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Abstract

Generative Recommendation (GR) reformulates recommendation
as a next-token generation problem and has shown promise in
industrial applications. However, extending GR to industrial adver-
tising is non-trivial because the system must optimize not only user
interest but also commercial value. Existing GR pipelines remain
largely semantics-centric, making it difficult to align value signals
across tokenization, decoding, and online serving. To address this
issue, we propose UniVA, a Unified Value Alignment framework
for advertising recommendation. We first introduce a Commercial
SID tokenizer that injects value-related attributes into SID construc-
tion, yielding value-discriminative item representations. We then
develop a Generation-as-Ranking SID Decoder jointly optimized
by supervised learning and eCPM-aware reinforcement learning,
which fuses value scores into next-item SID generation to perform
generation and ranking in one decoding process. Finally, we design
a value-guided personalized beam search that reuses generation-as-
ranking logits as online value guidance and applies a personalized
trie tree to constrain decoding to request-valid SID paths. Experi-
ments on the Tencent WeChat Channels advertising platform show
that UniVA achieves a 37.04% improvement in offline Hit Rate@100
over the baseline and a 1.5% GMYV lift in online A/B tests.

CCS Concepts

« Information systems — Recommender systems.
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1 Introduction
Driven by the generative modeling capability of large language

models (LLMs)[1, 19, 31], recommendation systems are shifting
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from multi-stage deep-learning pipelines to end-to-end generative
architectures [13, 14]. Generative Recommendation (GR) formulates
recommendation as a next-token prediction task by assigning each
item a discrete Semantic ID (SID) and training an autoregressive
model to generate SID sequences conditioned on a user’s interaction
history [5, 23, 26, 29]. This formulation unifies user sequential
modeling and item retrieval within a single framework, and has
shown strong performance across search, e-commerce, and content
recommendation [13, 21, 26].

Advertising recommendation is a core monetization task for
internet platforms and is inherently multi-objective [12]. Unlike
many other recommendation settings, it must jointly consider user
satisfaction and monetization outcomes [16]. In practice, the system
needs to balance user interest with advertiser-side signals such as
bid, return on investment (ROI), and expected cost per mille (eCPM),
so as to improve platform revenue without harming user experience
[27, 28]. These requirements introduce a value-modeling problem
that goes beyond semantic matching [22, 23, 26].

The success of GR across various industrial domains naturally
raises the question of whether advertising can similarly benefit from
this paradigm. Recent studies have shown encouraging progress
in this direction. For example, GPR [26] introduces a unified tok-
enization scheme and model architecture for end-to-end generative
advertising recommendation, while subsequent work further in-
corporates auction-aware objectives and business-side supervision
[22, 23, 28]. However, existing approaches still optimize commercial
objectives in a fragmented manner across different stages of the
generative pipeline. Tokenization mainly preserves semantic simi-
larity, autoregressive decoding remains dominated by generation
likelihood, and online serving often depends on additional value
ranking or filtering modules.

Commercial value signals are therefore inconsistently modeled
throughout SID construction, generation, and online serving, re-
sulting in a mismatch between semantic generation and business
objectives. We refer to this problem as value inconsistency in gener-
ative advertising systems, which mainly manifests in the following
three aspects:

O Value-insensitive SID tokenization. Existing RQ-based to-
kenization pipelines are primarily designed to preserve multimodal
semantic similarity, but they do not explicitly model the commercial
heterogeneity inherent in advertising [15, 18]. As a result, semanti-
cally similar advertisements may still correspond to substantially
different monetization utilities, while being mapped into nearby
SID paths. Such representations provide limited commercial dis-
criminability within the token space itself, making downstream
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generation semantically coherent but insufficiently aligned with
business objectives.

0 Semantic-dominated SID decoding. Existing GR methods
mainly optimize commercial value at the training-objective level,
while autoregressive SID decoding is still dominated by semantic
likelihood and sequence consistency. This limitation is particularly
critical in advertising recommendation because decoding directly
determines which SID trajectories survive during token expansion.
Once commercially promising paths are pruned at early decoding
steps, subsequent objectives can no longer recover them. As a result,
commercial value cannot directly influence autoregressive decoding
decisions, causing commercially promising SID trajectories to be
prematurely pruned during token expansion.

® Value-unaware online serving. Even with value-aware
training, online serving is still largely dominated by semantic beam
expansion and heuristic filtering. Existing beam search procedures
do not explicitly incorporate commercial value during SID trajec-
tory selection, causing commercially promising paths to be over-
looked during online decoding. Moreover, expanding over the full
SID space wastes substantial computation on invalid candidates
that violate inventory constraints or targeting rules, while intro-
ducing additional online value modules further increases serving
latency and system complexity.

Our Solution. The key insight of this work is that commercial
value should not be treated as an auxiliary signal introduced after
generation, but instead should be consistently embedded into SID
construction, autoregressive decoding, and online serving within
a unified generative framework. To this end, we propose UniVA,
a Unified Value Alignment framework for generative advertis-
ing recommendation, which propagates commercial value signals
throughout tokenization, decoding, and online serving:

o Commercial SID Tokenization. UniVA disentangles seman-
tic organization and commercial refinement within hierarchical
SID construction. Upper SID levels preserve semantic locality
through RQ-based partitioning, while the final SID level special-
izes in commercial discrimination through a classify-then-bin
strategy that integrates structured commercial attributes and bid
discretization into value-aware token assignment. This design
preserves semantic organization while improving commercial
coherence among SID paths.

e Generation-as-Ranking SID Decoder. UniVA introduces a
dual-head Generation-as-Ranking SID Decoder that jointly mod-
els generative likelihood and commercial value. A generation
head performs autoregressive SID prediction, while a value head
estimates token-level commercial preferences within the same
SID space. The two outputs are fused during decoding, enabling
each autoregressive decision to jointly consider semantic rele-
vance and monetization objectives. To achieve unified optimiza-
tion, UniVA jointly trains the generation head with supervised
learning and the value head with eCPM-aware reinforcement
learning, allowing commercial value signals to directly shape
SID generation trajectories during autoregressive decoding.

e Value-Guided Personalized Beam Search. UniVA further pro-
poses a value-guided personalized beam search for online serving.
A request-specific valid-path trie tree first constrains beam expan-
sion to feasible SID trajectories that satisfy inventory constraints
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and targeting rules. During decoding, beam scores are directly
computed from the fused generation-ranking logits, allowing
commercial value signals to participate in online SID trajectory
selection. This design substantially reduces invalid search space
while enabling lightweight value-aware online serving without
introducing additional value ranking modules.

We conduct a comprehensive evaluation of UniVA on the Ten-
cent WeChat Channels advertising platform. Experimental results
demonstrate UniVA achieves a 37.04% relative improvement in
offline HR@100. Further value analyses show that UniVA also im-
proves value-oriented task substantially, with ValueHR@100 and
wNDCG@100 increasing by 37.01% and 26.20%, respectively, while
the bid distribution variance and range within each SID path are
reduced by about one order of magnitude. Finally, online A/B test-
ing demonstrates a 1.5% GMV lift, confirming the practical value of
unified value alignment in production.

e We formulate the value inconsistency problem in generative
advertising systems and identify three key limitations spanning
tokenization, autoregressive decoding, and online serving..

e We propose a commercial SID tokenizer that injects value-related
attributes into hierarchical SID construction, improving commer-
cial discriminability while preserving semantic organization.

e We propose a Generation-as-Ranking SID Decoder that unifies
supervised learning and eCPM-aware reinforcement learning,
enabling value signals to participate directly in SID generation.

e We propose a value-guided personalized beam search that com-
bines a personalized trie tree for valid-path pruning and fused
generation-ranking logits for value-aware online serving.

2 Preliminaries

Semantic ID. GR formulates recommendation as a sequence gen-
eration problem. Given a user u, context c, and historical item
sequence iy = (iy, iz, . . ., it), the model directly predicts the next
target instead of ranking over a candidate set. Each item is mapped
to a discrete SID sequence s; = (i) = {s/, sl?, e siL} of length L,
and recommendation is performed by autoregressively generating
SID tokens. A widely used implementation is RQ, which discretizes
an item embedding into hierarchical codebook indices. Given an
item embedding Z; with r] = Z;, RQ selects sf = arg miny ||rf -

L cl,, where C! = {ci, clz, e c§<} denotes the level-1
Si

ci 3 ritt =1} -

codebook and rﬁ denotes the residual representation at level [.

Advertisement Attributes. Each advertisement item i is asso-
ciated with heterogeneous features x; = (x7,x{). The semantic
attributes are defined as x§ = (x!*, x;mg, x;’ide"), which denote the
textual, image, and video signals of the advertisement. The commer-
cial attributes are defined as xi” = (xf, xi’ , xﬁnd, xf’ ), corresponding to
optimization goal, ROI target, industry, and bid. We focus on these
four attributes because they are most closely related to bidding and
commercial value.

Objective. Given the historical interaction sequence x;.7, UniVA
maps each ad into an SID sequence s; = ®(x;) and predicts the
next SID autoregressively as pg(st+1 | X1.7,u,¢) = HIL:1 pg(slT+1 |
s;frl, X1.T, U, ¢). where u denotes the user and ¢ denotes the request
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context. Unlike generic GR, the advertising setting requires the
model to optimize both user relevance and commercial return.

3 Methodology

The overall framework of UniVA is shown in Figure 1. First, a
commercial SID tokenizer injects commercial attributes and bid
information into the final SID layer, making the token space value-
discriminative. Second, the Generation-as-Ranking SID Decoder
combines generation scores and token-level value scores within the
same decoding process. Supervised learning is used to learn stable
SID generation, while eCPM-aware reinforcement learning intro-
duces downstream value guidance. Third, a value-guided personal-
ized beam search restricts online expansion to valid personalized
branches and directly reuses the fused generation-ranking logits as
the online scoring signal, improving serving efficiency while reduc-
ing invalid SID-path exploration. The following sections describe
each component in detail.

3.1 Commercial SID Tokenization

Existing SID construction methods primarily encode semantic char-
acteristics, which leaves the token space insufficiently discrimina-
tive for commercial value. To address this limitation, UniVA adopts
a semantic-commercial hybrid SID structure with an explicit Com-
mercial SID:

(sil, cees leil) = q)sem(xis)s

SIL = q)com(xic)’ (l)

where ®gep, reuses the RQ-Kmeans+ semantic tokenizer [26] to
preserve the semantic organization of the upper SID levels, and
deom maps structured commercial attributes into a discrete value-
aware token at the final level. In this way, UniVA preserves the
coarse-to-fine semantic hierarchy of GR while explicitly injecting
commercial discriminability into the SID path. The construction of
Dcom consists of two steps: attribute space compression, followed
by composition-key construction with equi-frequency bid binning.

Attribute Space Compression. The raw commercial attribute
space is too sparse to support reliable token construction directly.
In particular, optimization goals and industry categories exhibit
substantial long-tail behavior, and directly taking their Cartesian
product would lead to severe vocabulary explosion and unstable
fine-grained statistics. UniVA therefore first compresses the struc-
tured commercial attributes before constructing the final commer-
cial token. Formally, we define
K =go(x?), A =gr(x]), A =g, (2)
where ¢, ¢r, and ¢ denote the compression operators for
optimization goal, ROI, and industry, respectively. For optimization
goal, UniVA retains the values covering 99% of the data and clusters
the remaining tail values according to the similarity of their bid
distributions, resulting in 25 categories. For ROI, UniVA retains the
values covering 99% of the data and merges the remaining tail into
one fallback class, resulting in 8 categories. For industry, UniVA
retains the top 9 first-level industries covering 75% of the data and
merges the remaining tail into one fallback class, resulting in 10
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categories. This step improves statistical robustness while keeping
the downstream token vocabulary under control.

Value-Aware Discretization. After attribute compression, UniVA
constructs a composition key for each advertisement from the com-
pressed business attributes:

ki= (¢ x xM) e KCOXxRxT. 3)

1

Each key k; represents a local commercial context in which ads
share similar structured business conditions. For each composition
key k € K, the associated bid set is

By = {xV | ki =k} (4)

We then apply a classify-then-bin strategy: ads are first grouped
by composition key, and the bids within each key are partitioned
into nj equi-frequency bins. The bin count is chosen according to
the sample volume of key k and is bounded by 1y, and np;,. Under
the vocabulary budget constraint ;<4 nx <V, we select {n;} to
maximize the weighted entropy of the discretized bid distribution:

ni
He == plogpl, H= " weHy, 6)
Jj=1 kekK

where p](.k) is the sample proportion of the j-th bin under key k,
and wy, is the sample proportion of key k in the samples. Weighted
entropy encourages a more balanced sample allocation across bins
and therefore yields more stable bid discretization. This design
assigns finer bid resolution to dense commercial contexts while
keeping sparse contexts compact and robust.

After the binning scheme is fixed, UniVA assigns a global com-
mercial token ID to each key-bin pair and defines the final commer-
cial SID as

st = Peom(xf) = Y (ki x7), ©)

where /() maps the compressed key and bid value to the corre-

sponding global bin ID. For unseen keys at inference time, UniVA

falls back to global bid discretization. As a result, ads sharing the

same full SID path become more consistent in both semantic content

and commercial value, yielding SID paths with stronger semantic
and commercial coherence.

3.2 Generation-as-Ranking SID Decoder

Commercial SID makes the token space value-discriminative, while
UniVA further injects commercial value into SID decoding through a
Generation-as-Ranking SID Decoder. Following GPR, UniVA adopts
the same unified input schema and HSTU encoder backbone [25].
The input sequence contains four token groups: User Token (U), Or-
ganic Token (O), Environment Token (E), and Item Token (I), which
respectively encode user attributes and preferences, users’ organic-
content behaviors, request context, and historical ad interactions.
The encoder processes these tokens and produces user-conditioned
hidden states denoted by h = Enc(U, O, E, I).

Context-Conditioned SID Decoding. Conditioned on h, the
decoder autoregressively generates the target SID. At decoding
step ¢, the current SID hidden state first performs fully visible
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Figure 1: The framework of UniVA

cross-attention over the encoder states and then applies causal
self-attention:

70 = CrossAttn(Q = 2O K=hV=h), 3 =SelfAttn(z1"),
™
Cross-attention injects request-aware user context into the cur-
rent decoding state, and self-attention organizes this refreshed state
together with previously generated SID tokens. As a result, each
next-token decision is grounded in both user intent and SID-prefix
dependency. Here the SID hidden states serve as queries and the
encoder output serves as keys and values.

Scalable SID Decoder. To further enhance decoder capacity, UniVA
combines sparse Mixture-of-Experts (MoE) [3] and Mixture-of-
Recursions (MoR) [2] for conditional specialization and recursive
depth scaling. For MoE, UniVA uses N routed experts and activates
only the top-K experts for each token, so that diverse advertising
patterns can be decomposed and learned by different experts. The
MoE transformation is formulated as

g(2(1)) = Softmax(W,2(*), ®)
A =RE) )

meTopK(g(2(1)),K)

gm(ZD)En(2).  (9)

Here W; is the routing matrix, g(2(*) is the routing distribution
over the N routed experts, and g,,, (:(*)) is the weight assigned to ex-
pert E,,. Eq denotes the always-activated shared expert that captures
common transformations, while the routed experts {E,, } specialize
in context-dependent advertising patterns such as different product
categories, bidding strategies, and user-intent regimes. TopK(-, K)

selects the K most relevant routed experts for the current token,
enabling conditional computation and fine-grained specialization.

To avoid router collapse, where a small subset of experts is repeat-
edly over-selected while others receive insufficient training, UniVA
further adopts dynamic load balancing. Specifically, the router main-
tains historical expert-load statistics and adjusts the routing bias
accordingly: overloaded experts receive lower bias, while underuti-
lized experts receive higher bias before top-K selection. This en-
courages a more even distribution of training signals across experts,
improves training stability, and reduces expert-capacity waste.

For depth scaling, we adopt Mixture-of-Recursions (MoR) [2] to
recursively reuse a shared middle block:

WO =), B = lg(R"7), g = L), (10)

Here #in, fmid, and o, denote the input block, shared middle
block, and output block, respectively, and R denotes the number of
recursive rounds. By repeatedly applying the same middle transfor-
mation, MoR increases effective depth through iterative refinement
without proportional parameter growth. Together, MoE expands
width through conditional specialization and MoR increases effec-

tive depth, providing a stronger backbone for the SID decoder.

Dual-Head Generation-as-Ranking. On top of the shared de-
coder trunk, UniVA introduces two output heads to realize generation-
as-ranking during SID decoding. Let z!) denote the decoder hidden
state at SID level [ after the shared trunk. The generation head and
value head first produce vocabulary-level generation scores and
value scores, which are then fused and normalized to form the final
generation-as-ranking distribution:
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oftn = fuen(z), 0} = fuatae 2 ()
7g(- | s<1,h) = Softmax(Fuse(oéQ.‘, o‘(,iiue)) (12)

Here fgen(-) and frae(+) denote the two output heads, and oé?n

and oifiiue are their corresponding vocabulary-level outputs at SID
level I. In our implementation, Fuse(-, -) is instantiated as element-
wise summation. This dual-head design makes generation and rank-
ing happen within the same decoding process: the generation head
preserves sequential SID generation ability, while the value head
injects token-level commercial preference into each next-token deci-
sion. As a result, UniVA realizes true generation-as-ranking instead
of following a generate-then-rerank pipeline, thereby avoiding the
extra online cost introduced by an additional post-generation rank-
ing stage.

SID Decoder Learning Objective. UniVA first uses supervised
learning to establish stable SID generation behavior. The supervised
objective is

L
> D logpo(shyy |sity,h).  (13)

(wexy.r,5T41) € D3, =1

Lo =~

Here Dg;, denotes the supervised training set and pg (- | s;il, h)
denotes the next-SID generation distribution produced by the gen-
eration head. In this stage, the shared decoder trunk and generation
head are optimized by the supervised objective. However, super-
vised learning alone does not provide explicit value supervision
for token selection. UniVA therefore introduces the subsequent RL

stage to incorporate downstream value signals into decoding.

3.3 eCPM-aware Reinforcement Learning

Supervised learning stabilizes SID generation but does not directly
optimize commercial return. UniVA therefore introduces an eCPM-
aware reinforcement learning stage. Concretely, the generation
head learned in the SL stage is directly reused as the RL policy
head, while the value head is optimized as the critic to estimate
commercial value. The reward is produced by an online eCPM
generator, and the decoder is later trained through iterative SL-RL
optimization so that stable SID generation and commercial value
alignment are learned within the same model.

Simulation-Based Value Optimization. Directly querying the
production ranking service for each sampled SID path is prohib-
itively expensive. UniVA therefore follows the simulation-based
post-training paradigm of GPR [26] and builds a high-fidelity offline
simulator from recent production snapshots. The simulator repro-
duces candidate inventory, feature pipelines, business constraints,
and the downstream ranking stack, providing scalable offline re-
ward evaluation under serving-time constraints. RL training data
are obtained by simulation sampling over recorded online requests,
so the sampling strategy directly affects the quality ceiling of policy
learning under limited simulation budget. UniVA therefore replaces
the previous fixed 5% sampling with adaptive sampling up to full
traffic based on historical learning difficulty and prediction entropy,
and further augments replayed requests with simulated future re-
quests derived from the user’s latest state.
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During RL, the encoder first produces the context state h, and
the policy head defines the token-generation policy g (- | s<, h).
Trajectories are collected by beam search and MCTS-PPO [10],
where MCTS-PPO additionally reuses the value head as a node
evaluator:

y(h) = ybeam(ﬁQ(' | h))
U Ynnctsppo (o | 1), Vo (- | B)) = {y©,...,y"0Y,

where y®) = (aik), s aik)) is a complete SID path and Vy(- | h)
denotes the value estimates for intermediate prefixes. Beam search
provides stable high-probability rollouts, while MCTS-PPO per-
forms structured exploration over SID prefixes and helps discover
promising but low-probability paths. For a search node n with
action set A(n), MCTS-PPO selects actions by

- / log N(n)
*
- m Q + _— 1
a argas??();) (n, a) ¢ 1+ N(n,a) ’ ( 5)

where Q(n, a), N(n), and N(n, a) denote the running action value,
node visit count, and edge visit count, respectively. Online serving,
by contrast, uses only beam search for efficiency. Each sampled
path is then resolved to a concrete ad and assigned an estimated
eCPM reward:

(14)

k
Re(Ci’M = geCPM (h, y(k) ), (16)

where gecpm(+) is produced by the copied production pCTR/pCVR
models. This keeps the RL target consistent with the serving-time
monetization objective. UniVA further normalizes rewards within
each request to reduce scale variation across traffic contexts:

(k)
RU) = Recem ~ pr(h) (17)
O—R(h) + €

This normalization makes the policy updates depend more on rela-
tive value differences among sampled candidates under the same
request.

Advantage Estimation and Losses. For a sampled SID path y =
(ay, as, . . ., ar) with normalized terminal reward R, UniVA applies
PPO-style GAE to obtain token-level advantages A;. Let a; denote
the selected token at level [, then

(O]

V=0, 1 [ar], Gl =A; + ;. (18)

Here 4; is defined relative to the current value baseline v;, so G is
the corresponding return target. In this way, the value head learns to
predict token-level future value under the current decoding policy.
Let 7;.r denote a lagged reference policy with the same architec-
ture as the current model and periodically synchronized parameters.
The PPO ratio and clipped objective are
_ 7glar | s<1.h)

= ————", Lypo = —E [min (p;A;, clip(p, 1 — €, 1 + €)A)] .
et (ay | s<i1, h)

(19)
The value head is optimized by
L \2
Lyawe =E [(Ul - Gl) ] . (20)
The overall RL objective is
LrL = Lpro + Ao Lvalues (21)
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where A, balances policy optimization and value regression. This
objective aligns SID decoding with high-eCPM paths while learning
token-level value estimates.

3.4 Joint Optimization

Supervised learning is used to establish stable SID generation, while
reinforcement learning introduces commercial value supervision
through simulator-generated reranking rewards. UniVA combines
the two stages through collaborative iterative training so that SID
generation and value estimation are aligned within the same de-
coder. Concretely, for a supervised batch UniVA updates the shared
decoder and generation head with Ly ; for an RL batch it updates
the fused generation-ranking policy and value head with Lgy. The
overall training objective is

Lirain = Ist Lst. + Ire, (22)

where Ig;, and gy, indicate whether the current batch is a super-

vised batch or an RL batch. By alternating SL and RL batches, UniVA

progressively aligns SID generation and value estimation within

the same decoder, so that decoding is guided toward commercially

valuable paths. This produces a closed loop between training-time
generation-as-ranking and serving-time.

3.5 Value-Guided Personalized Beam Search

UniVA keeps online serving consistent with the generation-as-
ranking design under the unified value-alignment objective. The
central principle of this stage is to let commercial value directly par-
ticipate in beam expansion, so that online SID trajectory selection
is governed by joint relevance and monetization preference rather
than by semantic likelihood alone. To make such value-guided
decoding both valid and efficient under request-time constraints,
UniVA further introduces a personalized valid-path trie that re-
stricts beam expansion to feasible SID trajectories.

A global valid-path trie tree is first constructed over feasible SID
paths in the candidate inventory. For an incoming request, serving
constraints such as targeting, availability, and creative rules are
applied to derive a personalized subtree 7:

Tu =T W) (7). (23)
Given a SID prefix s, the valid next-token set is defined as
V(s<i;Ta) ={s1 € St | s<1 = (s<1,81) € P(T)}, (29

where S; denotes the SID vocabulary at level [ and £ (7;) denotes
the set of valid prefixes in the personalized trie. Conditioned on
the user state, UniVA performs beam search only over valid con-
tinuations in V (s<;; 7)), which substantially reduces invalid-path
expansion and concentrates decoding budget on request-valid can-
didates.

Within this constrained search space, UniVA further injects value
guidance into online SID trajectory selection. At decoding step [,
the dual-head decoder produces generation scores and value scores
for valid candidate tokens, and their fused output is directly used as
the beam-expansion signal. The cumulative beam score of a valid
SID prefix is then defined as

!
Score(s<;) = ZFuse(oéQq, ox‘;ue)[st], st.s<; € P(T). (25)
=1
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By directly reusing the fused generation-ranking logits, UniVA
allows commercial value signals to participate in beam competi-
tion throughout online decoding, rather than relying on semantic
likelihood alone. As a result, beam search preserves SID prefixes
favored jointly by user relevance and monetization value, reducing
the risk that commercially promising trajectories are pruned at
early decoding steps. The personalized trie and value-guided beam
scoring therefore play complementary roles: the former enforces
request-specific validity and reduces the invalid search space, while
the latter enables lightweight value-aware online serving without
introducing an additional value-ranking module. Consequently, on-
line serving preserves a single-pass generation-as-ranking process
and remains fully aligned with the end-to-end value objective.

4 Experiments
4.1 Experimental Setup

Datasets and Baselines. Following GPR [26], we build the offline
dataset from a large-scale Tencent advertising corpus that mixes
ads with organic media such as short videos, social feeds, and
news, so that evaluation reflects realistic mixed-traffic contexts.
Each sample contains session-level behaviors together with item-
level multimodal features, including textual metadata and visual
signals from covers or sampled frames. We remove near-duplicate
instances, rebalance category distributions to reduce sampling bias,
and split the corpus into 80% training and 20% testing. To focus on
SID-level effectiveness, we use GPR as the main system baseline
and a vanilla decoder-only Transformer as the decoder baseline,
and then progressively introduce Commercial SID together with
different SID-decoder designs to compare their contributions.

Implementation Details. UniVA uses a three-level SID structure
with a codebook size of 2048. The SID decoder contains 4 layers
with embedding dimension 256. For Commercial SID construction,
the adaptive bid-binning hyperparameters are set to nyax = 25 and
Nmin = 3, and the final binning configuration is selected by grid
search to maximize the weighted entropy H under the vocabulary
budget of 2048. For the sparse MoE backbone, UniVA uses 64 total
experts and activates the top 16 experts for each token; the hidden
dimension of each expert is set to 128. In training, UniVA optimizes
the model with Adam using a learning rate of 0.001, and the batch
size is 16. The input sequence length is 2048.

Evaluation Metrics. For offline evaluation, we report Hit Rate
at K (HR@K). To assess value modeling on the GMV-weighted
next-conversion set, we further report two value-oriented metrics:

Y1 gmv; - I(i; € RF)

ValueHR@K =

>

Zthl gmv;,
>I, w, - NDCG,@K

ZZ:I W
where T is the number of evaluation requests, i; is the ground-truth
converted item of request ¢, gmv;, is its GMV, and Rf is the model’s
Top-K candidate set. ValueHR@K measures how much conversion
value is covered by Top-K retrieval, while wWNDCG@K measures
value-weighted ranking quality by emphasizing whether high-value
requests are ranked earlier. For online evaluation, we report GMV

wNDCG@K = , we =log(1+gmv,).
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Table 1: Offline next interacted item prediction performance
comparison of UniVA and its SID-level variants on the indus-
trial advertising benchmark. Parameters and FLOPs report
only the SID decoder cost, excluding the encoder. AHR@ 100
denotes the relative improvement over the base GPR + SID
Decoder.

Model Parameters FLOPs AHR@100
Base

GPR+SID Decoder 3M 4.1G +0.0%
SID Design

+ Commercial SID 3M 4.1G +5.78%

+ (layer2-layer4) ™ 7.1G +6.10%

+ MOR 5M 7.1G +13.56%

+ Sparse MOE 60M 8.5G +18.40%
UniVA (Full) 80M 232G +37.04%

and GMV(normal). GMV is the standard gross merchandise volume
metric and directly reflects business return, while GMV(normal)
excludes ROI ads.

4.2 Overall Performance

As summarized in Table 1, UniVA consistently improves next inter-
acted item prediction performance performance over the base GPR
+ SID Decoder, and the reported parameters and FLOPs include
only the SID decoder. Commercial SID improves HR@100 by 5.78%
without increasing decoder parameters or computation. This indi-
cates that Commercial SID introduces a stronger value-structured
bias into SID construction: the grouping criterion moves from pure
content homogeneity to joint content-value homogeneity, making
each SID path more commercially coherent and giving the model a
clearer learning signal.

Table 1 also reveals a scaling trend for the SID decoder. As de-
coder capacity increases, the relative HR@100 gain rises from 6.10%
for the deeper decoder to 13.56% for MoR and further to 18.40% for
Sparse MoE. This suggests that SID decoding in industrial adver-
tising benefits directly from stronger modeling capacity: MoR im-
proves effective depth through recursive refinement, while Sparse
MoE increases conditional capacity through expert specialization.
Together, these results show that SID decoding exhibits clear scaling
behavior under more expressive decoder backbones.

Full UniVA achieves the largest gain, reaching a 37.04% relative
improvement over the base model. Beyond decoder scaling, this
improvement comes from eCPM-aware reinforcement learning and
joint optimization, which expose the decoder to downstream value
signals instead of only supervised next-SID targets. By aligning
token selection with monetization-aware rewards, UniVA better
preserves high-value prefixes and completes more commercially fa-
vorable SID paths. These results show that Commercial SID, decoder
scaling, and value-aware joint optimization are complementary.

4.3 Value Alignment Performance

To verify whether UniVA can capture commercial value, we conduct
avalue analysis experiment under different SID designs on the GMV-
weighted next-conversion set. Figure 2 presents the value-oriented
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Figure 2: Offline value analysis under four SID designs on
the GMV-weighted next-conversion set.
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Figure 3: Path-level bid-dispersion statistics for 3-level SID
and 2-level SID + Commercial SID. Each subfigure reports
Mean, P75, and P99 over complete SID paths, and the y-axis
is shown in log scale.

evaluation under different SID designs on the GMV-weighted next-
conversion set. 22048 SID + CSID performs best on most cutoffs,
achieving the highest ValueHR@10/32/50 and wNDCG@32/50. At
K=100, it reaches 0.0677 on ValueHR@K and 0.0554 on wNDCG@K,
clearly outperforming the two three-level SID variants, while the
semantic-only SID settings remain slightly stronger only at the
most restrictive positions such as wWNDCG@1 and wNDCG@10.

This pattern is consistent with the role of Commercial SID. The
three-level SID settings mainly preserve semantic similarity, which
is helpful at very small cutoffs, but they do not explicitly separate
high-value and low-value ads in the token space. After introducing
Commercial SID, value-consistent ads are more likely to share
coherent SID paths, enabling the decoder to retrieve and rank high-
value candidates more effectively. The comparison between 2*2048
SID + CSID and 2*8192 SID + CSID further suggests that a moderate
codebook is more suitable for value modeling, because an overly
large vocabulary disperses data and weakens stable commercial
grouping. Overall, these results show that UniVA improves not only
prediction accuracy but also value capture.

4.4 More Insights

Commercial SID Quality Analysis. Figure 3 compares path-
level bid dispersion before and after introducing Commercial SID.
Relative to 3-level SID, 2-level SID + CSID consistently reduces
both bid standard deviation and bid range across Mean, P75, and
P99. Under the log-scale view, most statistics decrease by about one
order of magnitude, with especially clear compression in the middle
and tail. This indicates that items assigned to the same full SID path
become much more consistent in commercial value, rather than
mixing ads with widely different bid levels under the same semantic
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Table 2: HR@K comparison under different SID codebook
sizes. All values are reported in percentage points (%).

SID Configuration HR@1 HR@10 HR@32 HR@50 HR@100

3*2048 SID 0.09 0.72 1.60 2.15 3.23
3*8192 SID 0.10 0.83 2.06 2.77 4.03
2*2048 SID + CSID 0.14 1.02 2.17 2.84 4.20
2*8192 SID + CSID 0.09 0.92 1.98 2.63 3.84

path. Consequently, Commercial SID provides a cleaner structural
basis for value-aware decoding and reduces unstable high-variance
paths.

Commercial SID Strategy Analysis. Figure 4 compares different
Commercial SID construction strategies. Classify-then-Bin com-
bined with Equal-frequency achieves the highest weighted entropy
while keeping the vocabulary size closest to the target budget of
2048, with H = 7.487 and V = 1939. Direct Binning ignores struc-
tured commercial attributes and therefore mixes heterogeneous
ads before bid discretization, leading to coarse and less balanced
partitions. Cluster-then-Bin improves bid-distribution grouping,
but the resulting clusters are less stable and often trade vocabu-
lary efficiency for limited entropy gain. Among in-bin strategies,
Equal-width is sensitive to long-tail bid distributions, while Cluster-
ing tends to consume more vocabulary without consistent benefit.
Overall, the results support the choice of Classify-then-Bin with
Equal-frequency as the most balanced strategy for Commercial SID
construction.

Codebook Size Analysis. Table 2 presents HR@K under different
semantic codebook sizes and Commercial SID settings. 22048 SID
+ CSID performs best across all cutoffs from HR@1 to HR@100,
with relative improvements of 55.56%, 41.67%, 35.63%, 32.09%, and
30.03% respectively. Under the 8192 setting, however, 2*8192 SID +
CSID remains below 38192 SID across all cutoffs. This difference
is consistent with the codebook design: the Commercial SID vocab-
ulary is fixed at 2048, so it matches the 2048 semantic setting more
naturally, while replacing one semantic level under 8192 introduces
a stronger vocabulary mismatch and reduces the benefit of finer
semantic partitioning. Overall, these results show that Commer-
cial SID is most effective when paired with a moderate semantic
codebook, where explicit value modeling complements semantic
structure without introducing excessive semantic fragmentation.

4.5 Online A/B Test

Personalized Beam Search. Under the same beam width of 300,
personalized trie-based beam search produces 300 valid SID paths,
whereas beam search without the trie produces only 48. In other
words, without the personalized trie tree, beam search recovers only
16% of the valid paths obtained with trie-constrained search. This
shows that the trie tree can filter invalid branches before expansion,
so beam capacity is concentrated on feasible paths instead of being
wasted on invalid ones. As a result, UniVA saves online search

Zhang et al.

Table 3: Online A/B test results on Tencent WeChat Chan-
nels advertising traffic from March 7 to March 11, 2026, over
5% traffic. All lifts denote relative improvement against the
production baseline.

Online Version GMYV Lift GMV(normal) Lift

v1 w/o Generation-as-Ranking  +1.03% +1.17%
v2 with Generation-as-Ranking +1.50% +1.42%
8
Direct
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Figure 4: Commercial SID strategy comparison across three
overall strategies and three in-bin strategies. Each cell cor-
responds to one strategy combination and reports weighted
entropy H and vocabulary size V.

resources while generating substantially more valid ad creatives
under the same decoding budget.

Online GMV Results. Table 3 presents the online A/B results
on Tencent WeChat Channels advertising traffic. Even without
generation-as-ranking, the online system already achieves posi-
tive gains, with GMV lift of 1.03% and GMV(normal) lift of 1.17%.
After adopting generation-as-ranking, the gains further improve
to 1.50% and 1.42%, respectively. The first online version already
verifies that Commercial SID together with the SID decoder can
improve business value in production, even before introducing the
full generation-as-ranking design. This indicates that value-aware
SID construction and value-enhanced SID decoding are already
helpful for retrieving more commercially suitable ads. After further
introducing generation-as-ranking, candidate generation and value
guidance are unified within the same decoding process, so the SID
decoder can use value signals earlier and more consistently during
online search. Overall, the stronger GMV gains show that joint
optimization on the SID decoder leads to better value capture and
transfers effectively to real monetization improvement.

5 Related Work.

Generative Recommendation. GR reformulates recommenda-
tion as autoregressive generation over discrete item identifiers,
thereby replacing hand-crafted multi-stage ranking stacks with a
unified next-token prediction paradigm [4, 18, 24, 25, 29]. Recent ad-
vances show that this line is evolving quickly from proof-of-concept
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models to industrial-scale systems, with active exploration of one-
model training, large-catalog generation, decoding acceleration,
and scalable serving architectures [9, 21, 30]. The same trend has
also reached advertising, where generative pipelines are increas-
ingly studied as an alternative to conventional cascaded systems
[23, 26, 28]. These efforts mainly establish GR as a viable system
paradigm. In contrast, UniVA focuses on a more advertising-specific
question: how to make commercial value participate consistently
throughout the GR pipeline rather than improving generation qual-
ity, model scale, or decoding speed alone.

Semantic ID. Semantic ID is a key enabler of large-scale gener-
ative recommendation because it converts items in massive cat-
alogs into compact discrete token sequences. Early work learns
vector-quantized item identifiers from semantic embeddings [6, 7],
while later studies improve the SID pipeline through learnable to-
kenization, large-catalog training, and parallel generation of long
semantic-ID sequences [8, 17, 20]. More recent work further moves
toward end-to-end SID generation in industrial advertising environ-
ments [11]. Although these studies substantially improve semantic
fidelity, token efficiency, and generation scalability, they are still
primarily semantics-driven: the SID space is designed to preserve
item similarity or facilitate generation, rather than to explicitly
expose monetization differences.

Value Modeling in Recommendation. Value-aware recommen-
dation has long recognized that commercial systems should op-
timize monetization-related utility in addition to user relevance,
leading to research on profit-aware learning, multi-objective rec-
ommendation, and value alignment in industrial scenarios [15, 16].
In advertising, recent generative systems have also started to incor-
porate auction signals, eCPM-oriented supervision, and business-
aware objectives into model training and serving [22, 23, 26-28].
However, in most prior work, value remains a downstream tar-
get, an auxiliary objective, or a later-stage ranking signal applied
after candidate generation. UniVA differs by treating value as a
pipeline-wide modeling principle.

6 Conclusion

In this paper, we first identify the core challenge of value model-
ing for generative recommendation in industrial advertising: the
model must capture not only semantic relevance but also com-
mercial value, while keeping tokenization, decoding, and online
serving aligned under real serving constraints. To address this
issue, we propose UniVA, a unified value alignment framework
that introduces Commercial SID to build a value-discriminative
token space, a Co-Generation-Ranking SID Decoder to inject value
directly into SID generation through joint supervised and eCPM-
aware reinforcement learning, and a Value-Guided Personalized
Beam Search to combine personalized valid-path filtering with
single-pass generation-as-ranking during online serving. Experi-
mental results show that UniVA consistently improves offline down-
stream prediction performance, strengthens value modeling under
value-oriented metrics, produces more commercially coherent SID
distributions, and improves serving-time validity and efficiency
through personalized beam search, while online A/B testing further
confirms that these offline gains transfer to real business value in
production.
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