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Abstract

Generative retrieval replaces item IDs with Se-
mantic IDs (SIDs) decoded autoregressively
by a sequence model. Playing the role of to-
kenizer, the codebook largely determines the
quality of generative retrieval. Existing code-
book metrics, however, only characterize the
global uniformity of code usage and do not
reveal whether an individual SID correctly rep-
resents its item or separates it from others. To
address this problem, we propose two metrics
and a matching training objective. Firstly we
build a query-centered triplet dataset (g, a, p, n)
from large-scale user behavior. On top of this
dataset we define Overlap, a prefix-based dis-
tance between two SIDs, and Pairwise Over-
lap Ranking (POR), the fraction of triplets
where a codebook places the positive closer to
the anchor than the hard negative. Both metrics
correlate strongly with downstream Hit Rate in
GR. We then introduce the Differentiable Soft
Overlap Loss (DSOL) to incorporate these two
metrics into training and optimize the codebook
directly. On a public e-commerce benchmark
(ESCI-us) and a large-scale industrial video
search dataset, DSOL improves HR and POR
over standard SID baselines.

1 Introduction

Generative retrieval (GR) (Wang et al., 2022;
Bevilacqua et al., 2022a; Geng et al., 2022) frames
retrieval as a sequence-to-sequence problem in
which a decoder autoregressively emits the iden-
tifier of the target item, and it is becoming a
practical alternative to the ANN-based two-tower
paradigm (Tay et al., 2022; Bevilacqua et al.,
2022b). Nowadays, mainstream GR methods re-
place arbitrary integer IDs with Semantic IDs
(SIDs), tuples of discrete codes produced by a
residual-quantization variational autoencoder (RQ-
VAE) (Bevilacqua et al., 2022b; Zeghidour et al.,
2021), after which a generative decoder uses beam
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Figure 1: An example of SIDs in video search: clips of
two football players (Ronaldo, Messi) share a long SID
prefix, while a related but semantically off video about
a coach (Guardiola) diverges earlier on its SID.

search to produce candidate document IDs for a
given query ¢q. Because the codebook acts as a to-
kenizer that grounds every step of this decoder, it
largely determines the quality of GR (Rajput et al.,
2023). A growing body of follow-up work targets
the codebook directly: some efforts redesign the
quantizer itself (Wang et al., 2024; Si et al., 2024;
Wan et al., 2026), while others reshape the prefix
structure with contrastive signals (Pang et al., 2025;
Liu et al., 2026; Hu et al., 2026). Since there are
many methods dedicated to improving codebooks,
there should also be assessments for codebooks.
This raises a consequent question: how do we mea-
sure codebook quality?

A widely accepted intuition is that a good code-
book should produce SIDs that fully represent the
semantics of an item and remain discriminative
against other items (Liu et al., 2026). Figure 1 il-
lustrates this intuition with a concrete example. In
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video search, among the videos relevant to a query
about football players’ highlights, match clips of
Cristiano Ronaldo and Messi should share a long
SID prefix, while a topically related but semanti-
cally off video about Guardiola, who is a coach
rather than a player, should diverge from them on
SID. A useful codebook-quality metric should be
able to measure exactly this kind of discrimination.

However, today’s codebook metrics which are
frequently used, such as Independent Coding Rate
(ICR) (Chen et al., 2025; Kuai et al., 2024) and
Gini coefficient (Fu et al., 2025), lack the ability to
capture semantic relevance at all. They only mea-
sure how evenly the codewords are used and say
nothing about whether an individual SID correctly
represents the semantics of its item. As a result, the
offline numbers reported for a codebook are largely
disconnected from the downstream retrieval quality
we actually care about.

Building on this observation, we construct a
query-centered triplet dataset in which (a, p) are
drawn from clicked, high-relevance items under
the same query. The hard negative n is drawn from
items that appeared under the query but were ig-
nored by users and have low query-item relevance,
which supplies hard negatives at no extra cost. On
top of this triplet structure we introduce Overlap,
a prefix-based distance between two SIDs, and
Pairwise Overlap Ranking (POR), the fraction
of triplets (a, p,n) on which a codebook correctly
places p closer to a than n. POR is per-triplet by
design and probes the property that matters most
for generative retrieval, namely how representative
a SID is relative to other candidate items. In the sec-
tion of experiments, we prove that both POR and
the average Overlap(a, p) track HR@ 100 strongly,
while ICR and Gini show only weak or no correla-
tion with HR. The ranking of codebook methods
on POR is also highly correlated with their ranking
on HR, so POR can serve as a relative reference
signal for retrieval quality and partially obviates
expensive end-to-end evaluation.

Finally, we turn Overlap and POR into a train-
ing signal. Overlap and POR both rely on hard
prefix matching and are not differentiable as writ-
ten. Building on prior work on differentiable in-
dices (Wang et al., 2026; Fu et al., 2026), we
introduce the Differentiable Soft Overlap Loss
(DSOL), which relaxes Overlap into a differen-
tiable form and uses a margin loss to align training
with POR. On a public e-commerce retrieval bench-
mark (ESCI-us) and a large-scale industrial video

search dataset, DSOL improves both HR and POR
over standard codebook-learning baselines. Over-
all, we make the following contributions:

* We identify that current codebook metrics are
global uniformity statistics and do not reflect
downstream retrieval quality.

* We propose Overlap and POR, two triplet-
based metrics that probe per-SID representa-
tiveness, and show that they correlate strongly
with HR@100 across a large tokenizer sweep.

* We propose DSOL, a differentiable relaxation
of Overlap with a margin loss aligned to POR,
which improves both HR and POR over stan-
dard SID baselines on ESCI-us and a large-
scale industrial video search dataset.

2 Related Work

2.1 Generative Recommendation with
Semantic Identifiers

The seminal work in generative recommendation,
TIGER (Rajput et al., 2023), replaces arbitrary IDs
with Semantic IDs (SIDs) that encode item seman-
tics hierarchically. A seq2seq model is then trained
to autoregressively generate the next item’s SID via
beam search over the code vocabulary. Subsequent
work improves the codebook along different axes.
A kind of work refines the quantizer architecture
and regularization (Si et al., 2024; Liu et al., 2026;
Wan et al., 2026; Chen et al., 2025), by injecting
collaborative signals, tree structure, category pri-
ors, or reference-vector guidance into the RQ-VAE
objective to improve codebook utilization and se-
mantic cohesion. Another kind of work brings con-
trastive learning into codebook training (Hu et al.,
2026; Pang et al., 2025; Wang et al., 2024), using
either Hamming distance (Norouzi et al., 2012) or
InfoNCE (Rusak et al., 2025) to align semantic
IDs. Both adopt a pairwise formulation that pulls
a positive together and pushes other items apart.
There are also some methods that attempt to further
separate the SID to avoid collisions, using methods
such as OPQ (Ge et al., 2013; Zhao et al., 2026)
and FSQ (Mentzer et al., 2024; Xia et al., 2026) to
open up the codebook space.

These works concentrate on the codebook itself
reflect a common premise: the quality of the SID
codebook largely determines the quality of gen-
erative retrieval. When the codebook fails to re-
flect semantic structure, or when too many items
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collide on the same identifier, downstream retrieval
degrades accordingly.

2.2 Metrics for Codebook Quality

Measuring codebook quality is an active line of
research. A widely used metric (Chen et al., 2025)
is the Independent Coding Rate (ICR), the frac-
tion of items that receive a globally unique SID. Fu
et al. (2025) propose the Gini coefficient of per-
codeword assignment frequencies as a finer-grained
indicator of usage imbalance, arguing that a code-
book can be evenly utilized yet highly skewed. Hu
et al. (2026) report SID entropy. There are also
some similar metrics, such as collision rate (Li
et al., 2025) and codebook utilization rate. All of
these metrics, however, characterize only global
properties of the codebook assignment, i.e. how
evenly the codebook is used, or how cleanly clus-
ters separate in the embedding space. None of them
directly ask whether an individual SID represents
its item and distinguishes it from other semantically
similar items, which is the property that ultimately
matters for beam-search retrieval.

3 Method

As discussed in Section 2, existing codebook met-
rics characterize only global properties of the code-
book and offer little guidance toward the down-
stream retrieval metric. We fill this gap in two
steps: we first define a principled way to evaluate
codebook quality, and then convert that evaluation
signal into a training objective. An overview of the
full pipeline is shown in Figure 2.

First of all, we construct a query-centered triplet
dataset that supplies ground-truth notions of “simi-
lar” and “dissimilar” items for any query. On top
of these triplets we define two lightweight metrics
— Overlap, a prefix-based distance between two
SIDs, and POR, which aggregates Overlap values
into a pairwise ranking indicator. Finally, taking
direct optimization of Overlap and POR as our de-
sign principle, we derive the Differentiable Soft
Overlap Loss (DSOL), a fully differentiable ob-
jective whose optimization improves both metrics
above and Hit Rate.

3.1 Triplet Dataset Construction

To evaluate whether a SID correctly represents the
semantics of its item, we need pairs of items whose
relative similarity is known. We obtain such super-
vision from the large-scale query log of an indus-
trial video search platform. For each query ¢ we

sample an anchor item a that is clicked by users
under ¢ with high query—item relevance. We then
sample a positive item p that is also clicked under
the same ¢ and is also highly relevant. By con-
struction, p is semantically close to a. We sample
a negative item n that appears under ¢ but is not
clicked and has low query—item relevance. Because
n shares the same query context as a and p, it is
topically related in a broad sense, yet it differs from
a in the fine-grained semantics that led the user to
ignore it. This yields a triplet dataset

D = {(gi, ai, pi, i) Y11,

in which the pair (a, p) should be closer than (a,n)
in any reasonable semantic space.

For the public ESCI-us benchmark, where user
clicks are unavailable, we take the role of “clicks”
from the Exact relevance label and the role of
“low-relevance negatives” from Irrelevant or
Complement items under the same query; this pre-
serves the same structure — positives genuinely
answer the query, hard negatives are topically rele-
vant substitutes that do not.

3.2 Overlap: Measuring SID Similarity

A shared-prefix notion of this form has appeared
in prior SID analyses (Singh et al., 2024), but
only as an informal signal rather than for eval-
uating codebook quality. Inspired by previous
work, we propose Overlap as a new metric.
Given a SID of length L, written as c(z) =
(co(x),c1(z), ... ,cr—1(x)), we measure the sim-
ilarity between two SIDs by the length of their
shared prefix. Since a SID is generated in a coarse-
to-fine manner, agreement on early tokens indicates
agreement on broad semantic category, while agree-
ment on later tokens indicates agreement on finer
distinctions. Two items that share no prefix should
be considered far apart in the SID space, regardless
of how many later tokens happen to match.

Formally, we define the prefix length of a pair of
items A and B as the largest ¢ such that the first ¢
tokens agree:

((A,B) = max{¢€{0,1,...,L}|

Cd(A) = Cd(B), Vo <d< €} M

The Overlap between two SIDs is the prefix length
normalized by the SID length:

(A, B)
L 9

Overlap(A4, B) = )
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Figure 2: Overview of our pipeline. From a query-centered triplet dataset, we define Overlap as the prefix length
between two SIDs and aggregate it into POR, a pairwise ranking indicator over (a, p, n) triplets. The Differentiable
Soft Overlap Loss (DSOL) relaxes Overlap into a differentiable objective and trains the SID tokenizer toward
higher POR, which directly transfers to downstream Hit Rate.

which takes values in {0, 1/L, 2/L, ..., 1}.

This design matches the hierarchical nature of
residual quantization: a broken prefix implies that
two items were routed into different regions at the
coarsest stage of quantization, after which any later-
stage coincidence is semantically meaningless. It
also matches beam search: once a beam commits
to the wrong first token, no amount of matching at
later steps can recover the correct item.

3.3 POR: Pairwise Overlap Ranking

Given the raw distance between two SIDs, we can
now reason about the geometric relations among
the three members of a triplet. For a single
triplet (a,p,n), a good codebook should satisfy
Overlap(a, p) > Overlap(a,n): this comparative
relation is precisely the way we quantify how much
genuine semantic information the reconstructed
SIDs carry about their items. We now turn this
intuition into a formal indicator.

Concretely, for a triplet (a,p,n) € D we define
the indicator

1, if Overlap(a,p)

I (a,p,n) = > Overlap(a,n), (3)

0, otherwise.

The Pairwise Overlap Ranking (POR) of a code-
book is the expectation of this indicator over the

dataset:

POR(D “4)

ZH> 1,

tED

where ¢t = (a,p,n) denotes a triplet in D. POR
answers a precise question: on what fraction of
triplets does the codebook correctly place the posi-
tive closer to the anchor than the negative? Unlike
ICR or Gini, which measure only global codebook
statistics, POR probes whether an individual SID
represents its item and separates it from similar
but less relevant competitors. Alongside POR, we
also track the Overlap averages E[Overlap(a, p)],
which quantify how tightly positive pairs are pulled
together. Subsequently we show empirically that
both POR and E[Overlap(a, p)] correlate strongly
with downstream Hit Rate, confirming that they
capture the codebook property most relevant to
generative retrieval.

3.4 Preliminaries: Reconstruction Losses in
Generative Retrieval

Standard generative retrieval tokenizers (Rajput
et al., 2023) encode an item into a latent z
Encoder(x) € RP and apply an L-layer resid-
ual quantizer to produce a discrete code tuple
(co,...,cr—1). Atlayer d, given residual r(d (with
r(® = 2z) and codebook {egd), . ,e%)} C RP,
the quantizer picks the nearest codeword and passes
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the remainder to the next layer:

l;:(d) = arg mkin ||I.(d) e](;i)||27 4)
d+1) _ p(d) _ o(@)
pld+1) — () _ ey (6)

(d)
€@ aP-

proximates z, and a decoder D(-) reconstructs the
original input from z. The tokenizer is trained end-
to-end with a reconstruction loss

The quantized representation z = Z de 0

D(2)|3, (7)

»Crecon = HX -

together with a residual-quantization loss

T
L

Erq = k(d) H2

(Iselx®) — e

0

a
Il

+ | — sglelf) 1I3), ®
where sg|-| is the stop-gradient operator. The two
terms inside L;q are the standard codebook loss
and commitment loss inherited from the VQ-VAE
family, balanced by 7.

3.5 Differentiable Soft Overlap Loss

Having defined POR and Overlap as evaluation
indicators, we consequently try to make them par-
ticipate in training and directly optimize these two.
The obstacle is that both quantities are discrete: the
prefix-length function in Eq. 1 and the pairwise
comparison in Eq. 3 are non-differentiable, so nei-
ther can serve as a gradient signal. Inspired by
previous works on Gumbel softmax (Jang et al.,
2017), we therefore introduce an end-to-end dif-
ferentiable continuous relaxation of Overlap, on
top of which we build a training objective the Dif-
ferentiable Soft Overlap Loss (DSOL), casting
the Pairwise Overlap Ranking relation itself into a
margin-based loss so that the triplet-level ordering
drives every gradient step.

Soft Assignment. Instead of the hard assignment
in Eq. 5, we define a soft assignment probability
over codebook entries at layer d:

d
exp [ — ef”||?/7)

>K, exp(_Hr(d) _ e(d)Hz/T> :

where 7 > ( is a temperature parameter.

©))

Layer-wise Soft Overlap. For two items A and
B with residual vectors rff) and rg) at layer d,
their soft overlap is defined as the inner product of

their soft assignment distributions:

Zpk I'A (

This quantity lies in (0, 1]: it approaches 1 when
both items are assigned to the same codebook entry,
and approaches 0 when they are assigned to entirely
different entries. Crucially, this construction makes
the Overlap computation end-to-end differentiable
with respect to the codebook.

Overlap,(A, B) B). (10)

Global Margin Ranking Loss. We define a
weighted global overlap that emphasizes suffix lay-
ers:

Zd o Wq - Overlapd(A, B)
>0 wa ’
(1)

with layer weights wg = w; = 0, w2 = w3 =
1. The zero weights on prefix layers ensure that
this loss does not push negatives away in early
layers, allowing negatives to naturally maintain
prefix consistency with the anchor. The global
margin ranking loss is:

Overlap(A B) =

Lgioba = E[ max (0, m + Overlap(a, n)
— Overlap(a, p))], (12)

where m is the margin hyperparameter.

Prefix Alignment Loss. We add a complemen-
tary pull-only prefix loss whose sole job is to pull
both (a, p) and (a, n) toward the same coarse buck-
ets at the first two prefix layers. Treating each
layer overlap as a Bernoulli success probability
and reusing the layer weighting of Eq. 11:

Lorefix = —Y_qWq E[log Overlap,(a, p)
+ log Overlap,(a, n) } , (13)

with normalized layer weights Wq = wq/ >y wa
and wg = w1 = 1, wg = wg = 0. The zero
weights restrict Lyefix to prefix layers 0-1. The
— log form gives large gradients at small overlaps
and saturates as overlap approaches one. With
Loprefix on layers 0-1 and Lgjoba on layers 2-3, pre-
fix alignment and suffix separation act on disjoint
depth ranges.
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Combined SOL Objective. The full Soft Over-
lap Loss combines the reconstruction terms with
the two complementary triplet terms:

['SOL = /Crecon + »er +a- »cglobal =+ 5 ’ EpreﬁXa (14)

where Lgiopa1 pushes negatives away at the suffix
layers and Lprefix aligns positives at the prefix lay-
ers, with a and [ scaling their contributions on top
of the standard reconstruction objective. The down-
stream generative retrieval model is then trained in
the usual way on the frozen SIDs.

4 Experiments

We design our experiments around three questions.
(Q1) Does DSOL improve downstream generative
retrieval relative to standard SID baselines on both
public and industrial datasets? (Q2) Is POR a better
metric for codebook quality than the global unifor-
mity metrics (ICR, Gini) used today, i.e., does it
track HR more reliably? (Q3) Do the individual
components of DSOL (the prefix alignment loss
and the global margin loss) contribute to its final
performance?

4.1 Experimental Setup

Datasets. We evaluate on two retrieval corpora
chosen to cover the public e-commerce and indus-
trial search settings. ESCI-us (Reddy et al., 2022)
is the US slice of the Amazon ESCI benchmark
with ~482k query—item pairs and four relevance
grades (Exact, Substitute, Complement, Irrelevant).
For triplet construction we take Exact items as the
anchor/positive pool and Irrelevant/Complement
items under the same query as hard negatives. In-
dustrial is an industrial-scale search log from a
commercial search platform; triplets are built from
user clicks and a calibrated relevance score. Both
datasets are tokenized with SIDs of length L = 4
and codebook size K = 256.

Baselines. We compare against a ladder of re-
trievers, organized by paradigm: (1) Sparse —
BM25 (Robertson and Zaragoza, 2009) over the
item text fields; (2) Dense — DPR (Karpukhin
et al., 2020) with FAISS search (Johnson et al.,
2019); (3) Quantization tokenizers — RQ-
VAE (Rajput et al., 2023) (the TIGER tokenizer),
K-means (Bradley et al., 2000; Luo et al., 2025)
with residual clustering, and RQ-OPQ (Chen
et al., 2025); (4) SID improvements — CRQ-
VAE (Pang et al., 2025), a cluster-regularized

residual quantizer trained with contrastive supervi-
sion. For all quantization-based methods we fix the
downstream generative model and only replace the
SID tokenizer, which isolates the contribution of
codebook quality.

Generative backbone and training. We use
a decoder-only Qwen3-0.6B (Yang et al., 2025)
as the GR backbone on Industrial and an MT5-
base (Xue et al., 2021) on ESCI-us. Training uses
AdamW with learning rate 10~%, batch size 32-128
(dataset dependent) and 30 epochs.

Metrics. We report Hit Rate at {10,100}
(HR@F) and Mean Reciprocal Rank at {10,100}
(MRR@k) on the SID generation task, together
with the codebook-quality metrics Overlap(a, p)
and POR. For the correlation study (Section 4.3)
we additionally report ICR and the Gini coefficient
to demonstrate the contrast.

4.2 Main Results

Table 1 reports HR@k, MRR@F, ICR, and POR
on Industrial and ESCI-us. Three patterns stand out.
First, against every generative retrieval baseline as
well as BM25 and DPR, DSOL attains the best HR
on both datasets: HR@100 of 0.210 on Industrial
and 0.495 on ESCI-us, which shows that our code-
book optimization is effective. DSOL also leads
on MRR@10 and MRR@100 on both datasets.
Second, DSOL achieves the highest POR among
SID tokenizers (35.31% on Industrial, 33.96% on
ESClI-us), confirming that the loss does optimize
the pairwise overlap ranking it was designed for.
We further quantify the correlation between POR
and HR in Section 4.3.

The margin between DSOL and CRQ-VAE de-
serves a closer look, since both methods apply
some form of contrastive supervision to the code-
book. CRQ-VAE lacks an explicit suffix-separation
mechanism: its ICR is markedly lower (61.32 on
Industrial), suffix codes are reused more often, dis-
tinct items collide on the same SID, and retrieval
performance drops accordingly. DSOL avoids this
by combining prefix alignment with an explicit suf-
fix margin loss, which helps to yield both higher
ICR and higher HR.

4.3 Analysis of Codebook Metrics

To address Q2, we sweep several SID tokeniz-
ers (RQ-VAE, K-means, CRQ-VAE, RQ-OPQ and
DSOL) on the same corpus with identical down-
stream training and record the codebook metrics
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Table 1: Performance comparison of different retrieval methods on two datasets. HR @k denotes Hit Rate at k
and MRR@F denotes Mean Reciprocal Rank at k. ICR and POR are codebook-quality metrics and only apply to
SID-based methods. Bold indicates the best result and underline indicates the second-best result. Dashes indicate
metrics could not be computed in the current run. The results of the table are obtained from multiple runs.

Model Industrial ESCI-us
HR@I0 HR@I100 MRR@10 MRR@100 ICR(%) POR(%)| HR@10 HR@100 MRR@10 MRR@I100 ICR(%) POR(%)
BM25 0.153 0.191 0.085 0.097 - - 0.255 0.405 0.148 0.157 - -
DPR 0.126 0.162 0.069 0.084 - - 0.318 0.482 0.158 0.169 - -
RQ-VAE 0.113 0.149 0.059 0.081 71.32 3058 | 0.166 0.237 0.087 0.093 69.68  30.41
RQ-kmeans 0.128 0.157 0.071 0.084 70.81  32.26 | 0.231 0.291 0.136 0.140 7123 31.52
K-means 0.146 0.187 0.083 0.098 72.73  34.87 | 0.245 0.306 0.142 0.146 7472 3243
RQ-OPQ 0.145 0.181 0.086 0.101 68.02 3392 | 0.183 0.267 0.098 0.102 76.36  19.82
CRQ-VAE 0.151 0.196 0.079 0.103 61.32 3451 | 0.314 0.451 0.157 0.162 62.83  33.02
DSOL (Ours) | 0.166  0.210 0.093 0.108 66.70 3531 | 0.337  0.495 0.172 0.179 73.39  33.96
020 linear fit (slope=0.0050) Table 2: Pearson correlation between codebook metrics
- Low-HR . .
HichHR vegion o ® and downstream HR @ 100. POR-family metrics are far
0.19 5 better aligned with retrieval quality than global unifor-
mity metrics.
o 0.18 A Y
=
® -
& 0.17 Metric Pearson r vs. HR@100
o6 ICR ~0.33
° % RovAE Gini 0.24
0.15 A RQ-OPQ
@ KMeans Overlap(a, p) 0.89
CRQ-VAE
POR 0.95
20 22 24 26 28
Overlap(pos) (%)
(a) Overlap(a, p) vs. HR@100 Table 3: Ablation of DSOL components on Industrial.
, HR @100 is the downstream retrieval metric; POR is the
linear fit (slope=0.0094) . . . . . . .
0.20 Low-HR region triplet-ordering metric DSOL is designed to optimize.
High-HR region o ©®
0.19
Variant HR@100 POR
0.18 A -
S RQ-VAE (baseline) 0.149 30.6%
S 017 + Lgiobal 0.145  30.2%
= + l:preﬁx 0.193 341%
0.16 DSOL (full) 0.210 35.3%
CJ DSOL
* RQ-VAE
RQ-OPQ
0.15 ; K-Means
CRQ-VAE

31 32 33 34

pos > neg (%)

35 36

(b) POR vs. HR@100

Figure 3: POR-family metrics track HR@100 with a
single near-linear trend: r» = 0.89 for Overlap(a, p)
and r = 0.95 for POR.

together with HR@100. Figure 3 shows that the
two POR-family metrics track HR@100 along a
single monotone, near-linear trend, with Pearson
r = 0.89 for Overlap(a, p) and r = 0.95 for POR.
In contrast, the global uniformity metrics in Ta-
ble 2 are uninformative (|r| < 0.35 for both ICR
and Gini): they describe how evenly the codebook
is used, but not whether a given SID is representa-
tive of its item. We will display the sample points
of Gini and ICR in the Appendix to show their
trends with HR@100.

4.4 Ablation Study

Table 3 adds DSOL’s two terms one at a time on
top of an RQ-VAE baseline. Starting from baseline,
adding Lgjobar slightly lowers both HR and POR
(0.145, 30.2%): on its own, the suffix-only push
pulls codewords apart and gives no compensating
prefix alignment. Adding Lprefix, in contrast, raises
both metrics (0.193, 34.1%), since constraining the
prefix keeps semantically similar items in the same
coarse bucket. Full DSOL combines the two and
reaches the highest POR and HR@100. The two
terms thus play complementary roles, with Lgjobal
providing the suffix-level separation and Lprefix pro-
viding the prefix-level alignment.

4.5 Qualitative Case Study

For one high-volume query from the industrial-
search log— “Peppa Pig Complete Collection (Chi-
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Table 4: SIDs assigned by DSOL and RQ-VAE to dis-
tinct videos retrieved under the same query Peppa Pig
Complete Collection (Chinese version) on Industrial.
Tokens in red (DSOL) and blue (RQ-VAE) mark prefix
layers on which all listed items share the same code.

Q: Peppa Pig Complete Collection (Chinese version)
DSOL (Ours) | RQ-VAE

<A_77,B_71,C_137,D_208>| <A_2,B_68,C_246,D_218>
<A_77,B_71,C_191,D_248>| <A_2,B_223,C_250,D_117>
<A_77,B_71,C_239,D_115>|<A_114,B_196,C_23,D_102>
<A_77,B_71,C_171,D_84> |<A_247,B_21,C_195,D_218>
<A_77,B_71,C_239,D_166>|<A_151,B_89,C_170,D_218>
<A_77,B_71,C_129,D_119> 2,B_68,C_50,D_218>

<A_2,B _50,D_
<A_77,B_71,C_137,D_8> | <A_2,B_63,C_103,D_218>

kid babybus =
zombie kld
Nursery Rhymes Boonie Bears
Full Versilzneppa Pig ame
english horror _Ca
baby.“‘cartoon Full Version

(a) DSOL — A_77 (b) RQ-VAE — A_2

Figure 4: Word clouds of the dominant first-layer pre-
image under the same query. Red words in (b) are
annotations for tokens semantically off the query intent.

nese version)”—we compare the SIDs that DSOL
and RQ-VAE assign to seven returned videos (Ta-
ble 4). Under DSOL all SIDs share the prefix
A_77, B_71. In contrast, under RQ-VAE the
videos scatter across four first-layer codes, and
even the four sharing A_2 diverge at the second
layer. The same gap shows up at the corpus level
(Figure 4): DSOL’s A_77 pre-image consists of
children-animation tokens (Peppa, cartoon, kids),
whereas RQ-VAE’s A_2 pre-image mixes the car-
toon head with off-topic words highlighted in red
(e.g., game- and horror-related), which we man-
ually marked after the run as semantically incon-
sistent with the query intent. The numerical gap
measured by Overlap(a, p) and HR@100 thus has
a clean linguistic correlate: DSOL’s prefix codes
carry query intent and RQ-VAE’s do not.

4.6 Hyperparameter Sensitivity

We sweep the two SOL coefficients o and 5 over
a5 x 5 grid in {0.5,0.2,0.1,1072,1073} on In-
dustrial and report HR@ 100 in Figure 5. Across
the broad central region (any « paired with 8 €
{1072,1071}), HR@100 stays within 19.1-21.0,
indicating that DSOL is largely insensitive to ei-
ther coefficient. Performance only drops sharply

05 145

02 147

s 01 145

0.5

Figure 5: Sensitivity analysis of the Lgjopa Weight o and
the Lpreix Weight 3.

at 8 = 0.5, where HR@100 falls to about 14.5
because an overweighted prefix loss collapses the
codebook into a single coarse bucket. 3 = 1073 is
also slightly worse since the prefix signal becomes
too weak. The plateau around (o, ) = (0.2,1072)
confirms that DSOL is robust within a sensible
range.

4.7 Cost of POR Evaluation vs. Downstream
SFT

POR is designed as a cheap proxy that tells us
whether a codebook is worth pushing through SFT.
Table 5 compares the cost of computing POR with
that of a full SFT round on Qwen3-0.6B (8 xH20
96G). Compared with SFT, POR adds only about
1.8 GB of disk for the triplet embedding cache and
4.8 MB for the docid triplet table. Because POR
only compares the longest matching prefix among
the three triplet members, the computation is ex-
tremely lightweight. On the 629,736-triplet Indus-
trial set it finishes in roughly 10 seconds with no
GPU usage, while SFT takes 118 minutes to con-
verge. This asymmetry matters when sweeping
codebook sizes, layer counts, loss variants, and
seeds. Using POR as a pre-filter, where SFT runs
only on candidates above a POR threshold, lets
compute concentrate on the candidates with the
highest expected downstream gain.

Table 5: Resource cost of POR vs. SFT (8 xH20 96G).

Stage Extra Disk Wall Time
POR 1.8GB emb. 4 4.8 MB triplets ~ 10s (CPU)
SFT none 118 min
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5 Conclusion

We argued that codebook quality for generative re-
trieval should be measured by a per-triplet ranking
indicator rather than a global uniformity statistic.
On top of a prefix-based Overlap distance we pro-
posed POR, which correlates strongly with down-
stream HR (Pearson r ~ 0.9) where ICR and Gini
do not. Turning POR into a training objective gave
DSOL, a differentiable loss with asymmetric prefix-
pull and suffix-push constraints. DSOL improves
HR and POR over the strongest SID baseline on
two datasets, showing that the metric and the loss
optimize the same property. The metric-as-loss
recipe of defining what matters per item and then
deriving its continuous relaxation should general-
ize to other generative-retrieval problems where
discrete structure meets ranking objectives.

Limitations

Firstly, we do not yet report online A/B test results.
The online serving pipeline is still under devel-
opment and we report only offline metrics in this
paper. Additionally, our triplet construction relies
on both an interaction signal (e.g., clicks) and a
query—item relevance signal. It therefore general-
izes naturally to any industrial setting that exposes
the two signals together, but it does not directly
cover datasets that provide neither. In such cold-
supervision scenarios, building reliable triplets is it-
self an open problem that we leave to future work.
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A Triplet Construction Details per
Dataset

On Industrial, positives are items with click > 0
and a relevance model score above 0.6 (out of
1) under the anchor’s query; negatives are items
with zero clicks and a relevance score below 0.35
under the same query; the anchor itself is drawn
from the clicked high-relevance pool. On ESCI-
us, where click logs are absent, the positive pair
uses two items with Exact label under the same
query, and the negative is drawn from Irrelevant
or Complement items under the same query. We
require anchor, positive and negative to be distinct
items and filter out duplicates. Because the number
of triplets that can be constructed on ESCI-us is
large, we randomly sub-sample 50,000 triplets to
keep training cost comparable across datasets. The
resulting corpus sizes are summarized in Table 6.

Table 6: Statistics of the processed datasets used in this
paper. Triplet denotes the number of (anchor, positive,
negative) triplets used for SID training; on ESCI we
randomly sub-sample 50,000 from a much larger pool.

Dataset Docs  Queries Triplet
ESCI-us 482,105 277,348 50,000
Industrial 5,406,830 408,031 629,736

B Hyperparameters

Throughout all experiments we fix the softmax tem-
perature 7 = (0.5 and the ranking margin m = 0.2.
For the two SOL coefficients in Eq. (14), « scales
the global margin ranking loss Lgjobal (Suffix sepa-
ration) and (3 scales the prefix alignment loss Lprefix
(prefix pulling). We use o = 0.2 and 8 = 1072,
and the same set of hyperparameters is adopted
across the two datasets in Table 1 (Industrial and
ESCI-us) and the additional AOL4PS evaluation in
Appendix C.

C Additional Public Search Dataset

To further evaluate the robustness and generalizabil-
ity of DSOL, we additionally evaluate on AOL4PS,
a public search dataset. On this dataset, we con-
duct POR-HR correlation experiments with the
five quantization tokenizer baselines used in the
main results together with DSOL, under the setting
of code length L = 4 and codebook size K = 256.

The results on AOLAPS further demonstrate
the robustness and generalizability of DSOL on

Table 7: Results of different quantization tokenizers on
AOLAPS with L = 4 and K = 256. The best value per
metric is in bold and the second-best is underlined.

Method HR@10 HR@100 ICR(%) POR(%)
RQ-VAE 0.434 0.473 79.4 37.8
KMeans 0.461 0.527 88.7 50.1
RQ-Kmeans 0.425 0.481 85.4 37.1
RQ-OPQ 0.402 0.516 63.8 45.6
CRQ-VAE 0.479 0.520 81.5 50.7
DSOL 0.472 0.533 82.6 52.8

a public search dataset. DSOL achieves the best
HR @100 among all compared tokenizer methods,
reaching 0.533, and also obtains the highest POR
score of 52.8%.

Moreover, the results again show a strong asso-
ciation between POR and downstream HR@100:
tokenizers with lower POR, such as RQ-VAE and
RQ-Kmeans, also obtain relatively lower HR @100,
while methods with higher POR, such as KMeans,
CRQ-VAE, and DSOL, achieve better HR@100.
This further supports our claim that POR is a reli-
able codebook-quality metric and can serve as an
effective proxy for downstream generative retrieval
performance.

D Effect of Generative Backbone Scale

The main results in Section 4 fix the generative re-
triever to Qwen3-0.6B so that any HR/MRR change
can be attributed to the SID tokenizer alone. To
check that DSOL’s gain over TIGER is not spe-
cific to one backbone, we replace it with Qwen3-
0.6B/1.7B/4B and rerun SFT on Industrial; all other
settings match the main experiments.

Table 8 indicates that backbone scale has only
a limited impact on retrieval quality in this setup,
while the tokenizer choice is consistently decisive:
at every scale, DSOL outperforms TIGER on both
HR @100 and MRR @100.

Table 8: Effect of generative backbone scale on Indus-
trial.

Backbone Tokenizer HR@100 MRR@100
Qwen3-0.6B  TIGER 0.149 0.081
DSOL 0.210 0.108
Qwen3-1.7B  TIGER 0.155 0.083
DSOL 0.214 0.109
Qwen3-4B TIGER 0.163 0.088
DSOL 0.221 0.118
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E Codebook Geometry Ablations

We further ablate the two axes of the resid-
ual quantization codebook: the per-layer code-
book size K and the SID length L. We report
HR@{10, 50,100} together with POR for both
TIGER and DSOL on Industrial.

E.1 Effect of Codebook Size

We fix L = 4 and sweep the per-layer code-
book size K € {128,256,512,1024}. Results
are shown in Table 9. Both tokenizers peak at
K = 256 and then regress as K keeps increasing.
When the codebook is too small, the SID space be-
comes overcrowded and semantically distinct items
collide on neighbouring codes; when it is too large,
each codeword covers only a thin slice of items,
so the per-bucket signal is no longer well concen-
trated. POR 1is consistent with HR @100 and also
peaks at K = 256.

Table 9: Effect of codebook size K on Industrial.

K Tokenizer HR@10 HR@50 HR@100 POR
128 TIGER 0.093 0.120 0.139 29.2
DSOL 0.146 0.184 0.197 33.4
256 TIGER 0.113 0.142 0.149 30.6
DSOL 0.166 0.198 0.210 35.3
512 TIGER 0.110 0.137 0.140 29.0
DSOL 0.163 0.190 0.201 334
1024 TIGER 0.075 0.109 0.123 28.1
DSOL 0.141 0.174 0.182 32.3

E.2 Effect of Number of Layers

We fix K = 256 and sweep the SID length
L € {3,4,5} on Industrial (Table 10). When
L = 3 we set the prefix region to the first layer,
and when L = 5 we extend it to the first three
layers. HR @100 again peaks at L = 4 for both to-
kenizers: a shorter SID under-tokenizes the catalog,
while a longer SID stretches the residual cascade
into deeper layers where the per-layer signal is
dominated by noise. For DSOL, POR decreases
monotonically as L grows (37.7 — 35.3 — 31.7),
which does not exactly track HR; this confirms
that POR is a relative, comparison-based indicator
rather than a strict replacement of HR. Across all
three depths, DSOL outperforms TIGER, indicat-
ing that the loss remains stable as L varies.

Table 10: Effect of number of layers L on Industrial.

L Tokenizer HR@10 HR@50 HR@100 POR

3 TIGER 0.105 0.131 0.140  32.8
DSOL 0.148 0.187 0.199 37.7
4 TIGER 0.113 0.142 0.149  30.6
DSOL 0.166 0.198 0.210 35.3
5 TIGER 0.098 0.130 0.138  28.0
DSOL 0.161 0.189 0.199 31.7

F ICR/ Gini vs. Downstream HR

Section 4.3 reports that ICR and Gini are weakly
correlated with downstream retrieval quality (Ta-
ble 2). Figure 6 visualizes the same sweep of eight
tokenizer variants used in Figure 3 but plots ICR
and Gini against HR@100. Neither variable yields
a clean trend: the points form a flat cloud, and
within-method variants spread along the metric axis
without consistently moving HR@100. This con-
trasts with the near-linear trends in Figure 3, con-
firming that uniformity-based metrics describe how
evenly the codebook is used but say little about
whether a particular SID is representative of its
item.

G Visualization of Triplet Data

To illustrate the structure of our triplet dataset and
how it guides codebook training, we visualize a
few cases of different genres in Figure 7. For each
triplet, we also show the SIDs produced by DSOL
and by the RQ-VAE baseline so that the codebook-
level difference is directly observable.

G.1 Headphone Review

In Figure 7(a), both the anchor a and the positive p
are reviews of the Sennheiser HD800S headphone,
while the negative n is a side-by-side comparison
of several headphone models that does not include
the HD80O0S. All three videos belong to the head-
phone category, but a and p share a clearly stronger
semantic link, so the codebook should give (a,p) a
longer shared prefix than (a,n). Under DSOL the
prefix structure follows this expectation, whereas
RQ-VAE fails to separate n from (a, p) at the early
layers.

G.2 Concert Performance

In Figure 7(b), the anchor a and positive p are two
clips of the same Spring Festival Gala duet per-
formed by Qishan Huang and Curley G, while the
negative n is a solo performance by Curley G alone.
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Figure 6: Global uniformity metrics show no clear trend
with HR@100, in contrast to the POR-family metrics in
Figure 3.

Although n shares a performer with (a, p), the song
and the staging are different. DSOL’s SIDs reflect
this by giving (a, p) a longer common prefix while
letting n diverge earlier, while RQ-VAE assigns
more uniform prefixes that fail to capture this dis-
tinction.

G.3

In Figure 7(c), a and p are short clips about how
to stay awake while driving on the highway, while
n is nominally about “highway drowsiness” but
is actually a review of advanced driver-assistance
systems. DSOL pulls a and p together at the prefix
layers, whereas under RQ-VAE a and p already
disagree at the first codebook layer, which illus-
trates the baseline’s weakness at grouping items
that share fine-grained semantics.

Highway Drowsiness

G.4 CatFood

In Figure 7(d), a and p are both promotional clips
for the same brand of cat food, while n is a behind-
the-scenes look at a cat-food factory. DSOL again
gives (a,p) a long shared prefix. The fact that n

shares no codes with (a, p) under either tokenizer
most likely reflects a genuinely large semantic gap
between consumer-facing promotion and industrial-
line content.

H Discussion on Robustness to Noisy
Triplets

Implicit-feedback triplets can be noisy: posi-
tion bias, user diversity, and query ambiguity
may produce triplets where the assumed order-
ing Overlap(a, p) > Overlap(a,n) does not hold.
When a negative is in fact more relevant to the
query than the anchor or positive, the triplet be-
comes unreliable and may inject conflicting gradi-
ents into the margin loss of DSOL.

Our industrial pipeline does not rely on raw click
signals alone. As described in Appendix A, a pos-
itive must have at least one click and a relevance-
model score above 0.6, while a negative must have
zero clicks and a relevance score below 0.35 under
the same query. This relevance-score gating acts
as a lightweight consistency filter that ensures a
clear contrast between positive and negative items
before training.

In settings without explicit relevance signals,
a simpler and more rudimentary denoising rule
may be applied: retain only triplets satisfying
cos(a,q) > cos(n,q), which directly removes
cases where the negative is semantically closer to
the query than the anchor. We leave this direction
to future work.
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Figure 7: Triplet examples from the Industrial dataset, together with the SIDs assigned by DSOL and by the
RQ-VAE baseline. (a) headphone reviews; (b) Spring Festival Gala concert clips; (c) highway drowsiness; (d) cat

food.
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