This objective mismatch, not
model capacity alone, is the primary bottleneck.

To address these challenges, we propose Cluster-
Ranked Identifier (CRID), a simple yet effective
DoclID design that decouples each identifier into
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Figure 1: Overview of CRID. Left: item embeddings are learned via contrastive learning on query-item pairs (top)
and quantized into a two-level semantic codebook (bottom). Right: items within each semantic cluster are ranked by
business value to form the last-level DocID token (Item Ranking); incremental updates are performed by reranking
items within affected clusters when new items arrive (Item Updating as Reranking).

semantic clustering and business-value ranking:
the former captures coarse, query-level semantic
similarity, while the latter encodes statistical pri-
ors as ordinal ranks within each cluster. This con-
struction eliminates collisions and allows incremen-
tal updates via intra-cluster reranking. The rank
axis thereby carries a transferable business-value
prior that aligns the identifier with the optimization
target, without sacrificing collision-freeness. We
further reveal that CRID’s gains arise from two
complementary mechanisms: personalized prefer-
ence and statistical prior generalization, and that
semantic cluster size controls their balance.

Our contributions are twofold. (1) CRID is, to
our knowledge, the first DocID scheme to encode
business value as ordinal ranking within semantic
clusters. This deliberately simple design change at
the last codebook level yields larger gains than so-
phisticated quantization techniques, while produc-
ing collision-free identifiers that support incremen-
tal updates through intra-cluster reranking without
codebook retraining. (2) We provide an analyti-
cal framework that decomposes retrieval gains into
personalized preference and statistical prior gener-
alization, explaining why business-value ranking
is effective and how semantic cluster size governs
the trade-off between the two components. While
developed in the context of CRID, this framework
generalizes to hierarchical DocID schemes beyond
CRID and directly guided the codebook configura-
tion selected for production deployment.

Experiments on a Taobao corpus of over 300M
items show that CRID surpasses all baselines in-
cluding the strongest EBR system on top-K Hitrate,
and online A/B testing on full production traffic
confirms +1.06% improvement in GMV.

2 Method

Problem Formulation. Given a user query ¢q and
historical behavior sequence h = (hy, ho, ..., hy),
GR formulates retrieval as an autoregressive gen-
eration task. Each item is assigned a DoclD
c = (c1,¢9,...,cr), where L denotes the number
of codebook levels. The GR model parameterized
by 0 generates the DocID tokens autoregressively:

L
Py(c| g;h) =[] Po(ce | c<rrg,h). (1)
=1

During inference, constrained beam search is used
to decode a ranked list of candidate DocIDs accord-
ing to Py(c | ¢, h).

2.1 Cluster-Ranked Identifier

The overall architecture of CRID is illustrated in
Fig. 1. A key observation is that in hierarchical
DoclDs, earlier levels predominantly determine se-
mantic recall while later levels refine disambigua-
tion within the recalled set. To address the objective
mismatch between semantic DocIDs and business
optimization targets, we decompose the DoclD into
a semantic cluster prefix ¢ = (c1,...,cr—1) and
a business-value rank r within that cluster. For
a candidate item ¢, the generation probability can
thus be factored as:

PG(Z ‘ q, h) = P@(CS ’ q, h)PQ(T | C87Q7h)7 (2)

where the first term captures semantic cluster selec-
tion and the second captures intra-cluster ranking.
By modeling semantics and business value jointly
rather than applying value as a post-hoc rerank, the
model learns the trade-off between them within
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Table 1: Comparison of DocID schemes on in-search and out-of-search conversion Hitrate. All methods share
the same first two codebook levels (8192 x 8192 RQ-KMeans semantic clustering); each row denotes a different
strategy applied to the third codebook level. “Collision-free” indicates whether the scheme guarantees a one-to-one
mapping between DoclIDs and items. All Hitrate metrics are computed at the item level. Best results are in bold.

In-search conversion

Collision-free

Out-of-search conversion

HR20 HR100 HR500  HR1000 HR20 HR100  HR500 HR1000
81923 N 16.68% 33.73% 55.01% 63.83% 13.18% 26.51% 43.16%  49.99%
w/ OPQ N 20.86%  39.02%  59.86%  67.54% 1632% 30.51% 47.10%  53.55%
w/ SK N 24.45%  44.00%  63.16% 6990% 1932% 34.26% 49.79%  55.46%
w/ Tiger Y 3748% 51.83% 66.44%  73.15% 30.00% 39.96% 52.66%  57.99%
w/ FORGE N 3728% 51.60% 66.29%  72.50%  29.66% 39.99% 51.99%  57.40%
w/ CRID Y 41.20% 59.02% 76.22% 82.25% 3243% 45.71% 59.79%  65.50%
Table 2: Joint modeling (CRID) versus post-hoc rerank- 100%
ing by business value on a two-level 81922 semantic . gon‘ée“io”dra”k
baseline. The rerank variants differ in the pool size. 80% Gan omonrer—
R X rouped conversion rank
In-search conversion Hitrate (%). o 60%
©
@
HR20 HR100 HR500 HR1000 T 40%
+ rerank (pool 10k) 14.77% 33.73% 61.28% 70.97%
+ rerank (pool 5k) 17.54% 38.77% 62.45% 69.18% 20%
+ rerank (pool 1k) 20.99% 37.42% 47.46% 48.62% .
CRID 41.20% 59.02% 76.22% 82.25% % o o' 0 e

one decoding objective, raising the ceiling that fine-
ranking can reach under a fixed recall budget.
Semantic clustering. In search scenarios, user
queries provide strong semantic anchors that nat-
urally constrain the retrieval space. We train item
embeddings via contrastive learning (Oord et al.,
2018) on query-item pairs, so that semantically
relevant items are mapped closer together in the
embedding space. After quantization with standard
methods such as RQ-KMeans (Luo et al., 2025),
the resulting clusters capture query-level semantic
granularity, sufficient for distinguishing relevance
at the coarse level while leaving fine-grained dis-
crimination to the business-value rank.
Business-value ranking. While semantic clus-
ters group items at query-level granularity, items
within the same cluster can differ substantially in
business value. To encode this variation, we rank
items within each cluster by a business-value statis-
tic (e.g., conversion rate) and use the rank as the
last-level DocID token, with all items in the same
cluster sharing a single rank codebook. This ordi-
nal encoding naturally aligns the DoclD structure
with the GR model’s optimization target, typically
a business metric rather than a semantic category.
This design has two key advantages. (1) Inher-
ently collision-free: each rank within a cluster
maps to exactly one item, eliminating collisions
by construction. (2) Incremental updates: newly
added items are assigned to the nearest semantic

Top-K

Figure 2: Ablation on business-value rank and collision-
freeness. Conversion rank consistently outperforms
Random order (no business-value signal) and Grouped
conversion rank (grouping every four items).

cluster by embedding distance and reranked by up-
dated business-value statistics on a daily schedule,
requiring no codebook retraining. Unlike categor-
ical attribute hashing or binning strategies (Xue
et al., 2026; Zhang et al., 2026) that discretize busi-
ness signals into unordered buckets, ordinal rank-
ing arranges items along the rank axis by business
value, so the last level carries a value-aligned statis-
tical prior that transfers across clusters rather than
an arbitrary identifier to memorize. We provide a
deeper analysis of CRID’s effectiveness in §4.

3 Experiments

3.1 Experimental Setup

We conduct all experiments on a candidate pool
of over 300M items from the Taobao e-commerce
search scenario, using Qwen2.5-0.5B (Yang et al.,
2024) as the backbone model. The first two code-
book levels adopt an 8192 x 8192 semantic clus-
tering configuration, with business-value rank as
the third level. For evaluation, we report item-
level Hitrate@ K (HR@ K), measuring whether the
ground-truth item appears in the top-K predictions.
Hitrate is the appropriate metric for the retrieval
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Table 3: Within-tier shuffle control. Item order is shuf-
fled inside a window W while coarse value tiers remain
collision-free. W =1 is CRID; W =full removes all
ordering. All variants share the same rank-token fre-
quency. In-search HR@1000 (%).

W 1 4 16 128 512 full
HR 82.25% 81.39% 81.67% 79.09% 76.29% 73.15%
A — —086 —-0.58 -—3.16 —5.96 —9.10

stage, as downstream fine-ranking determines the
final presentation order. We distinguish top-K Hi-
trate (e.g., HR@20) from deep-K Hitrate (e.g.,
HR@1000). Evaluation samples include both in-
search and out-of-search conversions, where the
latter refers to conversions in the same product cat-
egory as the query but outside the search scenario.
Full details are provided in Appendix B.

3.2 Main Results and Ablations

Main Results. Starting from a base 81923 RQ-
KMeans codebook, we evaluate several strategies
that modify the third codebook level including
Sinkhorn-Knopp (SK) balancing (Cuturi, 2013;
Zheng et al., 2024), OPQ discretization (Ge et al.,
2013; Chen et al., 2025), and two random ID strate-
gies: Tiger (Rajput et al., 2023), which assigns
monotonically increasing IDs for strict collision-
freeness, and FORGE (Fu et al., 2025), which al-
lows up to five items per DocID. CRID replaces
the third-level codebook with business-value rank
based on 30-day conversion counts. As shown in
Table 1, CRID outperforms all baselines on both in-
search and out-of-search conversion Hitrate. Com-
pared with the strongest baseline, CRID improves
HR @20 by 3.72 pp and HR@1000 by 9.10 pp on
in-search conversion.

For conciseness, we present ablation results on
in-search conversion only; the conclusions for out-
of-search conversion are consistent.

Joint modeling outperforms post-hoc rerank-
ing. We compare encoding the business signal
through joint modeling (CRID) against applying it
as a post-hoc rerank. For the rerank baseline, a two-
level 81922 semantic model retrieves the top-1000
semantic clusters, expands them to member items,
forms a top-N rerank pool by decoding score, and
reranks by the same global business-value statistic.
Table 2 shows that joint modeling dominates post-
hoc reranking at every cutoff (~20 pp at HR@20
and ~11pp at HR@1000). The failure is struc-
tural: a query-agnostic rerank floods the head with
popular-but-irrelevant items, while a smaller pool

Table 4: Effect of different business-value ranking sig-
nals on conversion Hitrate (top), and pairwise Spear-
man’s p among the three ranking orders (bottom). p is
computed over clusters with more than one item.

HR20 HR100  HR500 HR1000
Conv.-rank 41.20% 59.02% 76.22%  82.25%
Click-rank  40.80% 58.30% 75.73% 81.81%
Score-rank  41.15% 59.34%  76.21% 81.82%

Click—Score
0.617

Conv.—Click  Conv.—Score
p 0.708 0.666

improves top-K only by capping deep-K recall.
Business value must therefore be modeled jointly
with the semantic prefix.

Business value and collision-freeness are com-
plementary. As shown in Fig. 2, we replaced Con-
version rank with Random order and Grouped con-
version rank, where the latter groups every four
consecutive items under one DocID to simulate
mild collisions. Random order leads to a substan-
tial Hitrate drop at deep-K, while Grouped conver-
sion rank degrades performance more noticeably
at top-K. These results confirm that both properties
are essential and complementary: business value
primarily benefits deep-K Hitrate, while collision-
freeness is more critical for top-K performance.

Business-value ordering underlies the gain.
CRID, Tiger, and FORGE share the same frequency
prior on the last-level rank token, where low ranks
are common and high ranks are rare, so this prior
alone cannot explain CRID’s advantage. What mat-
ters is aligning business value with it. We keep
collision-free coarse value tiers and shuffle item
order within windows of size W, from W = 1
(CRID) to full-cluster random. Table 3 shows that
all settings share the same rank-token frequency,
yet HR@1000 spans 9.10pp. Shuffling within
small windows (W < 16) costs under 0.9 pp, so the
effect is not tied to exact positions. Performance de-
grades only when ordering across materially differ-
ent value levels is destroyed. Thus CRID exploits
a coarse business-value ordering that is robust to
fine-grained reordering.

Robust to business-value definition. We fur-
ther compare three business-value ranking signals:
Conversion rank and Click rank, both computed
from 30-day cumulative statistics, and a quality
score predicted by an internal business model. Ta-
ble 4 reports Hitrate under each signal along with
pairwise Spearman’s p. Spearman’s p measures the
rank-order agreement between two business-value
rankings of items within the same semantic cluster.
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Table 5: Incremental update evaluation 10 days after the training cutoff.

Pool Coverage  Avg. Items/CRID ~ HR20 HR100  HR500 HR1000
No update 65.08% 1.00 37.86% 54.40% 71.60%  77.52%
Insert only 99.15% 6.31 29.13%  46.00% 63.83%  70.44%
Full rerank 99.37 % 1.00 39.12% 56.74% 74.04%  80.05%

Table 6: Hitrate gains of the fully-trained CRID-based
GR model over the strongest personalized EBR baseline.

HR20 HRI100 HR500 HRI1000
In-search +13.26% +10.05% -0.63% -3.02%
Out-of-search  +8.00% +7.01% +3.75% +2.66%

Despite moderate rank correlation (p ~ 0.6-0.7),
downstream Hitrate differences remain limited, in-
dicating that the GR model is robust to the choice
of ranking signal.

3.3 Incremental Update Experiments

To evaluate CRID’s incremental update capability,
we test on data collected 10 days after the train-
ing cutoff (Table 5). We compare three settings:
No update (frozen codebook), Insert only (newly
arrived items are assigned to the nearest semantic
cluster and mapped to the existing rank position
with the closest business value), and Full rerank
(new and existing items jointly reordered by daily
business-value statistics).

The Insert only strategy achieves near-complete
pool coverage (99.15%) but degrades Hitrate sub-
stantially, as each CRID contains an average of 6.31
items, effectively reintroducing collisions. In con-
trast, Full rerank maintains collision-free mapping
while achieving the highest coverage (99.37%) and
the best Hitrate across all metrics, even surpassing
the No update setting. The latter’s frozen codebook
suffers from progressively invalidated DocID paths
as items expire from the pool, effectively reducing
its retrievable candidate set.

3.4 Full-Scale Evaluation and Deployment

Offline comparison with EBR. For deployment,
we train CRID with a production-grade pipeline
using a 32768 x 8192 semantic codebook with a
business-value rank range of 8192, configured via
the analysis in §4 (setup details are provided in Ap-
pendix B). The deployed 32768 x 8192 codebook
yields realized clusters with a mean size of 8.75.
Table 6 compares the fully-trained CRID-based
GR model against the strongest personalized EBR
baseline. For in-search conversion, CRID achieves
substantial top-K gains (+13.26% HR @20) with

slight degradation at deeper cutoffs. Out-of-search
gains are more pronounced and consistent across
cutoffs (+8.00% HR @20, +2.66% HR @1000), in-
dicating that CRID provides complementary recall
beyond existing retrieval pipelines and generalizes
better than EBR.

Online deployment. The GR model is deployed
as an additional retrieval channel alongside exist-
ing EBR pipelines, operating as a unified retrieval
and coarse-ranking pipeline. It uses constrained de-
coding with dynamic beam sizes of 100, 400, and
1500 across the three decoding stages, determined
via cumulative probability cutoffs to ensure near-
lossless Hitrate coverage (details in Appendix C).
The GR model recalls approximately 1300 items
into the fine-ranking stage, meeting the same la-
tency requirements as existing retrieval channels.
A 1% traffic A/B test over 30 days yielded +0.18%
IPV (item page views), +0.54% order count, and
+1.06% GMYV (Gross Merchandise Value, the total
monetary value of transactions completed through
the platform) for overall traffic. The method has
since been deployed to full production traffic.

4 Analysis

To understand the source of CRID’s gains and offer
generalizable analytical insights for hierarchical
DoclID design, we attribute retrieval improvements
to two complementary mechanisms: personalized
preference generalization, the model’s ability to
leverage sequential patterns in user history, and
statistical prior generalization, its ability to gen-
eralize from corpus-level business-value statistics.
To validate and quantify these two components,
we introduce an analysis framework based on pre-
fix N-gram and business-value rank stratification.
We first verify that the statistical prior encoded by
business-value rank is effective (§4.1), then quan-
tify the respective contributions of the two com-
ponents (§4.2), and finally examine how semantic
cluster size affects the net retrieval gain (§4.3).

4.1 Effectiveness of Statistical Prior

We evaluate prediction accuracy at each codebook
level using Prefix N-gram Hitrate @ K, defined as
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Figure 3: Logistic CDF fit and hit-density (PDF) analysis of CRID vs. FORGE. (a) Logistic fit to Hitrate CDF;
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Figure 4: Prefix N-gram Hitrate@ KX for CRID and the
FORGE baseline. The 1-gram and 2-gram curves of the
two methods nearly overlap . The gap appears entirely
at the 3-gram (full-path) level.

whether the predicted prefix N-gram matches that
of the ground-truth label. We retain one label per
evaluation sample to avoid duplicate matches. Pre-
fix N-gram Hitrate is computed at the DocID level:
a prediction is a hit if its DocID prefix matches
the ground-truth’s, regardless of whether the full
DoclID resolves to the correct item.

As shown in Fig. 4, both CRID and the FORGE
baseline (8192%) achieve comparable 1-gram and
2-gram Hitrate, confirming that the first two seman-
tic levels are equally effective. However, CRID’s
3-gram (full-path) Hitrate significantly exceeds
FORGE’s (82% vs 72% at K=1000). This gap
indicates that statistical prior generalization allevi-
ates the last-level bottleneck, yielding larger gains
than fine-grained semantic discrimination.

4.2 Gain Decomposition

We operationalize the two components by parti-
tioning the evaluation set along two dimensions.
For personalized preference, we group samples
by whether the target item’s DoclD prefix appears
in the user’s historical behavior sequence, yield-

ing four groups: prefix 3-gram (full-path match),
2-gram, I-gram, and 0-gram (no match). This
measures behavioral overlap, distinct from Prefix
N-gram Hitrate in §4.1. For statistical prior, we
divide items into four business-value rank groups:
rank 0—10, 10-100, 100—-1000, and 1000+.

For systematic comparison, we fit each group’s
Hitrate curve as a logistic CDF on log K (Fig. 3(a))
and differentiate to obtain the hit-density distri-
bution (Fig. 3(b)), a PDF characterizing how hits
spread across recall depths (full per-group fits
in Appendix D, with coefficient of determination
R? > 0.99 for most groups). Its mean (k) in-
dicates the sweet spot, the recall depth at which
a group is best supported (smaller is better), and
o(log K) captures the dispersion around it.

As shown in Fig. 3(c)(d), CRID achieves sub-
stantially lower u( K') than FORGE for top-ranked
items (Rank 0-10) and uniformly smaller o (log K)
across all groups, confirming that business-value
ranking concentrates hits into shallower recall
depths with tighter concentration. Within CRID,
1(K) increases monotonically along the rank axis,
a structured pattern absent in FORGE, indicating
that ordinal ranking establishes an ordered retrieval
structure across the rank space. This concentration
of gains at shallow ranks directly improves overall
Hitrate.

4.3 Impact of Semantic Cluster Size

Prior studies have shown that codebook configura-
tion affects retrieval performance (Ju et al., 2025),
but provide limited guidance on how to choose it
for a given corpus. A naive expectation is that
larger clusters, which strengthen statistical prior by
providing more items to rank, should uniformly im-
prove performance. We show that the actual effect
is more nuanced due to a composition shift that
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Figure 5: Composition effect on HR@ 1000 across codebook configurations with varying average semantic cluster
sizes (rank perspective). (a) Per-rank-group HR @ 1000 increases with cluster size. (b) As cluster size increases,
the proportion of top-ranked items (Rank 0-10) shrinks from 78% to 34%. (c) This composition shift causes the
weighted HR @ 1000 to decrease despite per-group improvements. See Appendix E for details.

opposes per-group gains. We use average semantic
cluster size, defined as the total number of items
divided by the number of semantic clusters, as the
metric to analyze how cluster granularity affects
retrieval. We evaluate a range of codebook config-
urations, including both uniform (e.g., 81922) and
non-uniform (e.g., 65536 x 1024) semantic config-
urations, with the business-value rank level fixed at
8192, sufficient for all configurations tested. This
yields cluster sizes spanning roughly 5 to 160. Full
per-group curves are in Appendix E.

As shown in Fig. 5, from the business-value rank
perspective, per-rank-group HR @ 1000 increases
with cluster size across all rank ranges (panel a),
yet the actual weighted average decreases (panel
¢). This reversal is driven by composition shift
(panel b): as cluster size increases, the propor-
tion of top-ranked items (Rank 0-10) shrinks from
78% to 34%, diluting the overall Hitrate despite
per-group improvements. The prefix N-gram per-
spective exhibits a similar pattern (see Appendix E
for full analysis), where smaller clusters improve
per-group Hitrate but shift samples toward weaker
prefix-match groups, limiting overall gains. The net
effect of cluster size thus reflects opposing forces
across the two dimensions: from the rank per-
spective, smaller clusters shift composition toward
top-ranked groups but weaken per-group statistical
prior; from the prefix perspective, smaller clusters
improve per-group Hitrate but shift composition
toward weaker prefix-match groups, precluding a
universally optimal cluster size.

4.4 Prerequisites and Practical Guidance

These findings rely on two prerequisites. First,
the optimization objective must correlate with the
business-value signal used for ranking. This re-
quirement is mild rather than brittle: any proxy

correlated with the objective, such as conversion,
click, or a model-predicted quality score, works
comparably (Table 4), so the design does not hinge
on a single hand-picked metric. Search naturally
satisfies this, since conversion and GMV are well
defined and aligned with the optimization target.
Second, semantic clustering at the first levels must
be sufficiently concentrated to sustain high prefix-
level Hitrate. This too is satisfied in search sce-
narios, where queries provide strong semantic con-
straints on the retrieval space. In practice, we ap-
plied this framework to select the configuration
targeting optimal HR@1000, directly informing
the 32768 x 8192 production codebook (§3.4).

5 Conclusion

We presented Cluster-Ranked Identifier (CRID),
a DoclD design that decouples semantic cluster-
ing from business-value ranking to address the ob-
jective mismatch between semantic DocIDs and
business optimization targets. By encoding busi-
ness value as ordinal ranks within semantic clusters,
CRID yields collision-free identifiers that support
incremental updates through intra-cluster rerank-
ing. We additionally proposed an analysis frame-
work that decomposes retrieval gains into personal-
ized preference and statistical prior generalization,
revealing how semantic cluster size governs the
trade-off between them. Experiments on Taobao
search demonstrate substantial top-K Hitrate im-
provements, and full-traffic deployment delivers
+1.06% GMYV improvement. This framework pro-
vides actionable guidance for designing hierarchi-
cal DoclDs in large-scale retrieval systems.

Limitations

Our experiments are conducted exclusively on
Taobao e-commerce search. While CRID’s design
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is not inherently search-specific, its effectiveness
in other domains such as recommendation, where
query semantics play a less central role, remains to
be validated.

The business-value rank relies on historical
statistics, introducing a potential cold-start bias:
newly listed items with limited interaction data
may receive suboptimal rank assignments, reduc-
ing their chance of being retrieved until sufficient
statistics accumulate. Additionally, our design uses
a single business-value signal; how to fuse multiple
signals (e.g., conversion rate, click-through rate,
and predicted scores) into a unified ordinal ranking
remains an open direction.

Finally, all experiments use a 0.5B-parameter
model due to online latency constraints. Larger
models may alter the capacity—corpus balance that
motivates CRID’s design; exploring CRID’s effec-
tiveness under scaled-up model capacities is left
for future work.

References

Ben Chen, Xian Guo, Siyuan Wang, Zihan Liang, Yue
Lv, Yufei Ma, Xinlong Xiao, Bowen Xue, Xuxin
Zhang, Ying Yang, et al. 2025. Onesearch: A prelim-
inary exploration of the unified end-to-end generative
framework for e-commerce search. arXiv preprint
arXiv:2509.03236.

Marco Cuturi. 2013. Sinkhorn distances: Lightspeed
computation of optimal transport. Advances in neu-
ral information processing systems, 26.

Nicola De Cao, Gautier Izacard, Sebastian Riedel, and
Fabio Petroni. 2020. Autoregressive entity retrieval.
arXiv preprint arXiv:2010.00904.

Kairui Fu, Tao Zhang, Shuwen Xiao, Ziyang Wang,
Xinming Zhang, Chenchi Zhang, Yuliang Yan, Jun-
jun Zheng, Yu Li, Zhihong Chen, et al. 2025.
Forge: Forming semantic identifiers for genera-
tive retrieval in industrial datasets. arXiv preprint
arXiv:2509.20904.

Tiezheng Ge, Kaiming He, Qifa Ke, and Jian Sun.
2013. Optimized product quantization. [EEE trans-
actions on pattern analysis and machine intelligence,
36(4):744-755.

Clark Mingxuan Ju, Liam Collins, Leonardo Neves,
Bhuvesh Kumar, Louis Yufeng Wang, Tong Zhao,
and Neil Shah. 2025. Generative recommendation
with semantic ids: A practitioner’s handbook. In Pro-
ceedings of the 34th ACM International Conference
on Information and Knowledge Management, pages

6420-6425.

Doyup Lee, Chiheon Kim, Sachoon Kim, Minsu Cho,
and Wook-Shin Han. 2022. Autoregressive image

generation using residual quantization. In Proceed-
ings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 11523—11532.

Xinchen Luo, Jiangxia Cao, Tianyu Sun, Jinkai Yu,
Rui Huang, Wei Yuan, Hezheng Lin, Yichen Zheng,
Shiyao Wang, Qigen Hu, et al. 2025. Qarm: Quan-
titative alignment multi-modal recommendation at
kuaishou. In Proceedings of the 34th ACM Interna-
tional Conference on Information and Knowledge
Management, pages 5915-5922.

Aaron van den Oord, Yazhe Li, and Oriol Vinyals. 2018.
Representation learning with contrastive predictive
coding. arXiv preprint arXiv:1807.03748.

Ming Pang, Chunyuan Yuan, Xiaoyu He, Zheng Fang,
Donghao Xie, Fanyi Qu, Xue Jiang, Changping Peng,
Zhangang Lin, Zheng Luo, et al. 2025. Generative
retrieval and alignment model: A new paradigm for
e-commerce retrieval. In Companion Proceedings of

the ACM on Web Conference 2025, pages 413-421.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo-
pher D Manning, Stefano Ermon, and Chelsea Finn.
2023. Direct preference optimization: Your language
model is secretly a reward model. Advances in neural
information processing systems, 36:53728-53741.

Shashank Rajput, Nikhil Mehta, Anima Singh, Raghu-
nandan Hulikal Keshavan, Trung Vu, Lukasz Heldt,
Lichan Hong, Yi Tay, Vinh Tran, Jonah Samost, et al.
2023. Recommender systems with generative re-

trieval. Advances in Neural Information Processing
Systems, 36:10299-10315.

Yi Tay, Vinh Tran, Mostafa Dehghani, Jianmo Ni, Dara
Bahri, Harsh Mehta, Zhen Qin, Kai Hui, Zhe Zhao,
Jai Gupta, et al. 2022. Transformer memory as a
differentiable search index. Advances in neural infor-
mation processing systems, 35:21831-21843.

Huimu Wang, Xingzhi Yao, Yiming Qiu, Qinghong
Zhang, Haotian Wang, Yufan Cui, Songlin Wang,
Sulong Xu, and Mingming Li. 2026a. Towards effi-
cient and generalizable retrieval: Adaptive semantic
quantization and residual knowledge transfer. arXiv
preprint arXiv:2602.23978.

Xujing Wang, Yufeng Chen, Boxuan Zhang, Jie Zhao,
Chao Wei, Cai Xu, Ziyu Guan, Wei Zhao, Weiru
Zhang, and Xiaoyi Zeng. 2026b. Differentiable ge-
ometric indexing for end-to-end generative retrieval.
arXiv preprint arXiv:2603.10409.

Yujing Wang, Yingyan Hou, Haonan Wang, Ziming
Miao, Shibin Wu, Qi Chen, Yuqing Xia, Chengmin
Chi, Guoshuai Zhao, Zheng Liu, et al. 2022. A neural
corpus indexer for document retrieval. Advances in
Neural Information Processing Systems, 35:25600—
25614.

Haibo Xing, Hao Deng, Yucheng Mao, Lingyu Mu,
Jinxin Hu, Yi Xu, Hao Zhang, Jiahao Wang, Shizhun
Wang, Yu Zhang, et al. 2025. Regdrec: Reasoning-
enhanced generative model for large-scale recommen-
dation systems. arXiv preprint arXiv:2508.15308.

648



Yi Xu, Chaofan Fan, Jinxin Hu, Yu Zhang, Zeng Xi-
aoyi, and Jing Zhang. 2025. Store: Semantic to-
kenization, orthogonal rotation and efficient atten-
tion for scaling up ranking models. arXiv preprint
arXiv:2511.18805.

Ben Xue, Dan Liu, Lixiang Wang, Mingjie Sun, Peng
Wang, Pengfei Zhang, Shaoyun Shi, Tianyu Xu, Yun-
hao Sha, Zhiqiang Liu, et al. 2026. Generative recom-
mendation for large-scale advertising. arXiv preprint
arXiv:2602.22732.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui,
Bo Zheng, Bowen Yu, Chengyuan Li, Dayiheng Liu,
Fei Huang, Haoran Wei, et al. 2024. Qwen2. 5 tech-
nical report. arXiv e-prints, pages arXiv—2412.

Tianyu Zhan, Kairui Fu, Chengfei Lv, Zheqi Lv, and
Shengyu Zhang. 2026a. Semantic trimming and aux-
iliary multi-step prediction for generative recommen-
dation. arXiv preprint arXiv:2604.05329.

Tianyu Zhan, Gui Ling, Tong Xiong, Kunhai Lin,
Yang Wang, Kaixuan Zhang, Zhihong Chen, Yuliang
Yan, Dan Ou, Shengyu Zhang, et al. 2026b. Tsgr:
Taobao search generative retrieval. arXiv preprint
arXiv:2607.18796.

Jun Zhang, Yi Li, Yue Liu, Changping Wang, Yuan
Wang, Yuling Xiong, Xun Liu, Haiyang Wu, Qian
Li, Enming Zhang, et al. 2025a. Gpr: Towards a
generative pre-trained one-model paradigm for large-
scale advertising recommendation. arXiv preprint
arXiv:2511.10138.

Xinxun Zhang, Yuling Xiong, Jiale Zhou, Zhengkai
Guo, Zhennan Pang, Junbang Huo, Jingwen Wang,
Xuyang Sun, Enming Zhang, Jiaguang Jin, et al.
2026. Unified value alignment for generative recom-
mendation in industrial advertising. arXiv preprint
arXiv:2605.05803.

Yingchen Zhang, Ruqing Zhang, Jiafeng Guo, Wenjun
Peng, Sen Li, Fuyu Lv, and Xueqi Cheng. 2025b.
C2t-id: Converting semantic codebooks to textual
document identifiers for generative search. In Pro-
ceedings of the 2025 Annual International ACM SI-
GIR Conference on Research and Development in In-
formation Retrieval in the Asia Pacific Region, pages
331-336.

Bowen Zheng, Yupeng Hou, Hongyu Lu, Yu Chen,
Wayne Xin Zhao, Ming Chen, and Ji-Rong Wen.
2024. Adapting large language models by integrat-
ing collaborative semantics for recommendation. In
2024 IEEE 40th International Conference on Data
Engineering (ICDE), pages 1435-1448. IEEE.

Guorui Zhou, Jiaxin Deng, Jinghao Zhang, Kuo Cai,
Lejian Ren, Qiang Luo, Qiangian Wang, Qigen Hu,
Rui Huang, Shiyao Wang, et al. 2025. Onerec techni-
cal report. arXiv preprint arXiv:2506.13695.

649



A Related Work

A.1 Generative Retrieval

Generative retrieval (GR) reframes retrieval as
sequence-to-sequence generation, where a model
directly produces document identifiers given an
input query. GENRE (De Cao et al., 2020) first
demonstrated autoregressive retrieval by generat-
ing entity names with trie-constrained decoding.
DSI (Tay et al., 2022) formalized the paradigm
by encoding corpus information within a single
Transformer, mapping queries directly to docu-
ment IDs. NCI (Wang et al., 2022) improved de-
coding with prefix-aware adaptation. TIGER (Ra-
jput et al., 2023) first introduced GR to recom-
mendation, creating Semantic IDs via RQ-VAE
and training a seq2seq model to predict next-item
identifiers. Subsequent works refer to such iden-
tifiers as Semantic IDs or DoclIDs; we use the lat-
ter. This paradigm has since been deployed at
industrial scale: OneRec (Zhou et al., 2025) for
video recommendation, OneSearch (Chen et al.,
2025) for e-commerce search, and GR4AD (Xue
et al., 2026)/GPR (Zhang et al., 2025a) for advertis-
ing, demonstrating significant efficiency gains and
business metric improvements. Meanwhile, recent
work improved SID-based GR training efficiency
via token pruning and multi-step prediction (Zhan
et al., 2026a).

A.2 DocID Construction

DocID design determines how items are discretized
into the token space that generative models must
learn to produce.

Quantization-based methods. DSI (Tay et al.,
2022) originally used hierarchical k-means cluster-
ing. TIGER (Rajput et al., 2023) introduced RQ-
VAE with random suffixes for collision avoidance.
LC-Rec (Zheng et al., 2024) applied Sinkhorn bal-
ancing to enforce uniform codebook utilization.
Industrial systems further showed RQ-Kmeans of-
fers superior balance: OneRec (Zhou et al., 2025)
adopted balanced RQ-Kmeans, OneSearch (Chen
et al., 2025) employed OPQ to reduce information
loss, and GPR (Zhang et al., 2025a) proposed RQ-
Kmeans+ (RQ-Kmeans initialization for RQ-VAE)
to stabilize training. SA2CRQ (Wang et al., 2026a)
further challenged the fixed-length assumption by
dynamically allocating variable-length codes based
on item popularity. Beyond cascaded approaches,
REG4Rec (Xing et al., 2025) and STORE (Xu
et al., 2025) adopted parallel multi-expert quan-

tization with orthogonal penalties to decompose
high-cardinality features into compact token sets.

Joint optimization and value alignment.
DGI (Wang et al., 2026b) proposed differen-
tiable geometric indexing to bridge the gap be-
tween DoclD construction and downstream re-
trieval, though at the cost of increased coupling
and deployment complexity. In the advertising
domain, GR4AD (Xue et al., 2026) replaced the
final quantization level with a hash-based mapping
over categorical business attributes (e.g., conver-
sion type, account ID), reducing the collision rate
from 85% to 18% but not eliminating collisions.
UniVA (Zhang et al., 2026) adopted a classify-
then-bin strategy that groups items by commercial
attributes and discretizes bid values within each
group. Although both approaches encode business
signals at the last DoclID level, they remain fun-
damentally fine-grained clustering or hash-based
mappings that discretize business attributes into cat-
egorical buckets, without introducing the notion of
ordinal ranking among items. As a result, they can-
not guarantee collision-free assignment and require
reconstruction when attribute definitions or value
distributions change. In contrast, CRID uses simple
ordinal ranking by a single business-value statistic,
explicitly encoding a numerical order that the au-
toregressive model can generalize over, achieving
collision-free assignment by construction and sup-
porting incremental updates through intra-cluster
reranking alone.

Subsequent work extends the value-ranking idea
from item-level statistics to query-item cross statis-
tics, enabling finer-grained personalization (Zhan
et al., 2026b).

B Experimental Details

We constructed CRID based on a candidate pool
of over 300M items from the Taobao e-commerce
search scenario. The corpus is assembled from
Taobao search logs and the platform’s item catalog
and is proprietary. No public dataset citation is
provided. For representation learning, we collected
approximately 100M query-item pairs filtered by
a relevance model and trained a shared-encoder
model to produce 256-dimensional item embed-
dings via contrastive learning with in-batch nega-
tives on 128 GPUs with a per-GPU batch size of
256. Since the CRID scheme and the discretization
scheme are fully decoupled, we used RQ-KMeans
to build semantic clusters. Specifically, we sam-
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pled 100M examples and applied hierarchical mini-
batch KMeans with a batch size of 4M for 3 epochs.
Unless otherwise specified, no auxiliary techniques
such as balancing were used. Following main-
stream codebook settings, we used an 8192 x 8192
configuration for the first two semantic codebook
levels, and used business-value rank as the third
level, with the rank space determined by the num-
ber of items in each cluster. We use a three-level
codebook to balance discretization error and infer-
ence latency. CRID’s collision-freeness holds at
any depth.

The GR training pipeline consists of two stages:
DocID memorization and Supervised Fine-Tuning
(SFT). In the DocID memorization stage, the model
is trained to predict DocID sequences from item
features, warming up the newly added DocID vo-
cabulary. To reduce training cost, we evaluated
CRID using a 40M-sample subset of the training
data. Empirically, models trained at this scale had
largely converged, and the resulting performance
was stable enough to reflect relative differences
among methods. We did not observe any rank-
ing inversion when training was extended further.
Due to practical constraints such as online latency,
all experiments were conducted using Qwen2.5-
0.5B (Yang et al., 2024).

For full-scale online deployment (§3.4), we
adopted a production-grade training pipeline with
a larger-scale SFT stage and an additional Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) stage. Specifically, the SFT stage uses over
150M training samples, and the DPO stage samples
1M queries with an average of 10 response pairs
per query for preference optimization. The DPO
stage provides an incremental improvement of ap-
proximately 0.5 pp in offline in-search conversion
HR@1000. The CRID semantic codebook was
configured as 32768 x 8192 with a business-value
rank range of 8192. The larger first-level vocabu-
lary reduces average cluster size, favoring top-K
performance as shown in §4.3, while the rank range
provides headroom for future pool expansion.

During inference, we used constrained beam
search with a dynamic beam size. Specifically,
we enforced valid-path constraints for the first two
DoclD positions, constraining the beam to only
expand valid prefixes according to the codebook
trie, with a beam size of 1000. For the last DocID
position, we removed the trie constraint to reduce
prefix-tree memory overhead and capped the beam
size at 10,000, which was sufficient for the metrics
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Figure 6: Cumulative probability of beam search outputs
under different maximum new token settings (MaxLen
=1, 2, 3). Solid lines denote the mean probability;
shaded regions illustrate the mean—median (P50) gap
with gradient coloring fading toward the median.

considered in our experiments.

Out-of-search conversion samples refer to con-
versions where the purchased item belongs to the
same product category as the query intent, but the
conversion itself did not occur in the search sce-
nario. Both conversion count and click count used
for business-value ranking are computed over a
30-day rolling window.

C Dynamic Beam Size Calibration

A three-level codebook requires stage-specific
beam widths. As shown in Fig. 6, the cumulative
probability distribution over candidates becomes
progressively flatter at later decoding stages: early
stages concentrate probability mass on a small num-
ber of candidates, while later stages spread it across
an increasingly long tail. Applying a uniform beam
size across all stages would over-allocate resources
at early stages and under-allocate at later ones,
wasting inference compute.

We calibrate stage-wise beam sizes by defin-
ing a probability cutoff at the MaxLen=3 curve
at rank 1000 (dashed line in Fig. 6). The ranks
at which the MaxLen=1 and MaxLen =2 curves
drop below this cutoff—approximately 78 and 318,
respectively—indicate the effective beam width
needed at each stage to maintain equivalent cov-
erage. This yields calibrated beam sizes of ~80,
~320, and 1000; the deployed setting of 100, 400,
and 1500 (§3.4) rounds up to provide a safety mar-
gin. The cutoff rank is configurable: adjusting it
to match the desired recall budget yields the corre-
sponding stage-wise beam sizes.

The shaded regions in Fig. 6 reveal a notable
mean—median gap, most pronounced at the first
decoding stage (MaxLen=1) and diminishing at
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Figure 7: Per-group logistic CDF fits (left of each pair) and corresponding hit-density distributions (right) for CRID
and FORGE across all prefix N-gram match groups (rows) and business-value rank groups (columns). Each panel is
annotated with R?, ;1(K), o(log K), and sample proportion. These are the full per-group fits summarized by the

heatmap in Fig. 3.

later stages. The gap indicates that query-level
difficulty is most heterogeneous during semantic
cluster selection: the majority of queries exhibit
concentrated probability mass over a few top clus-
ters, while a tail of ambiguous queries spreads prob-
ability across many candidates, pulling the mean
above the median. As decoding progresses and the
candidate space is narrowed by earlier stages, this
difficulty disparity shrinks. The pronounced first-
stage gap further motivates stage-specific beam
sizing: relative to the median, a larger beam at
the first stage is needed to accommodate the dif-
ficult queries whose probability mass is broadly
dispersed.

D Full Hit-Density Analysis

We treat each group’s Hitrate on a log scale as a
cumulative distribution function (CDF). Since Hi-
trate is monotonically increasing and bounded, we
model it as a shifted and scaled CDF of a logis-
tic distribution on log K, with mean g and scale
s, plus offset and amplitude parameters to accom-

modate the bounded range of Hitrate. We then
differentiate the fitted CDF to obtain the hit-density
distribution, whose mean p(K) and standard devi-
ation o (log K') characterize each group’s retrieval
behavior.

Fig. 7 shows per-group logistic CDF fits and hit-
density distributions for CRID and FORGE across
all prefix N-gram x business-value rank groups,
extending the heatmap summary in Fig. 3.

The prefix 3-gram groups (top row) are excluded
from the main-text heatmap because both methods
achieve near-saturated Hitrate with nearly overlap-
ping CDF curves, indicating negligible additional
benefit from statistical prior generalization when
a full-path prefix match exists. The rank 1000+
groups are excluded due to insufficient sample size
for reliable fitting. For the remaining 3 x3 groups,
the full per-group fits confirm the pattern discussed
in §4.2: CRID achieves substantially lower u(K)
than FORGE for top-ranked items and uniformly
smaller o (log K') across all groups, and its u(K)
increases monotonically along the rank axis, while
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Figure 8: Full-resolution analysis of the composition effect across codebook configurations, extending Fig. 5
to both HR@10 and HR@1000. Each subfigure shows per-group Hitrate vs. average cluster size (left column),
aggregated Hitrate trends (right column), and composition shift (bottom). The rank subfigure additionally overlays
fixed-composition averages to isolate the composition drift effect.

FORGE exhibits no such structure.

In contrast, the prefix 0-gram groups (bottom
row) reveal that CRID retains a substantial advan-
tage even without behavioral overlap: for Rank
0-10, CRID achieves p(K) ~ 34 versus FORGE’s
pu(K) ~ 181, indicating that ordinal ranking pro-
vides strong statistical prior generalization indepen-
dent of personalized preference.

A notable anomaly appears when comparing
the prefix 1-gram and O-gram groups: despite
stronger behavioral overlap, the 1-gram group ex-
hibits slightly higher pu(K) (i.e., worse perfor-
mance) than the 0-gram group at small K. We
attribute this to autoregressive prefix bias: beam
search assigns higher probability mass to candi-
date paths with longer prefix matches, dispropor-
tionately allocating beam slots to 2-gram and 3-
gram candidates and “crowding out” 1-gram tar-
gets. The 0-gram group is less affected because
it includes high-frequency, highly specific queries
(e.g., “iPhone 17 Pro Max”) whose target items
are retrieved via semantic matching rather than se-
quential preference, reducing dependence on beam
allocation among prefix-match groups.

E Full Composition Effect Analysis

Fig. 8 extends the main-text analysis (Fig. 5)
to both HR@10 and HR@1000, from both the

business-value rank and prefix N-gram perspec-
tives.

Business-value rank perspective (Fig. 8A). The
composition-driven reversal discussed in §4.3 is
present at both HR@10 and HR@1000, but the
effect is more pronounced at HR@10: per-group
slopes are steeper (Rank 0-10: 0.031 for HR@10
vs. 0.005 for HR@1000), indicating that cluster
size has a larger impact on top-K retrieval. Ac-
cordingly, the gap between the fixed-composition
and actual weighted averages widens more rapidly
at HR@10 (right-column panels), confirming that
composition shift is the dominant factor limiting
top-K performance under larger cluster sizes.

Prefix N-gram perspective (Fig. 8B). Unlike
the rank perspective, per-group Hitrate does not
uniformly increase with cluster size. The 3-gram
group remains saturated (~1.0 for HR@1000,
slope ~ 0), while the 2-gram, 1-gram, and O-
gram groups all degrade as cluster size increases
(HR@1000 slopes of —0.047, —0.044, and —0.019,
respectively), reflecting that larger clusters dilute
prefix coverage and increase intra-cluster disam-
biguation difficulty. Meanwhile, composition shifts
toward stronger prefix groups as cluster size in-
creases (2-gram share rises from 14% to 32%; 0-
gram share drops from 30% to 18%), but this favor-
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able shift cannot offset the per-group degradation,
and the weighted average still declines. Thus, the
prefix perspective also exhibits opposing forces:
larger clusters shift composition toward stronger
prefix-match groups but degrade per-group Hitrate.
Combined with the rank perspective, where larger
clusters improve per-group statistical prior but shift
composition away from top-ranked groups, these
opposing forces across the two dimensions pre-
clude a universally optimal cluster size.
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