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Abstract

Integrating recall and pre-ranking in e-commerce search requires
candidate generation to account for relevance, personalization,
and business value before final ranking. To this end, we present
VARG, a generative retrieval system for Tmall App search that di-
rectly admits generated item candidates to the existing final ranker.
VARG-ID constructs semantic prefixes using RQ-VAE, enhances
search relevance through bidirectional query-item contrastive
learning, and combines these prefixes with a value-ordered third
token to provide fine-grained item addresses and a business-value
prior. Three-stage supervised fine-tuning progressively learns
item-to-identifier mappings, query-semantic retrieval, and per-
sonalized retrieval. Personalized model training combines value-
aware and hierarchy-aligned supervision with expanded user con-
text, and uses local ordinal supervision (LO-SFT) to learn the local
within-cluster ordering encoded by the third token. Prefix-GRPO
combines gated rewards based on output legality, user behavior,
ranker advantage, and search relevance with prefix-aware token
weighting to align candidate generation with business value and
ranking objectives. Coordinated daily product and model updates
preserve existing item addresses while incorporating new products
and behavioral feedback. Offline experiments on tens of millions
of products validate identifier stability and demonstrate gains in
retrieval quality and head-level value recall from SFT strategies
and Prefix-GRPO over their respective baselines. In a 14-day online
A/B test covering 20% of search traffic, VARG directly admits gen-
erated candidates to the final ranker and improves GMV by 1.45%,
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per-user IPV by 0.22%, and PCTR by 0.31%. Online shopping-guide
query evaluations further show that VARG maintains competitive
relevance with a smaller candidate quota.
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1 Introduction

E-commerce search matches users’ shopping needs to a massive
set of products updated daily through a recall-pre-rank-rank cas-
cade [35, 2]. Lexical retrieval [20], dense encoders [9], efficient
nearest-neighbor indexes [16], and late interaction [10] offer com-
plementary relevance and efficiency trade-offs. Recall and pre-
ranking jointly perform candidate selection, accounting for both
item relevance and business value. Since downstream rankers can-
not recover items omitted from the candidate set, candidate selec-
tion should retain high-quality items under strict latency and re-
source budgets.

Generative retrieval formulates candidate selection as identifier
generation directly from context [12], with related work extending
from document retrieval [25, 29] to hierarchical item IDs [19]. Re-
cent industrial systems further explore unified retrieval and rank-
ing [6, 33] and intent-enhanced search [2]. This formulation jointly
models query semantics, user preferences, and behavioral context,
expressing item selection and candidate priorities through genera-
tion probabilities.
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Figure 1: Online integration of VARG. Conventional multi-
channel candidates undergo pre-ranking; VARG generates
candidates using Trie-constrained beam search and SID-to-
item mapping, bypassing pre-ranking via a reserved quota.
Both streams are merged and deduplicated before final rank-
ing.

Our setting is recall-and-pre-ranking integration: an additional
generative channel forwards items directly to the existing final
ranker rather than replacing the search cascade (Figure 1). By-
passing item-level pre-ranking requires generated candidates to
provide relevance, personalization, and business value within the
reserved quota. The system also needs to accommodate ongoing
daily product and model updates.

This goal raises three connected challenges.

Item-level selection and addressing stability. Cluster-level iden-
tifiers improve item coverage during generation [35], but shared
identifiers limit the model’s ability to distinguish individual items
within a cluster. When item-level pre-ranking is bypassed, less rel-
evant or lower-value items may occupy reserved candidate slots.
Business-ranked identifiers provide finer addresses and value pri-
ors [15], but noisy conversion estimates and daily reordering can
change existing item addresses and disrupt the model’s learned ad-
dressing relationships. Learning new products also risks forgetting
existing knowledge [17].

Supervised learning for contextual retrieval. The model needs
to learn item-to-identifier mappings and select items according
to query intent and user preferences. The challenge is to extend
item memorization into query-semantic and personalized retrieval
while ensuring that supervision reflects the semantic hierarchy
and within-cluster ordering encoded by the identifiers [28, 2].

Business-value and ranking alignment. An item’s conversion
propensity varies across queries and users, while learning only
from observed target items provides limited guidance for compar-
ing the quality and value of other candidates. Policy optimization
offers a way to further adjust candidate priorities [6, 35], but sparse
click and purchase matches poorly distinguish unobserved candi-
dates. Training feedback should therefore also cover candidate rel-
evance and downstream ranking performance while preventing in-
valid outputs from receiving positive credit.

To address these challenges, we present VARG (Figure 2) with
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the following main contributions:

« We introduce VARG-ID, a hierarchical item identifier with
collision-free initial construction. Bidirectional Q2I contrastive
learning injects search relevance into its semantic prefix, while
stable empirical-Bayes conversion-rate ordering encodes busi-
ness value in its third token. We further establish stable daily-
refresh mechanisms for both items and the retrieval model.

« We build a three-stage SFT pipeline that progresses from item
memorization to query-semantic retrieval and personalized re-
trieval. Personalized training combines Q2I value weighting, SID
level-wise loss, and expanded user context, and uses local ordi-
nal supervision (LO-SFT) to learn the within-cluster ordering en-
coded by the third token. We also explore lightweight parallel
decoding to reduce inference cost.

« We develop Prefix-GRPO with gated multi-source rewards over
SID legality, user behavior, ranker advantage, and search rele-
vance, providing denser reward signals for policy optimization.
Combined with prefix-aware token weighting, these rewards
align candidate priorities with business value and downstream
ranking objectives.

Offline experiments evaluate identifier stability and the effects
of SFT and Prefix-GRPO on retrieval quality and value recall. A 14-
day online A/B test validates the deployed recall-and-pre-ranking
system, yielding a 1.45% GMV gain.

2 Related Work

2.1 Generative Retrieval and Training

Generative retrieval uses different forms of identifiers: GENRE
generates entity names [5], DSI and NCI generate document identi-
fiers [25, 29], and SEAL generates indexed document substrings [1].
Wu et al. [30] connect generative retrieval to multi-vector dense re-
trieval through a shared relevance-scoring framework. TIGER [19]
extends this paradigm to recommendation with hierarchical se-
mantic IDs.

For generative retrieval training, P5 [8] unifies recommenda-
tion tasks through text-to-text learning and personalized prompts,
while LC-Rec [32] aligns language and collaborative semantics
around quantized item indices. Industrial systems further explore
unified retrieval and ranking [6, 33]: CQ-SID [35] progressively
learns item, query, and personalized mappings, OneSearch-V2 [2]
models query intent through keyword-based reasoning and self-
distillation, and TBGRecall [14] combines multi-session modeling
with incremental training for e-commerce recommendation. These
studies provide a foundation for item representation, staged train-
ing, and context modeling. For integrated recall and pre-ranking,
a further consideration is whether the generative model can select
items that balance relevance, personalization, and business value
within a limited candidate quota.

2.2 Semantic IDs and Dynamic Indexing

Vector and residual quantization provide a discrete representation
basis for hierarchical identifiers [26, 11, 19]. Subsequent studies
further integrate identifier learning with retrieval objectives: Gen-
Ret [23] jointly learns document tokenization, reconstruction, and
retrieval; IDGenRec [24] learns textual IDs with a recommender;
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Figure 2: Overview of VARG. (a) VARG-ID with query-aligned semantic prefixes and value-ordered item addresses. (b) Three-
stage SFT with context expansion and supervision strategies. (c) Trie-constrained serving and exploratory lightweight decod-
ing. (d) Prefix-GRPO with gated multi-source rewards and prefix-aware token weighting. (e) Coordinated daily product and

model updates.

and LETTER [28] combines semantic, collaborative, and diversity
regularization with ranking-guided generation. D?-DocID [4] uses
contrastive learning to build descriptive identifiers that distinguish
similar documents, while FORGE [7] studies industrial SID design
using intrinsic evaluation measures.

In search, CQ-SID [35] injects query relevance while retaining
cluster-level aggregation, and CRID [15] uses intra-cluster busi-
ness ranking for item-level addressing and incremental updates.
For dynamic corpora, DSI++ [17] uses generative replay to mitigate
forgetting, while CLEVER [3] combines incremental product quan-
tization with memory-augmented learning. These studies involve
two forms of stability: preserving model knowledge and maintain-
ing stable item identifiers. Under daily product updates, identifier
design should balance fine-grained addressing, business value, and
decoding efficiency while reducing the disruption to existing ad-
dressing relationships caused by changes in item statistics.

2.3 Policy Optimization for Retrieval

Ranking-oriented training further considers the quality and order-
ing of generated candidates. LTRGR [13] adds a ranking-oriented

training phase without extra inference stages, while relevance-
feedback RL [34] aligns token-level generation with document-
level relevance. PPO, DPO, and GRPO provide general frameworks
for policy or preference optimization [21, 18, 22].

In recommendation, OneRec [6] uses reward-model-derived
preference pairs for iterative DPO, and OneRec-V2 [33] incorpo-
rates real interaction feedback. In search, EG-GRPO [35] injects
expert SIDs to alleviate sparse positive feedback, while OneSearch-
V2 [2] combines behavioral and relevance rewards with token-
position marginal advantages. These methods demonstrate the
value of additional feedback for improving generative retrieval.
For hierarchical SID generation, we further study how to differ-
entiate legal candidates without behavioral feedback, prevent in-
valid outputs from receiving positive credit, and distribute supervi-
sion across decisions at different levels to improve ranking quality
within a limited candidate quota.

3 Method

Problem setting. Given a query g, user profile u, and history h, a
Transformer [27] conditioned on context x = (g, u, h) autoregres-
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sively generates a three-token item identifier y = (s1,s2,r). At in-
ference, Trie-constrained beam search produces a ranked candi-
date list Yx of K SIDs, which are expanded into item candidates
through the SID-to-item map and forwarded directly to the exist-
ing final ranker as an additional retrieval channel. Under a fixed de-
coding budget and final-ranking candidate quota, the model should
generate valid SIDs and select items that are relevant, personalized,
and commercially valuable. The item map and model should also
accommodate daily product updates and new user feedback.

3.1 VARG-ID: Semantics Followed by Stable
Value

A VARG-ID consists of a semantic prefix and a value-ordered to-
ken: the query-aligned prefix supports semantic routing, while the
third token provides fine-grained within-prefix item addresses and
a business-value prior.

Semantic-prefix construction. The item embedding x; € R% incor-
porates category and brand attributes and is mapped to z; € R% by
the item encoder E;. The query encoder Ep, used only during tok-
enizer training, maps the paired search query to z; € R%. Two
codebooks of sizes K; and K, perform residual quantization se-
quentially:

S1i = argmkin [|z; = e,(cl) 112, 5;1) =zi— sg(es(iz),

1 2
ziq = es(l’z + es(z’f. (1)

. 1 2

2 = argmkm ”51‘( ) _ e,(( )||§)
Here sg denotes stop-gradient. The decoder uses the straight-
through estimate 25T = z;+sg(z{ —z;), whose forward value equals
z?, while reconstruction gradients flow to the item encoder.

Query-aligned tokenizer objective. The tokenizer jointly optimizes
reconstruction, commitment, and bidirectional query-item con-
trastive losses:

Lrec = ”D(Z?T) _xi”%s
Loom = 3(I1z = se(eDIE + 151 — se(elDIE).
zZ! Zob
Lor=1[CE(S,D) +CE(ST, D], Sap = =222,
Q1
Lip = Lrec + Leom + AQILQL (2)

Reconstruction preserves item embedding information, commit-
ment encourages encoder outputs to approach discrete codes, and
the bidirectional InfoNCE term brings paired query and item rep-
resentations closer in continuous space, injecting search relevance
before quantization. Here, 7gr > 0 is the contrastive tempera-
ture and Agr > 0 is the contrastive-loss weight. The diagonal
of the contrastive matrix S contains positive pairs, with labels
I=(0,...,N—1); the remaining valid query—-item combinations in
the local minibatch serve as negatives. Samples without queries op-
timize only the reconstruction and commitment losses. The code-
books are initialized by deterministic K-means and updated by ex-
ponential moving averages.

The first two codes form the semantic prefix c(i) = (s, 52:),
and the third token r; represents the item’s value-ranked position
within that prefix, together yielding a unique item address at initial
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construction:

Yi = (S1i> $2,i> Ti)- 3
Here r; is zero-based and satisfies 0 < r; < Kj, where K3 is the
rank-token vocabulary size.

Value-ordered item address. Let b;, a;, and ¢; denote an item’s pur-
chase, add-to-cart, and click counts in a fixed ranking window. We
set v; = b; + n5a; and estimate conversion value with empirical-
Bayes smoothing:

Z» U; —~ 0; + ap Po

po=S—, pi=———. (4)

i€ ¢i +amp
We define the behavioral score Vif‘“'“'“31 = ypbi + yaa; +ycci and rank
items within each prefix using the following funnel rule, compar-
ing its keys lexicographically:

Ei ~L N Vifunnel l — GMV; ~L — ID; T ) (5)

Here 0 < 17y < 1, ap > 0, and yp > y, > yc > 0, reflecting the
behavioral priority of purchase > add-to-cart > click. Empirical-
Bayes smoothing reduces low-frequency noise while preserving
conversion-value information; Section 4.2 shows that its ordering
is more stable than raw click and volume ordering.

3.2 Dual-Loop Daily Refresh

Product loop. Within the same primary SID version, we freeze the
RQ-VAE and SID vocabulary and preserve existing item SIDs. New
items in existing semantic prefixes reuse historical slots accord-
ing to their within-cluster value ranks; newly observed prefixes
receive addresses starting from zero.

For example, existing items A, B, and C under one semantic pre-
fix have third tokens 0, 1, and 2. If a new item D ranks between
A and B by value, D reuses slot 1 and shares B’s SID, while the
addresses of A, B, and C remain unchanged.

For prefix ¢ = (a, b), cﬁ” = C‘(z;,) denotes the number of distinct
occupied rank slots at snapshot t. An occupied prefix has maxi-
mum rank M;(c) = Cc(t) — 1; unseen prefixes have capacity zero.
Let p; (i) be the zero-based position of new item i after jointly or-
dering all existing and new items in the same prefix at snapshot ¢
according to Equation (5). Its assigned rank is

) min{p; (i), My-1(c(i))}, C(Ef)l) > 0,
(i) = (o

. . Y (6)
min{p; (i), K3 — 1}, Cc(ii)l) =0.

Equation (6) maps new items beyond the available slot range to
the last slot; for a new prefix, the maximum slot index is K3 — 1.
Assigned addresses remain fixed within the primary version, and
items sharing a slot are expanded into candidates for downstream
ranking at serving time. Below, C 5 denotes the slot capacity of the
relevant fixed snapshot, with the time index omitted.

Model loop. Each day, the latest click and purchase data are la-
beled using the SID mapping in effect when the behavior occurred.
Within the same primary SID version, we continue training the
last accepted personalized generation model for Eq,, € N* epochs,
mixing historical replay with proportion 0 < Areplay < 1 to incor-
porate fresh feedback while retaining learned addressing relation-
ships. After validation, the model, Trie, and item map are atomi-
cally published as a compatible version combination.
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Example Prompt
e N
Recommend a product ID using the following information.

Gender: Female;
@, & Purchasing power: Level 5 (High);
Related-category clicks:
& <sl_3041><s2_4310><s3_34>,

' <sl_3976><s2_4330><s3_66>,

<sl1_2599><s2_4310><s3_16>;

Recent searches: Workwear shirts; French-style outfits;

‘Women's denim tops.

Interest summary: Prefers branded womenswear, workwear and
French-inspired styles; values fabric quality and
mid-to-high price ranges.

L Current query: Long-sleeve denim shirt.

<sl_2456> | [ mapping

Retrieved Item
LANCY Women's Denim Shirt
CNY 1,180
Item ID: 876708345652

Figure 3: Schematic personalized prompt-to-item example
(English translation).

Monthly SID rebuilding introduces a new primary version, un-
der which training labels, SID-encoded histories, and replay data
are re-encoded. The retrieval model is retrained before joint de-
ployment, and the accepted model initializes the next daily-update
cycle.

3.3 Three-Stage SFT

Three-stage supervised fine-tuning. We add K, dedicated tokens for
SID level ¢ to the vocabulary of Qwen2.5-0.5B-Instruct [31]. Given
context x, the model autoregressively generates the target identi-
filer y = (s1, 52, 7):

3
poly 1 %) =] [ polye | x.y<0). W)
=1

Training proceeds sequentially across stages. Stage 1 learns
Item—SID from product content, establishing item-address mem-
ory. Stage 2 continues from Stage 1 using Query—SID examples
to learn query-semantic retrieval. Stage 3 continues from Stage 2
using User+Query+History—SID examples to learn personalized
retrieval.

For personalized candidate generation, context expansion adds
short-term intent and long-term preference signals, Q2I weight-
ing emphasizes query-specific conversion value, level weighting
adjusts supervision strength across SID levels, and LO-SFT intro-
duces local ordinal supervision encoded by the third token. The fi-
nal Stage 3 checkpoint initializes the trainable policy 7y and fixed
reference policy 7 for Prefix-GRPO.

User context expansion. The personalized input is x =
(g u, h¢, hrecent gy where q is the current query, u is the
user profile including gender and purchasing power, h is
related-category click history represented by historical SIDs,
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hreeent contains the Lyecent most recent search queries, and g is a

global-interest summary distilled from cross-domain behaviors.
Recent queries provide additional signals of short-term user
intent, while the global summary represents long-term user
interests by summarizing category, brand, and price preferences.
Figure 3 shows an example of item candidate generation from the
full input context.

Q2I example weighting. To account for conversion differences
across query—item pairs, we construct example weights using pur-
chase and click statistics from a fixed historical window. Let b; and
c; denote the purchase and click counts for query-item pair j. The
global prior, smoothed conversion rate, and example weights are

_2jb; ~ _ bj+agpy
qu—chjs 7T cj+ag
_ (P wj

.= 1 — ins , Jp— —. 8
w; = clip (qu Wnin Wmax) i = B ®)

Here, ag > 0 is the prior strength, and the clipping bounds sat-
isfy 0 < Wmin < 1 < Wmax. Empirical-Bayes smoothing reduces
noise in sparse statistics; the ratio of the smoothed conversion rate
to the global prior is clipped and normalized by its mean, assign-
ing greater weights to query—item pairs with higher conversion
propensity. We activate this signal only in Stage 3; Stages 1-2 re-
main equally weighted to learn unbiased item memory and query
semantics.

Level-aware token weighting. The three target positions have dis-
tinct decision roles. s; selects a coarse semantic region, s; chooses
the fine semantic prefix, and r only identifies an item after that
prefix is correct. In Trie-constrained Top-1000 evaluation, the HR
gap is 16.94 percentage points between L1 and L1+L2, versus only
3.80 points between L1+L2 and the complete SID, indicating that
the second level is the main prediction bottleneck. We therefore as-
sign supervision weights based on prediction performance at each
level. Let ¢;; = —logpa(yj: | xj,yj<;) denote per-token cross-
entropy, m;; the response mask, and A(y;) the token level. The
level-weighted loss is

—level _ Zt mj,tal(yj,t)fj,t

j
2t Myt (y;,)

©)

The level coefficients (ay, a2, a3) satisfy a; > a3 > a3 > 0 to
strengthen supervision at the first two levels; non-SID response
tokens retain unit weight. Combining this loss with Q2I example
weights gives the Stage 3 training objective

—level

2jwiL;
2w

Local ordinal supervision (LO-SFT). Standard cross-entropy treats
rank tokens as discrete categories without explicitly using their
ordinal distances. LO-SFT continues fine-tuning from the trained
Stage-3 SFT Base checkpoint, adding local supervision around the
target position based on the value ranks encoded by the third to-
ken.

For prefixes with slot capacity C = C,4, > Cpin, We construct a
local target distribution centered on the true rank r* that decays

Lsprs = (10)
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with distance, while retaining the exact-token loss:

exp(=|r —r"|/7L0)

q(r|r9) = ) I[|r = r*| < Rio]
xI[0<r< (],
C-1
L10 = Lot =0 Y, q(r | 1) logpo(r | xs1.5), (1)
r=0

where Cpin is the minimum prefix-capacity threshold, Rio is the
neighborhood radius, 710 > 0 controls distance decay, Ao > 0 is
the auxiliary-loss weight, and Z(r*) is the normalization constant
over the legal neighborhood. The exact loss supervises the target
SID, while the auxiliary term guides the model to learn the local
ordinal relationships encoded by EB-CVR ordering.

3.4 Prefix-GRPO

Building on supervised learning, Prefix-GRPO adjusts candidate
generation probabilities according to rewards to further align
candidate priorities with business value and ranking objectives.
We use group-relative policy optimization [22], combining gated
multi-source rewards with prefix-aware token weighting. For each
prompt, the policy samples G responses, with (Top1, Prolt, kroll) con-
trolling sampling temperature, nucleus sampling, and top-k trun-
cation, respectively.

Response contract and gated reward. After removing control tokens,
a response must be exactly y = (s14)(s2p)(s3,), where 0 < a < Kj,
0 < b <Kz ,and0 < r < K3.In the RL training snapshot, a SID with
Cap > 0and 0 < r < C,p corresponds to an occupied slot. Only
well-formed, occupied SIDs participate in subsequent reward com-
putation; other outputs receive only their corresponding negative
rewards.

Let Py, Cx, and &, denote the sets of SIDs matched to purchase,
click, and exposure behaviors for request x, respectively. The be-
havior reward uses the highest matched action under the priority
purchase > click > exposure:

Pouy, Y € P

Pa: Y€ Px, y €y,

,Bexp; yé Py U Cy, yE Ex,
0, otherwise.

Rua(x,y) = (12)

The ranker-advantage reward favors items with scores above the
candidate mean for the same request. Let f;(y) be the production

ranker’s final score and ,uf:, o;{ its mean and standard deviation
over mapped recall candidates for that request. The reward is

fe@) =l

—Cf,': ,

— o Jax(y), 0<ax(y) <o
ax(y) = {O, otherwise,

ax(y) =

Radv(x’ y) = ﬁadv tanh (M) . (13)
Tad

\'s

For occupied SIDs without matched user behavior, the relevance
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grade g, (y) provides supplementary feedback:
ﬂi@ 9x(y) =3,
=2
Rea(x, ) = Pa»  9x(y) =2, (14)

1
_ﬁr(el)’ 9x(y) =1,
0, otherwise.
Let ¥ denote malformed or out-of-range outputs, U structurally

valid but unoccupied outputs, and H, = P,UC,UE. The complete
reward is

—Pr, yevF,

Rey)={ P vEw (15)
Rua + Ragy, Yy occupied, y € H,,
Radv + Reel,  y occupied, y ¢ H.

3
Here, ﬁF > ﬁU >0, ﬂbuy > ﬁclk > ,Bexp > 0, ﬁadva Tadv > 0, ‘Biel) >

ﬁr(:l) > 0, and ﬂr(ell) > 0. Relevance rewards apply only to SIDs
without matched behavior, avoiding double counting of correlated

labels.

Prefix-aware token weighting. The number of legal token alterna-
tives varies across prefixes. We use these counts to assign token-
level policy-loss weights, giving higher weights to decisions with
more branches. In the RL training snapshot, the numbers of legal
child tokens at the second and third levels are
Kp—1
na(a)= ) 1[Cap > 0],

b=0

ng((l, b) = Cab’ (16)

Let N, = max, ny(a) and N3 = max,p ns(a,b). We map the legal
child-token count to [d, 1] using

!
d+(1- d)ﬂ
¢(n;N) = log N

d, N=1,

, N>1,
0<d<1 (17)

For an occupied path, token weights are

ws, = $(n2(a); Na),
Wetrl = d. (18)

ws =1,
ws, = P(n3(a, b); N3),

The first-level weight is fixed at 1, while later levels are weighted
according to the number of legal alternatives under the current
prefix. Branches with only one legal option, as well as EOS and
control tokens, use the floor d. For malformed or unoccupied re-
sponses, all valid tokens use unit weight. These weights enter the
policy loss in Equation (20).

Weighted GRPO optimization. Let Ry 4 be the reward of response g
to prompt x, and Ry, s, the mean and sample standard deviation of
the G response rewards for that prompt. Based on GRPO’s within-
group reward comparison [22], we construct advantages through
standardization, whitening, and clipping:

Reg — Ry

> ~CR» CR) >
sx + €num

ﬁx,g = clip (

Ay g =clip (Whiten(}’?\x,g), —ca, CA) . (19)
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Here, enym > 0 provides numerical stability, and cg,cq4 > 0 are
clipping thresholds. All valid tokens of a response share the same
advantage Ay,g.

Using a PPO-style clipped objective [21], let p = mp(y; |
X, Y<t)/mold(yr | x,y<:) be the token probability ratio and
p = clip(p,1 — eppo,1 + €eppo). The surrogate objective is
J = min(pA, pA). When A < 0, dual clipping further applies
max(J, cqualAd), where cqual > 1; otherwise, J is retained. Denote
the result by ])‘i‘;}.

For a minibatch of B sampled responses, let my, ; be the re-
sponse mask. The prefix-weighted policy loss is

ual
%

ds

1 Zt mx,g,th,g,t]x’
=—= _ 20
Lpg 3 ng (20)

> t Mx,g,tWx,g,t

Adding KL regularization relative to the fixed SFT reference policy
gives the final training objective:

Lactor = Lpc + PrrLxr. (21)

Here, fxi. > 0 is the regularization coefficient. Lk averages
clipped KL-divergence estimates over valid tokens within each re-
sponse and then across responses.

3.5 Serving

At inference, the model generates Top-K SID paths using Trie-
constrained beam search conditioned on the expanded context. The
Trie is built from the published SID set. Let 7 (p) denote the set of
legal child tokens after partial path p. Before each beam expansion,
logits are masked as

() = {mp), veT(p) 22

-0, v ¢T(p).

At the third level, only occupied rank tokens satisfying 0 < r < Cgp
are allowed. Masking prunes invalid branches before beam expan-
sion, so the generated complete SIDs can be mapped to valid items.

The Trie is rebuilt by the product-refresh loop and kept version-
consistent with the SID-to-item map. Generated SIDs are ex-
panded into item candidates through the version-matched map
and directly admitted to the existing final ranker as an additional
retrieval channel, augmenting the production multi-channel re-
trieval stack.

3.6 Exploratory Lightweight Decoder

Standard autoregressive decoding requires a Transformer forward
pass at each SID generation step. To reduce inference cost, we com-
pute the prompt-end hidden state h once and then predict SID to-
kens at each level using lightweight, prefix-conditioned classifica-
tion heads:

p1(s1 | h) = softmax(g,(h)),
p2(sz | h,s1) = softmax(g2([h;e1(s1)])),
p3(ss | h,s1,52) = softmax(gs([h; e1(s1); e2(s2)])) ., (23)
where ¢; is the embedding of the SID token at level [ and g; is the

corresponding prediction head. Training uses teacher forcing, with
the second- and third-level heads conditioned on ground-truth

Chu et al.

upper-level tokens. For L = 3 levels, we normalize the loss coef-
ficients o > 0 to obtain the training objective

L
—_ LO([ —_
a=———  Lhead= Z a CE(p, s1) - (24)
j=1%j I=1

At inference, hierarchical beam expansion proceeds across the pre-
diction heads, with prefix masks retaining occupied VARG-ID child
tokens. The backbone is evaluated only once, while subsequent
decisions use small prediction heads. This eliminates repeated
Transformer forward passes. Section 4.6 evaluates the decoder’s
efficiency-retrieval-quality trade-off; it remains an exploratory ap-
proach and is not used in the main VARG serving pipeline.

4 Experiments
4.1 Experimental Setup

Dataset. All experiments were conducted on real search logs from
Tmall App, a major mobile e-commerce platform. VARG-ID covers
51.43M products, with its tokenizer trained on query-item pairs
and item-only examples. The three-stage generative model was
trained on 51.43M samples for Item2SID, 48.00M for Query2SID,
and 105.69M for personalized User—Query2SID. For Prefix-GRPO,
we construct a training pool of approximately 1.03M records sam-
pled from request-level data. Personalized evaluation and SID re-
ordering audits used 3.85M samples; lightweight decoding was
evaluated on a separate query-only set of 180,324 samples.

Metrics. HR@K measures whether the target SID appears among
the top-K deduplicated predictions; NDCG@K assesses ranking
quality. GMV Recall and Q2I-GMV Recall measure the fraction of
evaluation-sample value covered by these hits, weighted by the
item’s 30-day GMV and the query-item pair’s 14-day GMYV, re-
spectively. The online A/B test evaluates a fixed candidate quota
for direct admission over 14 days with 20% of search traffic, report-
ing relative changes in business and engagement metrics against
the production control.

Implementation Details. We extend Qwen2.5-0.5B-Instruct with
SID tokens and perform full-parameter SFT on 128 GPUs. Learning
rates are 10™* for Stage 1, 4 X 107> for Stages 2-3, and 5 x 107 for
LO-SFT. We evaluate SFT strategies with matched epoch budgets.
Prefix-GRPO runs on 64 GPUs at a learning rate of 107, sampling
eight responses per prompt with 1,024 prompts per rollout batch.

Hyperparameter Settings. For VARG-ID, both semantic codebooks
and the third-level rank vocabulary have 8,192 entries (K; = K; =
K3 = 8192). Reconstruction and commitment losses each have unit
weight; the bidirectional Q2I contrastive loss uses Agy = 0.001 and
temperature 7gr = 0.1, with at most 128 valid query-item pairs
sampled per local minibatch.

For SFT strategies, the Q21 prior strength is @y = 5, and intent ex-
pansion includes the three most recent search queries (Lyecent = 3).
LO-SFT uses neighborhood radius Ry o = 3, distance-decay temper-
ature 770 = 1.0, and auxiliary loss coefficient Ao = 0.02.

For Prefix-GRPO, malformed and unoccupied outputs receive re-
wards of —2.0 and —1.0, respectively. Purchase, click, and exposure
rewards are 3.0, 1.0, and 0.1. The ranker-advantage reward uses
Padv = 0.2 and 7,4, = 1.5; relevance grades 3, 2, and 1 contribute
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Table 1: Evaluation of SIDs and constrained decoding on production data. (a) Initial identifier capacity and collision. (b) Full-
reordering stability. (c) Trie-constrained decoding effectiveness and overhead.

(a) Initial identifier capacity and collision.

(b) Full-reordering stability.

Identifier Tokens  Unique  Exclusive  Collision  Avg. P99/ Max  Policy Change Avg.shift P90 P99 Top20 keep
RQ-VAE-3 3 16.73% 8.75% 91.25% 5.98 76 /7,580 EB-CVR 69.54% 22.00 51 291 93.31%
RQ-VAE-4 4 51.84% 38.42% 61.58% 1.93 15/2,364 Click 77.61% 26.58 61 395 91.29%
RQ+OPQ 5 81.21% 71.62% 28.38% 1.23 5/968 Volume 76.93% 26.99 59 389 91.97%
VARG prefix 2 10.74% 4.32% 95.68% 9.31 129/ 4,221

VARG-ID 3 100% 100% 0% 1.00 1/1 Frozen update 0.00% 0.00 0 0 100.00%

(c) Trie-constrained decoding.

Method Legal rate (%) AHR@20 AHR@100 AHR@1000 Inference time A Memory A
Trie 93.73 — 100 +0.0915 +0.2343 +0.3857 +3.16% +0.13 GiB

Notes. (a) For N items and U occupied SIDs, Unique:U/N and Avg;N/U. Exclusive is the fraction of items with an unshared SID, and Collision=1 — Exclusive; P99/Max are the
99th percentile and maximum item counts per occupied SID. (b) Change is the fraction of items whose third token changes; Avg. shift is mean absolute rank displacement, and
P90/P99 are displacement quantiles. Top20 keep is the retention rate of old Top-20 items in the same prefix’s new Top-20. (c) HR gains are in percentage points. Time is
cumulative forward-pass and beam-search time, and memory is peak GPU memory usage; both are measured on rank 0.

+0.08, +0.03, and —0.10 for occupied SIDs without matched user
actions. The prefix-weight floor is d = 0.1, also used for EOS and
control tokens, and the KL regularization coefficient is ki, = 0.8.

4.2 SID Observations: What Identifier Fits
Recall-and-Pre-Ranking?

Table 1(a) shows that adding semantic quantization levels reduces
collisions, but some items still share identifiers and decoding be-
comes longer. VARG-ID retains a two-level semantic prefix and
distinguishes items within each prefix using a value-ordered third
token, achieving collision-free addressing at initial construction.
Both semantic codebooks are fully utilized, and the rank vocabu-
lary has sufficient capacity for the largest observed item cluster.

Table 3 shows that the VARG-ID SFT base improves Q2I-GMV
Recall@1/10/20 by 15.50/13.65/0.93 percentage points over the SFT
base using three-level RQ-VAE identifiers. These results indicate
that VARG-ID achieves better value recall before RL, helping pri-
oritize high-value items under limited candidate budgets.

EB-CVR is the most stable of the value-based reordering poli-
cies in Table 1(b): compared with Click, it yields fewer third-token
changes, smaller rank displacements, and higher Top-20 reten-
tion. We further evaluate how identifier changes affect the trained
model’s retrieval performance. We keep the SFT model parameters
fixed and reorder all items within their semantic prefixes. After re-
ordering, L1 HR@100 remains nearly constant (92.08%—92.00%)
and L1+L2 HR remains stable (71.80%—71.56%), but complete-SID
HR@100 drops by 14.45 points, and third-token teacher-forcing ac-
curacy falls from 36.75% to 21.24%. This degradation reflects tem-
poral drift in SID labels: as item statistics change, within-prefix
reordering changes the third token assigned to the same item, cre-
ating a mismatch with the addressing relationships learned by the
model. We therefore adopt frozen incremental updates to preserve
existing item addresses.

During daily product updates, existing item addresses remain
unchanged, while incremental insertion permits controlled SID
sharing. This update policy incorporates new items while preserv-

ing the addressing relationships learned by the model.

Table 1(c) shows that Trie constraints improve SID legality and
retrieval hit rates with only small increases in inference time and
memory usage.

4.3 SFT Strategies

Value and hierarchy supervision. Joint Q2I and level weighting
yields small gains in most reported HR metrics (Table 2(a)). Value-
recall gains are concentrated near the beam head: GMV Recall@1
and Q2I-GMV Recall@1 increase by 2.18 and 6.23 percentage
points, respectively, while changes at Top-50 are small (Table 2(b)).
Level weighting also yields small HR gains at larger candidate bud-
gets.

Intent expansion. Adding recent queries and the global-interest
summary improves all reported HR metrics, with gains of 0.30 and
0.31 percentage points at HR@20 and HR@50, respectively. These
results suggest that incorporating short-term intent and long-term
preferences helps improve personalized retrieval.

Local ordinal supervision. LO-SFT yields small gains in all reported
HR metrics, with HR@50 increasing from 46.19% to 46.33%. Further
analysis shows that NDCG@100 increases from 20.91% to 21.00%,
while third-token top-1 accuracy, conditioned on the gold two-
level semantic prefix, increases from 36.74% to 37.02%.

4.4 Overall Prefix-GRPO Results

Relative to the SFT model using VARG-ID, Prefix-GRPO improves
head-level hit rate, ranking quality, and value recall (Table 4).
GMV Recall@1 and Q2I-GMV Recall@1 increase by 5.47 and 2.48
percentage points, respectively; HR@1 improves by 0.36 points
for purchase-labeled requests and 0.03 points for click-labeled re-
quests.

Reward and prefix ablation. Table 5 compares SFT Base with three
RL configurations. All three retain the legality gates. Behavior
GRPO uses user-behavior rewards for occupied SIDs; Multi-source
GRPO adds ranker advantage and relevance rewards; Full Prefix-
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Table 2: Evaluation of Stage-3 SFT strategies. (a) Absolute plain HR of the base and gains from the evaluated methods. (b)
GMYV and Q2I-GMV recall through Top-50 for the Q2I-example- and level-weighted checkpoint. All changes are in percentage

points.
(a) Plain HR: absolute baseline (%) and gains from the evaluated strategies (pp).
Direction Method @1 @10 @20 @50 @100 @1000
Baseline SFT Base (absolute, %) 6.39 26.33 34.68 46.19 54.59 72.84
Value Q2I weight + level loss -0.01 +0.05 +0.10 +0.13 +0.18 +0.16
Hierarchy Level-weighted loss -0.02 0.00 +0.02 +0.05 +0.08 +0.15
Intent Recent queries + global summary +0.10 +0.26 +0.30 +0.31 +0.28 +0.23
Ordering LO-SFT +0.06 +0.13 +0.12 +0.14 +0.12 +0.07
(b) Value-weighted recall (%).
GMYV Recall Q2I-GMV Recall
K Base Q21 + level A Base Q2I + level A
1 30.88 33.06 +2.18 36.12 42.35 +6.23
10 92.96 94.42 +1.46 95.18 97.01 +1.83
20 97.57 97.73 +0.16 98.06 99.06 +1.00
50 99.35 99.36 +0.01 99.81 99.83 +0.02
/—[ (a) Personalized retrieval ]
& User context i%a Generated SID Retrieved items Top-8 examples
Ferele Top-5 paths Pme in CNY
Purchasing power: high (L5) [ 51 ] [ 82 ) s @ | B
‘D Recent search queries 2456 6075 10
Global-interest summary 2456 1452 0 ‘
Related-cat lick: 1
&“Q cateRany Fies 2456 6075 9 1180 1990 110 1380 2,399 . 090
uer
Lung-sleeyve Zislo S ¢ 8/8 match the query. Premium brands and CNY 890—2,399
¢ i 2456 2460 . . . .
denim shirt align with the high-purchasing-power profile.

Shared s = 2456, diverse paths

/—[ (b) Cold-start retrieval ]

~
& User context «ta Generated SID @ Retrieved items Top-8 examples
Male Top-5 paths Price in CNY
Purchasing power: LO (s J(Cs2 JCr I ) w
D No historical behavior 5030 2822 0 o S0
Q Query 4481 7060 12 “ 8 : P
Waterproof 4481 4706 1 34 2,000 199 158 29.9 25
anti-cracking 4481 7060 Ll Grout-dominant results without behavior history.
cement-based grout Gl ey L Nearby waterproof-repair items extend coverage. 7/8 cost at most CNY 199
Relevant paths without history y a0 p 8e. .
- J

Figure 4: Personalized and cold-start retrieval examples. Case A shows personalized retrieval with user context; Case B shows
cold-start retrieval without behavioral history. Prices are in CNY.

Table 3: Q2I-GMYV recall of SFT Base models. Absolute scores

are percentages; gains are percentage points.

Relative to SFT Base, Behavior GRPO improves Q2I-GMV Re-
call@1/10 by 2.19/1.64 percentage points. Adding ranker and rele-
vance feedback further improves these metrics by 0.21/0.30 points

Method @1 @10 @20 and NDCG@10 by 0.11 points. With the same reward, prefix
RQ-VAE-3 20.62 31.53 9713 weighting adds 0.08/0.09 points to Q2I-GMV Recall@1/10 and 0.04
VARG-ID SFT Base 36.12 95.18 98.06 points to HR@20. Behavioral feedback accounts for most of the
A (pp) +15.50 +13.65 +0.93 observed head-value gain, ranker and relevance feedback further

improve value recall and ranking, and prefix weighting provides
small but consistent additional gains.

GRPO further enables prefix-aware token weighting. The first two
configurations use unit weights for valid response tokens in the
policy loss.



Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

Chu et al.

Table 4: Overall Prefix-GRPO results using the SFT base in Table 2: head-level retrieval (left), value-weighted recall (right), and
behavior-stratified HR@1 (bottom). Absolute scores are percentages; changes are percentage points.

Plain metric SFT  Prefix-GRPO A Value metric SFT  Prefix-GRPO A
HR@1 6.39 6.44 +0.05 GMV Recall@1 30.88 36.35 +5.47
HR@10 26.33 26.46 +0.13 GMV Recall@10 92.96 95.20 +2.24
HR@20 34.68 3485 +0.17 GMYV Recall@20 97.57 98.06 +0.49
HR@50 46.19 4630 +0.11 Q2I-GMV Recall@1 36.12 38.60 +2.48
NDCG@10 15.15 15.30 +0.15 Q2I-GMV Recall@10  95.18 97.21 +2.03
NDCG@20 17.26 17.44 +0.18 Q2I-GMV Recall@20  98.06 99.39 +1.33
Behavior-stratified HR@1
Buy HR@1 13.51 13.87 +0.36 Click HR@1 5.97 6.00 +0.03

Table 5: Progressive ablation of reward signals and prefix-
aware token weighting. All scores are percentages; best
scores are bold.

Method HR Q2I-GMYV Recall I\EG

@1 @10 @20 @1 @10 @10
SFT Base 6.39 2633 34.68 36.12 95.18 15.15
Behavior GRPO 6.43 2639 3476 3831 96.82 15.18
Multi-source GRPO 643 2645 34.81 38.52 97.12 15.29
Full Prefix-GRPO 6.44 26.46 34.85 38.60 97.21 15.30

Table 6: Online A/B results over 14 days and 20% of search
traffic. All values are relative changes against the production
control.

Setting GMV  IPV/user Exp.PV/user UCTR UCTCVR PCTR

VARG +1.45% +0.22% -0.09% +0.13% +0.13% +0.31%

Table 7: Relevance Good rate (%) in two independent
evaluations of AI shopping-guide queries under different
candidate-quota configurations.

System Eval. 1 Eval. 2
Orig. pipeline (largest quota) 76.71 76.81
Orig. pipeline (reduced quota) 75.77 75.73
Gen. baseline (DA) 75.57 -
Gen. baseline (DA, larger quota) 75.90 76.03
VARG (DA, smaller quota) 76.77 76.58

Eval. 1/2: independent evaluation rounds. DA: direct admission to the final ranker,
bypassing pre-ranking.

4.5 Online A/B Test

Online system validation. We conducted a 14-day online A/B test
in Tmall App covering 20% of search traffic (Table 6). VARG uses
Trie-constrained decoding with layer-wise beam widths of (20, 50,
500); generated item candidates bypass pre-ranking and enter the
existing final ranker directly through a reserved quota. Compared
with the production control, GMV increases by 1.45%, per-user IPV
by 0.22%, UCTR and UCTCVR by 0.13% each, and PCTR by 0.31%.
These results support the effectiveness of VARG for integrated re-
call and pre-ranking.

Al shopping-guide query evaluation. We conducted two indepen-
dent relevance evaluations on 6K+ Al shopping-guide queries us-
ing the online search system. Good rate is the fraction of evaluated
query-item pairs judged relevant. Table 7 shows that the original
pipeline’s Good rate decreases when its candidate quota is reduced.
With a smaller candidate quota, VARG outperforms the generative
direct-admission baselines and achieves a Good rate comparable
to or slightly higher than that of the original pipeline at its largest
quota. These results indicate that VARG maintains competitive rel-
evance under a smaller candidate budget.

4.6 Efficiency-Effectiveness Trade-off

We benchmarked the standard autoregressive decoder and the
lightweight decoder in Section 3.6 using PyTorch and Transform-
ers, without an additional inference engine. Our pilot study shows
that, relative to standard autoregressive decoding, the lightweight
decoder reduces mean latency from 10.41 to 0.94 ms and achieves
approximately 11.1X the single-card QPS, but HR@1/20/100 drops
by 1.13/8.38/10.77 percentage points. The lightweight decoder is
not yet used in the main online VARG pipeline and requires fur-
ther improvement in retrieval quality before deployment.

4.7 Case Study

Figure 4 presents personalized retrieval (Case A) and cold-start
retrieval (Case B). In Case A, recent queries reflect short-term
intent, the global-interest summary captures long-term prefer-
ences, and related-category clicks provide behavioral evidence.
All eight displayed items match the query “long-sleeve denim
shirt”; the premium brands and price range are consistent with the
user’s high purchasing power, illustrating personalized retrieval
aligned with user preferences. Case B contains no behavioral his-
tory. For the query “waterproof anti-cracking cement-based grout,”
the displayed results mainly comprise grout products and related
waterproof-repair items, showing that retrieval remains semanti-
cally aligned with the query in this cold-start example.

5 Conclusion

We presented VARG, a generative retrieval system for large-
scale industrial e-commerce search that integrates recall and
pre-ranking by directly admitting generated item candidates
to the existing final ranker. VARG-ID uses bidirectional Q2I
contrastive learning to align semantic prefixes with queries and
stable EB-CVR ordering to assign the third token, providing
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collision-free, fine-grained item addresses and a business-value
prior at initial construction. Three-stage SFT advances from
item memorization to query-semantic and personalized retrieval,
combining context expansion, value-aware and hierarchical super-
vision, and LO-SFT to improve candidate generation. Prefix-GRPO
uses gated multi-source rewards and prefix-aware weighting to
further align candidate priorities with business value and ranking
objectives. Coordinated daily product and model updates preserve
existing item addresses while incorporating new products and the
latest behavioral feedback. Offline experiments evaluate identifier
stability and demonstrate gains in retrieval quality and value
recall. A 14-day online A/B test improves GMV by 1.45% and PCTR
by 0.31%, supporting the effectiveness of the complete recall-and-
pre-ranking system. Future work will explore quality—efficiency
trade-offs under tighter candidate budgets and improve retrieval
quality in lightweight decoding while retaining its efficiency gains.
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