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ID-based methods with semantic generalization capabilities.
Text-based methods typically encode item textual informa-
tion via prompt design and generate discrete semantic IDs
through item tokenization. However, in domain-specific tasks
such as local-life services, simply injecting location informa-
tion into prompts fails to capture fine-grained spatial char-
acteristics and real-world distance awareness among items.
To address this, we propose LGSID, an LLM-Aligned Geo-
graphic Item Tokenization Framework for Local-life Recom-
mendation. This framework consists of two key components:
(1) RL-based Geographic LLM Alignment, and (2) Hier-
archical Geographic Item Tokenization. In the RL-based
alignment module, we initially train a list-wise reward model
to capture real-world spatial relationships among items. We
then introduce a novel G-DPO algorithm that uses pre-trained
reward model to inject generalized spatial knowledge and
collaborative signals into LLMs while preserving their se-
mantic understanding. Furthermore, we propose a hierarchi-
cal geographic item tokenization strategy, where primary to-
kens are derived from discrete spatial and content attributes,
and residual tokens are refined using the aligned LLM’s ge-
ographic representation vectors. Extensive experiments on
real-world Kuaishou industry datasets show that LGSID con-
sistently outperforms state-of-the-art discriminative and gen-
erative recommendation models. Ablation studies, visualiza-
tions, and case studies further validate its effectiveness.

Code — https://github.com/JiangHaoPG11/LGSID

Introduction

With the rapid growth of local-life services, recommenda-
tion systems have become essential for meeting users’ daily
needs on major platforms such as Kuaishou and Meituan.
However, traditional ID-based methods, which represent
items using unique ID tokens and rely heavily on collabo-
rative filtering signals (He et al. 2017), struggle to capture
the real-world spatial characteristics and distance awareness
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Figure 1: Illustration of challenges of text-based methods in
local-life recommendation. Without geographic awareness,
the system may recommend semantically relevant items that
are inaccessible to users due to long distance.

of local-life recommendation. In such spatially constrained
scenarios (Ma et al. 2024; Zhao et al. 2025), many items
suffer from limited user interaction opportunities, leading to
unfair exposure. Consequently, as the candidate item corpus
grows, these methods encounter inherent performance bot-
tlenecks (Zhang et al. 2024c; Wu et al. 2021).

Recent advances in Large Language Models (LLMs) of-
fer an effective solution to the limited learning capacity of
ID embeddings by leveraging their semantic understanding
abilities (Achiam et al. 2023; Yang et al. 2025; Wang et al.
2024b). The prevailing paradigm in text-based methods, as
illustrated in the middle part of Figure 1, involves designing
prompts that incorporate domain features and item attributes
for LLMs to generate semantic representations, which are
subsequently quantized into discrete semantic IDs through
a process known as item tokenization. For example, TIGER
(Rajput et al. 2023) is one of the first to propose the RQ-
VAE quantization model, which maps LLM representations
to semantic IDs (SIDs). QARM (Luo et al. 2024) introduces
the Res-Kmeans quantization model to tackle two key chal-
lenges in leveraging LLM representations: mismatch and
unlearning. Furthermore, N-gram semantic IDs (Singh et al.
2024; Zheng et al. 2025b) and Cosine semantic IDs (Lin
et al. 2025) have been developed to address the long-tail
problem in existing quantization methods. To better align
SIDs with recommendation, several methods further inject
collaborative filtering signals during or after item tokeniza-
tion, while underscoring the potential of item tokenization
for recommendation (Wang et al. 2024a; Liu et al. 2025a).



Despite their successes, we argue that these methods
still face two major challenges. (a) Limited adaptation to
downstream recommendation tasks with domain-specific
knowledge. They often treat LLMs merely as text encoders
that transfer item textual descriptions into high-quality se-
mantic representation, while focusing on designing novel
quantization models to align with diverse downstream tasks.
However, our key insight is that the quality and domain
awareness of upstream LLMs fundamentally determine the
upper bound of item tokenization performance. (b) Weak
integration of domain knowledge and semantic under-
standing. They simply combine domain-specific signals
with content attributes into prompts, assuming LLMs can
naturally balance their importance. However, pre-trained
LLMs often misinterpret such signals and tend to prioritize
content relevance over geographic proximity. As shown in
Figure 1, they may recommend a Shanghai restaurant to a
user located in Beijing. This highlights the importance of
item tokenization needs integrates item attributes and high-
dimensional representations to better fuse semantic under-
standing with geographic awareness.

To overcome the limitations of existing text-based recom-
mendation methods, we propose LGSID, an LLM-Aligned
Geographic Item Tokenization framework for Local-life
Recommendation. Unlike previous methods that focuse on
quantization models, LGSID adopts a post-training strat-
egy that aligns LLM to optimize representations, thereby
equipping them with real-world spatial awareness. To this
end, we integrates a novel geographic item tokenization
framework through a two-stage module: (1) RL-based Ge-
ographic LLM Alignment and (2) Hierarchical Geo-
graphic Item Tokenization. The RL-based alignment mod-
ule first trains reward models using distance-aware list-wise
sampling to capture and compress real-world spatial rela-
tionships. Building upon this, we introduce the G-DPO al-
gorithm to incorporate geographic and collaborative filter-
ing signals into the LLM. During LLM training, the G-DPO
algorithm uses similarity regularization to dynamically bal-
ance semantic accuracy and geographic awareness, ensuring
that domain-specific knowledge is effectively injected into
the LLM while preserving its semantic understanding ca-
pabilities. Moreover, we propose a hierarchical geographic
item tokenization method with a novel quantization strategy.
This method first generates primary tokens based on spatial
and content attributes, then refines residual tokens by lever-
aging the aligned LLM’s geographic representations.

In summary, our main contributions are as follows.

We identify the limitations of existing LLM-driven item
tokenization methods and highlight the importance of
aligning LL.Ms with domain-specific knowledge.

We propose LGSID, a two-stage item tokenization frame-
work tailored for spatially constrained scenarios such as
local-life recommendation, with RL-based LLM align-
ment and hierarchical geographic item tokenization.

We conduct comprehensive experiments on real-world in-
dustry datasets, demonstrating that LGSID significantly
improves performance in both discriminative and gener-
ative recommendation models.
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Related Work
Item Tokenization

Recent advances in item tokenization (e.g., RQ-VAE and
VQ-VAE) have driven the development of text-based rec-
ommendation (Rajput et al. 2023). A key challenge in these
methods is aligning item tokenization with recommenda-
tion. Existing item tokenization methods can be broadly
categorized into two main types: two-stage methods and
end-to-end methods. In the two-stage methods, early efforts
such as LC-Rec (Zheng et al. 2024) introduces semantic
alignment to integrate recommendation signals, while LET-
TER (Wang et al. 2024a) jointly aligns semantic and collab-
orative spaces. Building on these, QARM (Luo et al. 2024)
learns semantic IDs using Res-Kmeans guided by user in-
teraction distributions. EAGER (Wang et al. 2024c) adopts
two-stream codebooks to model both semantic and collabo-
rative signals, UTGRec (Zheng et al. 2025a) integrates mul-
timodal semantics with co-occurrence patterns into universal
codes. Furthermore, SC (Li et al. 2025) regularize seman-
tic encoders with ID embeddings from pre-trained CF mod-
els. In end-to-end methods, tokenization and recommenda-
tion are jointly alignmented and optimized. UnifiedSID (Lin
et al. 2025) employs RQ-VAE trained with cosine and eu-
clidean distances to integrate semantic and ID tokens, while
ETEGRec (Liu et al. 2025a) introduces sequence-item and
preference-semantic alignment objectives with generative
models training. However, these methods largely overlook
domain-specific constraints. For example, in local-life rec-
ommendation, users interact only with items within a limited
geographic radius. SIDs without geographic awareness often
recommend items that match user interests but are outside
deliverable distances, negatively affects system efficiency.

LLM Alignment for Recommendation

A key challenge in applying LLMs to recommendation is
incorporating task-specific awareness. Existing methods can
be categorized into two groups. The first focuses on design-
ing LLMs tasks to stimulate real-world knowledge and rea-
soning. For example, LGHRec (Luo et al. 2025) uses chain-
of-thought reasoning to distill item descriptions into seman-
tic IDs fused with vanilla IDs for GNN. GNPR-SID (Wang
et al. 2025) incorporates domain attributes like location
information into prompts to capture downstream signals.
SIIT (Chen et al. 2024) iteratively refines tokenization via
self-improvement. The other group focuses on fine-tuning
LLMs. NoteLLM (Zhang et al. 2024a) and NoteLLM-2
(Zhang et al. 2024b) compress items via prompts and in-
tegrate collaborative signals through supervised fine-tuning.
AlignRec (Liu et al. 2024) introduces alignment objectives
for multimodal and user—item consistency. LLMEmb (Liu
et al. 2025b) uses supervised contrastive fine-tuning to align
LLM embeddings with collaborative data. LARM (Liu et al.
2025c¢) distills open-source LLM knowledge into smaller
models, while Lu et al. (Lu et al. 2024) strengthen LLMs’
alignment with recommendation instructions. These meth-
ods emphasize semantic alignment. However, LLMs need
balance domain-specific constraints while accurately captur-
ing users’ true preferences based on item content.



|1_L NITLA-'t.)ased G:.ogr‘aphic @ Item content @ Pos geographic @ Neg geographic s Geographic
‘gnmen i information information information EX Reward Score |
A -DP
[_Positive Prompt | Item LLM Emb fﬂ.z S_ Update
LLM CI1] Reward
‘X Content Beijing A Q ) v *
v D Negative Prompt 1 J .’\ : O OO LLM Dual Similarity ‘LLM’
X Content X Shanghai 1] ..\ Contrastiveloss | —— /PN T\
= L —[@®) ©©
v [ Negative Prompt K |  Content  Alignment Geography sg:\ge 1 > £ Poli
“~—____~ Maximum Reference ©) ©) olicy
% Content x| Shenzhen likelihood  Model Model
2. Hierarchical Geographic Item Tokenization l User Sequence
(HeIT) E Rank
_ LLM 'E:H B-H: ,,,,, B I B-B: L. A
i 0., J i Geo Code:!|! Code 1 i|! Code 2 :|! Code 3 - @
Pro . /o i Foo Fo ey ey VAR VAN
Wira2 R rrmiir 3 7, »
Product: KFC U ) B THs D T ® L )
Three-Piece Set 5 @ L@ L® LG) recon Generation
Category: Foods P - 2 r > reg @r‘eq
Price: 29.9 rmb ! Geohash | @, Q@, @, LR
Location: Beijing ' District | r s g (18 @% ki g VAN
Brand <g_1>,<a_2>,..,<b_1>
Cate E * H + B + B 8 H ......
777777777777 <q_1> <a_2> <b_2> <«c_3»> <g_2> ,<a_5>, .., <b_2>]

Figure 2: Model structure of LGSID. The upper part illustrates the pipeline of RL-based Geographic LLM Alignment, while
the lower part depicts the pipeline of Hierarchical Geographic Item Tokenization.

Preliminaries

Geography Prompt Design
We design prompts for LLMs to derive item semantic repre-
sentations by combining their textual descriptions T; (e.g.,
name, brand, category, price) with geographical attributes
(e.g., province, city, town), as detailed in Appendix: A. Spe-
cially, items are first encoded into semantic representations
E;, which are then quantized into discrete semantic IDs S;.

We apply our LGSID to both two mainstream recommen-
dation paradigms with following pipelines. (1) discrimina-
tive recommendation: Users U = {uq,...,up } and items
Z = {i1,...,in} are encoded into their unique ID em-
beddings, where each item is represented by its textual de-
scription T; and semantic IDs S;. A user encoder f,(-)
learns e, = f,(u), and Top-k items {i1,...,%x} are gen-
erated by matching e, with (ID;, T;,S;). (2) generative
recommendation: Items are first mapped to semantic IDs
Si = (s},...,sF) viaquantized tokenization. Given a user’s
SID history {S;,, ..., S;,}, the model predicts the next SID
Si,.1» corresponding to the most likely next item.

Methodology

Overview

In this paper, we propose a novel geographic item tokeniza-
tion framework for local-life recommendation, comprising
two key modules: RL-based Geographic LLM Alignment
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and Hierarchical Geographic Item Tokenization. The upper
part of Figure 2 illustrates the RL-based alignment module,
which aligns LLMs with real-world spatial knowledge while
preserving their semantic understanding ability. The lower
part of Figure 2 illustrates the HGIT pipeline, which fuses
spatial and discrete content features with rich semantic rep-
resentations derived from LLMs to better balance item se-
mantics and domain-specific characteristics.

RL-based Geographic LLM Alignment

Existing methods often incorporate domain-specific infor-
mation into prompts to enhance LLMs awareness (Wang
et al. 2025). However, LLMs mainly rely on semantic sim-
ilarity, capturing only coarse spatial relations from textual
relevance and struggling with fine-grained distinctions be-
tween textually similar locations, e.g., confusing “Suzhou,
Anhui, City” with “Suzhou, Jiangsu, City”. To address this,
we propose an RL-based post-training strategy to align
LLMs with real-world geographic knowledge.

Geography-aware Reward Model Training. In real-
world recommendation systems with large and dynamic can-
didate pools, manually labeling item pairs for reinforcement
learning is impractical. To overcome this challenge, we first
train a list-wise reward model R (¢), which predicts the geo-
graphic relevance score between item content and its corre-
sponding location based on their LLM representations. This



allows the model to internalize generalizable spatial knowl-
edge via a neural network.

Specifically, we first compute the pairwise geodesic dis-
tance between items using their latitude and longitude, and
adopt a density-aware hard negative sampling strategy that
selects K negative samples based on spatial distance. We
construct prompt sequences by fixing the item content and
replacing the location with that of each negative sample us-
ing a prompt mismatching strategy, as defined in Eq. 1.

Pi = [Pcontenta -Pllocation]ﬂ Plj = [Pcontenta F)ljocaﬁon] P (1)

where Propent is item text attributes, Pl . - is the true loca-
tion, and Plf,c_aﬁon is a negative location from sampled items.
This generates a prompt sequences P; = [P;, P!, ..., PF].

The prompts are encoded by the LLM into embeddings
E = [E',Ej,...,E}], where E} € R and d denotes the
embedding dimension. Meanwhile, we design a list-wise ar-
chitecture to facilitate the learning of spatial proximity be-
tween items. Specifically, for each prompt-mismatched sam-
pled item, the model feeds the LLM representation E; into
a multi-layer perceptron (MLP) to predict a reward score,
which quantifies the relationship between the target item
content and location 7, as defined in Eq. 2.

rij = MLP(E}), )

where 7; ; denotes the reward score between the i-th target
item and j-th sampled item. Next, we assign soft labels p; ;
based on the distances between items. Specifically, given a
candidate list of K prompt sequence sorted by distance from
near to far, we define the soft labels as shown in Eq. 3.

Pij = K — Rank(disi7j) +1, 3)
where dis; ; denotes the haversine distance between items ¢
and j in the list. This distance-based labeling strategy en-
courages the model to prioritize items that are geographi-

cally closer to the target. The reward model is trained using
a weighted binary cross-entropy loss, as defined in Eq. 4.

N
1
Lrv =~ Y pijloga(ry),

i=1 j

“

where o () is the sigmoid activation function, N is the batch
size, and Lry denotes the reward model’s training loss.

G-DPO Algorithm with RM. Building upon pre-trained
reward models, we propose G-DPO, an enhanced algorithm
inspired by Direct Preference Optimization (DPO) (Rafailov
et al. 2023), as illustrated in the upper right part of Figure 2.
In G-DPO, we introduce a domain-mixed sampling strat-
egy for preference learning, denoted by Dyix = Dyc U Dye.
This database combines two data types: domain collabora-
tive pairs and geography constrained pairs.

For domain collaborative pairs Dy, we utilize user his-
torical behaviors to enhance collaborative signal awareness.
Items frequently co-occurrence by users tend to exhibit both
semantic and geographic similarity (Zhang et al. 2024a).
Specifically, the co-occurrence score is defined in Eq. 5.

U
= Ifia € H, Ay € H,],

u=1

&)

Sia \ib
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where I[-] is the indicator function, and H,, represents user’s
click history. We retain pairs (i, i) with s;, ;, > s, as do-
main collaborative sample pairs, where sy, is the threshold.

For geographically constrained pairs Dy, we randomly
sample items outside the target item’s location to form pairs
(ia,1r), ensuring diversity and efficiency within million-
scale candidate pools. Furthermore, G-DPO aligns the pol-
icy model 7y with a reference model 7 using domain-
mixed sample pairs (i7,i7) € Dpix. Each item pair is
scored by the reward model R, which takes embeddings
from either the policy Er, (7) or the reference model E.¢(7)
and outputs a distance-based score. The alignment loss in
G-DPO is given in Eq. 6.

Laign = ~E(i+,i) 10 0 (B(R(Ex, (i) = R(Ex, (i7)

“R(Er (i) + R(Br(i7)) ).
(6)

where 8 controls alignment sharpness, o(-) is the sigmoid
function, and R(-) is the pre-trained reward model. To pre-
serve LLMs’ semantic representations during G-DPO up-
dates, we introduce an in-batch contrastive loss as a simi-
larity regularizer, as shown in Eq. 7.

Lim = Eies || Bxy (3) = Ery ()13

L S IB (1) — Eny())

(7)
J#i

For each instance i in a batch B, we pull its representa-
tion closer to the reference model output while pushing it
away from other reference embeddings in the same batch.
We combine the contrastive and DPO loss with weight A, as
shown in Eq. 8.

['G-DPO = ‘Calign + )\Esim- (8)

Hierarchical Geographic Item Tokenization

We introduce a Hierarchical Geographic Item Tokenization
module on top of aligned LLM semantic representations.

For the first layer, we construct a multi-dimensional
feature that integrates different types of attributes for
geography-aware token initialization. To mitigate the inef-
ficiency of high-dimensional one-hot encoding, we adopt
composite embeddings for discrete categorical features.
Specifically, geography-aware codes fqc, are formed by lat-
itude and longitude. Meanwhile, administrative codes fagmin
are fixed scaling factors used for normalization, determined
by the province ID, city ID, and district ID. Similarly, cate-
gory codes f., are fixed scaling factors based on the primary
category and the secondary category. Brand codes fiang are
fixed scaling factors determined by the brand ID. The final
clustering feature vector F' is constructed via weighted con-
catenation of all components, as shown in Eq. 9.

F= [wadmin'fadmim wgeo'fgem Weat* feats wbrand'fbrandL 9

where w, are empirically chosen coefficients reflecting the
relative importance of each feature type. Using clustering



feature vector F, we apply MiniBatch K-Means to gener-
ate a vocabulary of first-layer geographic tokens. The cluster
representations are then computed as the mean of LLM em-
beddings within each token group, producing the first-layer
cluster centers ().

For residual layers (I > 2), we employ learnable cluster
centers with euclidean distance-based assignment. The pro-
cess of the cluster centers u!) with Eq. 10, while the quan-
tized representation and residual update with Eq. 11 and 12.

2 = argmin RV — u@]3, (10)
QY = V=), (1)
RO =RU-D - QO, (12)

The primary objective is to minimize the reconstruction
loss between the original embeddings and their quantized
representations. For input embeddings X, we apply a com-
bination of absolute reconstruction losses with Eq. 13.

L
['recon = HX - Z Q(l)H%
=1

To promote balanced utilization of the learned clusters
and prevent cluster collapse, we introduce an entropy-based
regularization term. For each layer [, the cluster usage dis-
tribution is computed as shown in Eq. 14.

y_ 1 EN: O]

l l

= — ]I =
N ~ [

13)

P (14)

where I[-] is the indicator function. The regularization loss
encourages uniform cluster usage through KL divergence:

L =KL (p(”Hu) Zp log

where u = [1/K},...,1/K]] represents the uniform dis-
tribution over K clusters. The complete training objective
combines reconstruction with cluster usage regularization:

1/K (15)

EHGIT - »Creu)n + )\reg Z 'Crega
1=2
where A, controls the strength of the regularization. Note
that regularization is only applied to learnable layers (I > 2)
since the first layer uses pre-computed geographic clusters.

(16)

Experiment
In this section, we conduct extensive experiments on real-
world datasets to address the following research questions:
* RQ1: How does LGSID improve upon existing tokeniza-
tion for SOTA discriminative and generative models?
RQ2: How does fine-tuning affect the LLM’s ability on
enhancing geographic awareness while preserving seman-
tic understanding?
RQ3: How accurately do item representations and quan-
tized IDs reflect real-world geographic proximity?
RQ4: How does LGSID exhibit superior geographic
awareness compared to other SID methods?
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Experiment Settings

The datsets and evaluation, finetune settings, parameters set-
tings and baseline models are detailed in Appendix: B.

Overall Performance (RQ1)

The results in Discriminative Recommendation. Table
1 reports offline AUC on the Kuaishou local-life dataset
when DIN (Zhou et al. 2018), DIEN (Zhou et al. 2019),
ETA (Chen et al. 2021), SIM (Pi et al. 2020), and TWIN (Si
et al. 2024) are augmented with different item tokenization
schemes. LGSID delivers the largest absolute gains. These
improvements stem from the two components of LGSID.
For attention-based DIN, DIEN and SIM, flat item IDs
severely limit the granularity at which spatial proximity can
influence attention scores. After the G-DPO phase of LGSID
injects aligned LLM’s spatial knowledge, each ID becomes a
geography-aware embedding that encodes real-world spatial
distance and neighborhood co-visit patterns. For TWIN and
ETA, which operate under tight latency constraints, com-
pact yet informative codes are critical. LGSID’s hierarchi-
cal quantization first compresses geo-textual attributes into
coarse primary tokens, then progressively refines residuals
with geographic context. This yields richer representations
without expanding the embedding table, lifting TWIN by
3.65% and ETA by 3.71%.

The results in Generative Recommendation. Table 2
shows the results of generative recommendation. We mainly
compare two generative recommendation model, including
TIGER (Rajput et al. 2023) and OneRec (Deng et al. 2025)
with different quantization methods. We find that Lin et
al. (Lin et al. 2025) obtains the worst performance, possi-
bly because it uses different distance functions across var-
ious levels of codewords, leading to convergence difficul-
ties and challenges in model optimization. RQ-VAE (Ra-
jput et al. 2023) and RQ-VAE-ngram (Zheng et al. 2025b)
achieve similar performance on TIGER and OneRec. How-
ever, these quantization methods did not consider geographi-
cal constraints, resulting in suboptimal performance in local-
life recommendation scenarios. Our LGSID introduces RL-
based Alignment to generate geographically aware represen-
tations and transfers these representations into semantic IDs
through hierarchical geographic item tokenization.

RL-based LLM Alignment Analysis (RQ2)

This experiment validates the effectiveness of our RL-based
LLM Alignment by measuring model improvements before
and after fine-tuning. We design two metrics based on re-
trieving the top-k items by similarity to a target item em-
bedding: (1) semantic similarity, measured by the semantic
similarity of the retrieved items, and (2) geographic aware-
ness, measured by the coverage of retrieved items sharing
the same province (state), city, and town as the target item.
Based on Table 3, we have following conclusion. (1) Pure
semantic understanding is insufficient for geographic aware-
ness, as text similarity captures terms but not real distances.
(2) The reward model effectively compresses and transfers
geographic knowledge into the LLM, where list-wise mod-
eling improves T@5 from 0.1601 to 0.5584. (3) Incorpo-



Method \ DIN DIEN SIM TWIN ETA
Origin 0.5859 0.6255 0.5884 0.5898 0.5903

+ Res-KMeans (Luo et al. 2024) 0.61001+0.0241  0.6369++00114  0.60631+0.0179  0.60871+0.0189  0.6077++0.0174
+ RQ-VAE (Rajput et al. 2023) 0.61851+0.0326  0.63641+0.0109  0.61111+00227  0.61531+0.0255  0.6153++0.0250
+ Lin et al. (Lin et al. 2025) 0.61611+0.0302  0.63681+0.0113  0.61074+0.0223  0.6148t+0.0250  0.61484+0.0245
+ RQ-VAE-ngram (Zheng et al. 2025b) | 0.61631+0.0304  0.63541+0.0099  0.61164+0.0232  0.61291+0.0231  0.61451+0.0242
+ LGSID (Ours) 0.62761+0.0417  0.64841+0.0229  0.6224++0.0340  0.62631+0.0365  0.62741+0.0371

Table 1: Performance comparison with AUC improvements over the original discriminative recommendation models.

Method | TIGER | OneRec

‘ Hit@5 Hit@l0 NDCG@5 NDCG@10 ‘ Hit@5 Hit@l0 NDCG@5 NDCG@I10
RQ-VAE (Rajput et al. 2023) 0.3087 0.3880 0.2255 0.2512 0.3739 0.4534 0.2798 0.3056
Lin et al. (Lin et al. 2025) 0.1767 0.2067 0.1335 0.1432 0.2950 0.3346 0.2272 0.2401
RQ-VAE-ngram (Zheng et al. 2025b) | 0.2991 0.3769 0.2158 0.2411 0.3626 0.4358 0.2720 0.2957
LGSID (Ours) 0.3921 0.5077 0.2817 0.3191 0.4435 0.5537 0.3304 0.3661
IMP ‘ 27.01% 30.83% 24.94% 27.05% ‘ 18.63% 22.13% 18.09% 19.79%

Table 2: Performance comparison with different quantization methods in generative recommendation models. The IMP metric
indicates the relative improvement of LGSID over the best-performing baseline (excluding LGSID).
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Figure 3: T-SNE visualization of items around cluster cen-
troids across tokenization methods.

rating density-aware list-wise modeling further boosts T@5
from 0.1601 to 0.6114, enhancing near-distance sensitivity.
However, this comes at the expense of semantic comprehen-
sion; applying a mixed-sample strategy mitigates this trade-
off by improving sample discrimination and integrating col-
laborative signals. (4) Over emphasizing geographic aware-
ness alone does not ensure better downstream performance,
so we introduce textual similarity regularization to maintain
semantics while achieving optimal results.

Visualization Analysis (RQ3)

The T-SNE visualization in Figure 3 shows that after RL-
based Geographic LLM Alignment, the cluster centers of
Province, City, and District are significantly closer. The Nor-
malized Mutual Information (NMI) quantitatively measures
the agreement between the clustering partition discovered by
the model and the ground-truth geographic labels. It jumps
from 0.0137-0.0845 to 0.6430-0.8644. The key to this im-
provement lies in: G-DPO first uses distance-aware list-wise
rewards to inject real-world spatial relationships into the
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Figure 4: Token quantile percentiles across hierarchical lev-
els for local-life items.

LLM, allowing its token embeddings to carry inherent ge-
ographic priors.

The radar chart in Figure 4 shows the quantile values at
different percentile levels, where larger areas indicate su-
perior coverage performance across the distribution spec-
trum. Higher quantile values indicate that tokens can repre-
sent more instances. At Level-1, our LGSID method demon-
strates remarkable consistency between aligned and non-
aligned settings, with identical coverage patterns observed
in both scenarios. LGSID maintains 11k coverage in 90%
quantile, while RQ-VAE decay to 8k. As we progress to
finer granularities (Level-2 and Level-3), LGSID’s advan-
tages become more pronounced. Its area in the radar chart is
the largest compared to other methods.



Method | Similarity | Province Coverage (P@K) | City Coverage (C@K) | Town Coverage (T @K)

‘ Top@5 Top@10 Top@100 ‘ P@5 P@10 P@100 ‘ C@s C@10 C@100 ‘ T@5 T@10 T@100
Origin 0.9204 0.9133 0.8833 0.8716 0.8410 0.6681 0.7342 0.6827 0.4372 0.1601 0.1328 0.0552
DPO-PR 0.8771 0.8679 0.8286 0.9001 0.8752 0.7477 0.7478 0.7013 0.5064 0.1452 0.1167 0.0445
DPO-LR 0.7595 0.7478 0.7088 0.8995 0.8648 0.6560 0.8681 0.8254 0.5783 0.5584 0.4966 0.2480
DPO-LRD 0.7411 0.7288 0.6876 0.8715 0.8302 0.6012 0.8277 0.7755 0.5043 0.6114 0.5435 0.2620
DPO-LRDM 0.8107 0.7954 0.7401 0.9047 0.8773 0.7261 0.7812 0.7329 0.5218 0.1816 0.1481 0.0625
DPO-LRDMS | 0.8856 0.8754 0.8283 0.9960 0.9936 0.9662 0.9548 0.9352 0.8130 0.4030 0.3525 0.2260
G-DPO (Ours) | 0.8977 0.8892 0.8504 0.9905 0.9852 0.9307 0.9173 0.8858 0.7065 0.294 0.2432 0.1290
IMP 247%  -2.64% -3.72% ‘ +13.64% +17.15% +39.31% ‘ +24.94% +29.75% +61.60% ‘ +83.64% +83.13% +133.70%

Table 3: Evaluation of G-DPO variants: Origin (baseline), DPO-PR (point-wise reward), DPO-LR (list-wise reward), DPO-
LRD (list-wise reward + density-aware sampling), DPO-LRDM (list-wise reward + density-aware sampling + domain mixed
preference pairs), and DPO-LRDMS (list-wise reward + density-aware sampling + domain mixed preference pairs + similarity
regularization). Metrics include similarity, province (P@XK), city (C@K), and town (T@K) coverage for K = {5,10,100}.
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Figure 5: Hierarchical category frequency distribution of LGSID for different SID prefixes (Aligned vs Unaligned).

Case Study (RQ4)

Figures 5 illustrate the allocation of three-layer discrete to-
kens produced by the hierarchical quantizer in our LGSID,
with and without RL-based G-DPO alignment, respectively.
Since the first layer relies on pre-computed geographic fea-
ture clusters, the category distributions in Figure 5(a) (align-
ment) and Figure 5(d) (misalignment) are similar. Figure
5(b) shows that, after RL-based G-DPO alignment, the first-
layer token ([350, 93, *]) cleanly groups the entire BBQ &
Grilled branch into a single coarse identifier. In contrast, Fig-
ure 5(e) depicts the same layer without alignment: the same
restaurants are scattered across ([199, 20, *]), ([443, 20, *]),
and ([350, 17, *]), because the LLM embeddings have not
been post-trained with G-DPO to respect distance-aware re-
wards. As a result, the unaligned Level-1 tokens lose cate-
gory cohesion; the hierarchical quantizer can no longer rely
on a shared root to refine subcategories at later levels, high-
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lighting the importance of upstream LLMs and the quality
of their embeddings.

Conclusion

In this paper, LGSID is designed to equip semantic IDs with
real-world spatial awareness for local-life recommendation.
Specifically, LGSID trains a list-wise reward model with
density-aware negative sampling to capture relative spatial
distances, then injects geographic knowledge using a novel
G-DPO algorithm. Moreover, a hierarchical geographic tok-
enization strategy generates a sequence of spatial-aware dis-
crete tokens, enabling efficient compression and reconstruc-
tion. Extensive results on both discriminative and generative
recommendation models demonstrate improved geographic
awareness in scenarios of different granularity.
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