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Abstract

LLM-based rerankers in recommender systems
are inherently constrained by limited context
windows: they can only reorder a small re-
trieved candidate set, so any relevant item
missed by upstream retrieval cannot be recov-
ered at ranking time. To mitigate this depen-
dency, we propose RoutePO, which reposi-
tions the LLM from an item ranker to a recall
strategy router for multi-channel recall. Con-
ditioned on a user’s profile/context (interaction
history and optional demographics), the LLM
outputs personalized fusion weights over het-
erogeneous retrieval experts, enabling dynamic
candidate aggregation without exposing long
candidate lists from the entire item pool to the
prompt. We train the router via a synergistic
two-stage alignment process: Coarse Routing
Alignment (SFT) warm-starts the policy with a
quality-aware oracle prior over retrieval experts,
and Fine-grained Metric Optimization (RL)
directly optimizes recall-stage ranking metrics
(e.g., NDCG) by sampling simplex-valued rout-
ing weights and rewarding fused-list quality.
To support continuous exploration over the sim-
plex under GRPO-style optimization, we intro-
duce SofT-GRPO based on Gumbel-Softmax
reparameterization with nucleus restriction and
KL regularization. Finally, we instantiate fu-
sion with both weighted score merging and
a weight-aware interleaving strategy (Snake
Fusion) that preserves within-channel rank-
ings. Experiments on three real-world datasets
demonstrate consistent gains over strong indi-
vidual recallers and multi-channel fusion base-
lines, including up to 15.88% relative improve-
ment in NDCG @50 on Food. Our implemen-
tation is available on https://github.com/
zhengzaiyi/RoutePO.

1 Introduction

Large Language Models (LLMs) have been increas-
ingly integrated into recommender systems, typi-
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cally serving as rerankers or listwise rankers. In
this setting, an LLM receives a prompt containing
a user’s interaction history and a small candidate
list (e.g., “Here are 10 movies, rank them for this
user”), and outputs a reordered list based on its
internal knowledge and reasoning (Sun et al., 2023;
Hou et al., 2024). Methods such as RankGPT (Sun
et al., 2023) demonstrate that LLMs can achieve
strong performance by applying listwise reason-
ing directly over candidates within the input con-
text. However, ranking operates only on items that
have already been retrieved. In real-world recom-
mender systems with millions of items, the recall
stage must first generate a manageable candidate
pool. Therefore, recommendation quality largely
depends on recall coverage: if relevant items are
not retrieved, even a powerful ranker cannot re-
cover them.

Although LLMs excel at reasoning over small
candidate sets, they are not well suited to operate
over the large candidate pools required during re-
call. Exposing hundreds or thousands of items to
an LLM for global reasoning would be computa-
tionally prohibitive and incompatible with the au-
toregressive inference paradigm (Bao et al., 2023).
As aresult, LLMs are typically confined to the final
reranking stage, operating only on a small top-K
set produced by upstream retrieval models.

To improve candidate coverage before rerank-
ing, industrial recommender systems often employ
multi-channel recall, where multiple lightweight re-
call models generate complementary candidate sets.
Different channels specialize in different regimes
(e.g., sparse-history vs. dense-history users, short-
term vs. long-term preference patterns). How-
ever, these channels are usually combined using
static heuristics or fixed weights (e.g., equal quotas
across channels), which fail to adapt to context-
dependent user intent. Prior work has shown that
exploration, diversity, and novelty preferences vary
across users, making one-size-fits-all fusion poli-
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cies suboptimal (Kapoor et al., 2015; Schedl and
Hauger, 2015). For example, dense-history users
may benefit more from personalized collaborative
signals, while sparse-history or cold-start users may
rely more on robust global signals such as item pop-
ularity.

We address this limitation by repositioning the
LLM from an “item ranker” to a recall strategy
router. Instead of asking the LLM to reason di-
rectly over items, we let it decide how candidates
should be retrieved from a pool of recall experts
conditioned on the user’s profile (interaction history
and optional metadata such as demographics). For-
mally, given a user’s natural-language context, the
LLM outputs a personalized routing distribution
over recall experts, which is then used to aggre-
gate candidates across channels. In our instantia-
tion, we select representative models from three
distinct paradigms to support a controlled evalu-
ation of RoutePO’s routing capabilities: the non-
personalized heuristic paradigm (represented by
PopP), the collaborative filtering paradigm (repre-
sented by ITEMKNN), and the graph-based rela-
tional paradigm (represented by LIGHTGCN). This
shared channel pool lets us isolate routing and fu-
sion behavior over a diverse spectrum of retrieval
signals. This design enables personalized candidate
aggregation at the user level while avoiding the pro-
hibitive cost of exposing large candidate pools to
the LLM or encoding them within its parameters.

We instantiate this idea with a synergistic two-
stage alignment process. Coarse Routing Align-
ment (SFT). Stage 1 warm-starts the router with
a coarse quality-aware prior by imitating an oracle
selector. Fine-grained Metric Optimization (RL).
Building on this initialization, Stage 2 introduces
a GRPO-inspired reinforcement learning phase to
bridge the gap between hard selection and continu-
ous weight allocation. While SFT provides a robust
quality-aware prior, the RL stage directly optimizes
non-differentiable ranking metrics (e.g., NDCG) by
sampling multiple simplex-valued routing distribu-
tions, performing multi-channel aggregation, and
using fused-list quality as the reward. This trains
the LLM to allocate personalized fusion weights to
recallers that maximize utility, rather than simply
selecting one model. Our contributions include:

* We cast multi-channel recall as a decision
process and propose an LLLM-based routing
framework that adapts retrieval strategies to
individual user contexts.

* We develop a two-stage training paradigm
with Coarse Routing Alignment (SFT) for
robust routing priors and Fine-grained Met-
ric Optimization (RL) for simplex-valued
personalized weight allocation aligned with
recall-stage ranking metrics (e.g., NDCG).

» Extensive experiments on real-world datasets
demonstrate that our method consistently out-
performs strong individual recallers and com-
petitive multi-channel fusion baselines.

2 Preliminaries

In this section, we formalize the problem setting
and introduce the core definitions and formulations
used throughout the paper.

2.1 Base Recall Models (Channels)

Let U and 7 denote the user and item sets. Each
user u € U is associated with an interaction his-
tory (sequence) h, = (i1,...,i7,), where i; € Z.
For evaluation, we consider a truncated history
hival and a ground-truth set y,, C 7 (e.g., the next
item(s) to be retrieved). We assume access to a col-
lection of M base recall models (a.k.a. channels)
{Rm}M_,. Given (u, h&"), each channel returns
a scored & ranked candidate list

Cm(uvK) = {(iasm(uai))}iETome(u)y (D

where sp,(u,7) € R is the channel-specific rele-
vance score and TopK,, (u) denotes the set of K
highest-scoring items under R,,. Following com-
mon retrieval practice, we exclude items that the
user has already interacted with. In particular, we
define an exclusion set &, (e.g., all historical items),
and only allow candidate items in Z \ &,. Although
some domains permit repeat engagement (e.g., re-
watching or replaying), we follow standard recall
evaluation protocols by focusing on the discovery
of new relevant items. When the full interaction
set is available, if a ground-truth item appears in
the user’s historical interactions, we temporarily
remove it from the exclusion set during evaluation,
ie., £ = £, \ y., while masking all other pre-
viously interacted items.

2.2 Problem Formulation

Given user context z,, (constructed from h¢"?! and
optional descriptive information of items), we have
M recall channels {R, }}1_,, where each channel

returns a scored top-K list Cy, (u; K) as in Eq. (1).
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LetC, = U%zl TopK,,, (u) denote the union can-
didate pool (after masking the exclusion set &,).
We decompose multi-channel recall into two func-
tional components: (1) a weight generator (con-
troller) Gy that produces per-user weights

M
Wy = g@(xu)ku € R%7 Z Wy,m = 1, )
m=1

and (2) a weight-conditioned fusion function F that
merges the channel outputs under w,, and returns
the final ranked list

Clu, K) = F({Cn(u, K)}N_| Wy, 24, K),
3)
where C(u, K) contains K items sorted by the
fused relevance. This formulation is intentionally
generic: Gy can be instantiated by an LLM-based
router, and F can be any weighted merging strategy
(e.g., score fusion or quota-based selection).

2.3 Vanilla GRPO

We briefly review Group Relative Policy Opti-
mization (GRPO), which estimates advantages via
within-group reward normalization and avoids a
learned value model. For each context x,,, GRPO
samples a group of GG routing outputs {wq(f ) 5:1
from the old policy my_ (W | z,). Each sample
induces a fused ranked list

#0 = F({Cn(u, Oy, Wi, 20, K, (4)
and we define the scalar reward as

r(zu, w®) = NDCGQK (7, y.). (5

u

In Eq. (5), ﬁq(f ) denotes the ordered sequence of
item IDs in the final aggregated list. Thus, 7(-)

evaluates retrieval outcomes induced by wq(ﬁ ), not
the weight vector in isolation.

Advantage estimation. We compute the normal-
ized advantage within the group:

(9)

i - r(xu,wu ) — mean, r(mu,wfﬁ/)) ©)
! stdy r(xu,wqgg/)) .

Policy update. The vanilla GRPO objective fol-
lows the clipped policy-ratio form:

G
1 . -~
{G >~ min(p,(0) 4,
ar 97 )
clip(pg(9),1 — €, 1+ €)A\g>

Jaerro(0) =E 2, ~Dgy,
{(wy~m,,

)

where p,(0) = mo(Wi?) | 20) /7, (W | 24)

and e is the clipping threshold.

old

3 Methodology

In this section, we introduce our LLM-based multi-
channel recall framework with two stages: (1)
aligning the LLM’s understanding of user signals
with the distinct capabilities of different recallers,
and (2) aligning the LLM’s simplex-valued routing
weights with the objective of maximizing fused-list
quality directly.

3.1 Coarse Routing Alignment (SFT)

We first perform supervised fine-tuning (SFT) to
warm-start the router GGy, instantiated as an LLM.
This stage is intentionally coarse: it is not intended
to learn the final fusion policy, but to move the
router away from random or purely linguistic chan-
nel selection and initialize it with a simple oracle
signal derived from recall quality. In this stage, Gy
learns personalized hard routing by selecting the
single most suitable recaller for each user. Given a
user context x,, (constructed from the truncated in-
teraction history and optional user metadata such as
demographics when available), the router predicts
an expert index m,, € {1,..., M}. We then use
the candidate list returned by the selected recaller,
ie., C(u, K) = Cn, (u, K).

Dataset construction. We construct an SFT
dataset Dspr = {(zy,my)}, where m, €
{1,..., M} is an oracle channel label. Concretely,
for each user u, we evaluate all M base recallers
and select the channel whose top-K list achieves
the best NDCGQK against the ground-truth item

set yy:

m, = argmax NDCG@K(
mE{l,...,M} (8)

Con (1, K),yu>.

Model architecture. We instantiate GGy as a pre-
trained language model with a lightweight MLP-
based classification head. Although the final rout-
ing decision is an M -way classification, we use an
LLM backbone because x,, is a natural-language
user profile containing heterogeneous fields and
sequence-structured interaction history. The LLM
provides strong semantic and contextual encoding
of these textual signals, while the MLP head maps
the representation to channel logits with minimal
task-specific overhead. Given z,,, the model pro-
duces channel logits z, € RM  and the routing
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Figure 1: Overview of RoutePO. Given user demographics and interaction history, an LLM router outputs per-
sonalized fusion weights over multiple recall channels. The framework is trained in two stages: Coarse Routing
Alignment (SFT) for quality-aware initialization and Fine-grained Metric Optimization (RL) using NDCG as reward.
The learned weights are then used to aggregate channel-specific candidate lists via weighted fusion.

distribution is obtained by softmax:

zy = Go(xy,),

w,, = softmax(z,) €

g, O

Training objective. With the hard oracle label in
Eq. (8), we minimize the cross-entropy loss:
Lspr(0) = —E(z, mu)~Dspr | 108 Wum, |- (10)
This SFT stage equips the router with an initial
understanding of how different recallers perform
under various user contexts, enabling it to learn
meaningful associations between user signals and
recaller strengths. However, hard routing only se-
lects a single recaller and does not directly opti-
mize the quality of the fused candidate list. To
learn continuous routing weights that better sup-
port multi-channel fusion, we further introduce a
reinforcement learning stage to refine the router.

3.2 Fine-grained Metric Optimization (RL)

Building on Stage 1 (Coarse Routing Alignment),
this stage bridges the gap between hard expert
selection and continuous weight allocation over

channels. While SFT provides a robust quality-
aware prior, the RL stage directly optimizes non-
differentiable ranking metrics (e.g., NDCG) on
Dry = {(xy,yu)}, where y,, denotes the ground-
truth item set. The reward is a scalar ranking metric
(e.g., NDCG) computed on the concrete item IDs in
the final fused top- K list produced under a sampled
routing distribution. That is, the reward is assigned
to the aggregated retrieval result rather than to the
routing weights directly.

A direct application of vanilla GRPO is hin-
dered by the continuous nature of routing actions,
which reside in the simplex-valued probability
space AM~1 To address the non-differentiability
induced by discrete token sampling, we introduce
Sof T-GRPO with Gumbel-Softmax reparameteri-
zation, which provides a differentiable exploration
path on the simplex. This formulation preserves
fine-grained gradient signals that would otherwise
be discarded by hard discretization, enabling the
router to learn nuanced personalized weight distri-
butions that maximize fused-list coverage.
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3.2.1 SofT-GRPO for Multi-Channel Recall

To enable differentiable exploration on the simplex,
we adopt Sof T-GRPO, a soft-token GRPO variant
using Gumbel-Softmax relaxation.

Gumbel-Softmax sampling. Let z,, = fy(z,,) be
the logits and p,, = softmax(z, ). For each group

sample g, we draw i.i.d. Gumbel noise gr(,g) ~
Gumbel(0, 1) and compute relaxed weights

(9)
w9 = softmax Zut 87 ,
Y

T

(g) ""g](\‘/Q):I7

where 7 > 0 controls sharpness.

Nucleus (top-p) restriction. To stabilize explo-
ration, we optionally restrict sampling to a nucleus
set S, C {1,..., M} defined by the smallest set
such that Zme s, Pu;m = p. When enabled, we ap-
ply a masked softmax on S,, by setting 2, ,,, = —00
form ¢ S, in Eq. (11); both sampling and proba-
bility computation are then carried out on S,,.

Sof T-GRPO loss (standard form). We optimize
a standard advantage-weighted policy objective,
while using the Gumbel-Softmax sample w&g ) as
a differentiable, simplex-valued “soft action” that
determines the fused list and reward. Specifically,
for each x,, we reuse the same group advantages
jg from Eq. (6) and minimize

Lsorr-Grro () = —E Zu~DRL,
{wi }~T0014
1 & (12)
el ZAQ Z wq(f,)n logmo(m | )|,
g:1 mESu
where mg(m | x,) = softmax(z,),, (with mask-

ing on &, if top-p restriction is enabled). Intuitively,
when a sample yields a higher-than-average reward
within the group (A\g > (), the update increases the
log-probability mass on experts that receive larger
weights under that sample (and decreases it when
A\g < 0). Compared to vanilla GRPO, this formu-
lation (i) keeps the sampling path differentiable via
reparameterization, (ii) enables continuous explo-
ration on AM~1 and (iii) avoids hard discretization
that discards fine-grained weight signals.

To keep the policy close to the SFT initialization,
we add a KL penalty to the SFT policy mgp:

Tsot1-GRPO(0) = —Lsorr-GrPO(0)

13
8 Eeymtng [KL(mo(- | 2) | T | 2)].

where § > 0 controls the regularization strength.

3.3 Multi-Channel Fusion Strategies

Given fusion weights w,,, we instantiate the fusion
function F in two ways. We adopt Snake Fusion as
our default strategy, while weighted score merging
is used as a comparison baseline and reported in
the ablation study.

3.3.1 Weighted Score Merging (Baseline)

A straightforward approach is to aggregate channel
scores via weighted summation:

M
S(u, i) = Wam Sm(u,4), (14)
m=1

where 3, (u, ) denotes the (optionally normalized)
score assigned by channel m, and §,,,(u,7) = 0
if item ¢ is not retrieved by that channel. Items
are ranked by S(u,7) and the top-K are returned.
Although simple and widely used, this approach
directly mixes heterogeneous score scales and may
dilute strong channel signals.

3.3.2 Weighted Snake Fusion (Default)

We adopt Snake Fusion as the default fusion strat-
egy. Instead of aggregating heterogeneous scores
across channels as in weighted score merging,
Snake Fusion treats each channel as an ordered
candidate stream and constructs the final list by
interleaving these streams according to the user-
specific weights w,,. This avoids cross-channel
score distortion and enables explicit control over
channel exposure. Let ¢, ,(t) denote the num-
ber of items already selected from channel m in
the first ¢ positions of the fused list. At step ¢,
Snake Fusion computes the ideal deficit dy, m(t) =
Wy,mt — Cy,m(t — 1) and selects

my = arg max dy,m (t). (15)
The next highest-ranked unseen item from chan-
nel m; is appended, and the counter is updated as
Cume(t) = cyum, (t—1) + 1.

Intuitively, this procedure tracks the target expo-
sure wy, ,t online: at each step, the most under-
allocated channel is selected, preserving intra-
channel ranking while aligning the fused list with
the desired routing distribution. Beyond simple
interleaving, Snake Fusion provides a rigorous pre-
fix exposure guarantee. As formally proven in
Proposition 1 (Appendix C), the actual exposure
of each channel remains theoretically consistent
with the LLM’s predicted weights at every prefix
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of the fused list, with deviation strictly bounded
within (—1,1). This theoretical consistency al-
lows RoutePO to maintain intra-channel ranking
integrity while precisely executing the LLM’s per-
sonalized routing intent.

4 [Experiments

In this section, we aim to answer the following re-
search questions: RQ1: How well does RoutePO
improve multi-channel recall quality compared
with individual recallers and competitive fusion
baselines? RQ2: To what extent does each com-
ponent of RoutePO contribute to the overall per-
formance? RQ3: Can RoutePO learn meaningful
personalized routing distributions across different
user contexts?

4.1 Experiment Settings

We introduce the experiment settings. More details
(e.g., hardware information and hyperparameter
configurations) are provided in Appendix A.
Datasets. We adopt three representative datasets
spanning different recommendation domains to
evaluate the generalization of RoutePO. Specif-
ically, we use: (1) ML-1M (Harper and Kon-
stan, 2015), a widely-used movie recommendation
benchmark containing approximately 1 million rat-
ings from 6,040 users on 3,706 movies with rich
user demographics (gender, age, occupation); (2)
Steam (Kang and McAuley, 2018), a game rec-
ommendation dataset crawled from the Steam plat-
form, with item features including genre, developer,
and price; and (3) Food (Majumder et al., 2019),
a recipe recommendation dataset with rich meta-
data such as ingredients, preparation steps, and
tags. For all datasets, we follow a last-split strategy
ordered by timestamp: the most recent 10% inter-
action of each user is used for testing, the second-
most-recent 10% for validation, and the remaining
for training (80%/10%/10% split). Please see Ap-
pendix A.1 for the detailed statistics of all three
datasets used here.

Base Recall Models. In our instantiation, we
select representative experts from three distinct
paradigms to enable a controlled evaluation of
RoutePO’s routing capabilities over a shared chan-
nel pool: Specifically, we employ: (1) POP, a non-
personalized baseline that ranks items by global
popularity; (2) ITEMKNN (Sarwar et al., 2001),
an item-based collaborative filtering method lever-
aging item-item similarity; (3) LIGHTGCN (He

et al., 2020), a graph neural network that captures
high-order collaborative signals via light graph con-
volution; All base recall models are implemented
via RecBole (Zhao et al., 2021). All fusion methods
are evaluated on this same channel pool to isolate
the effect of routing and fusion policies. RoutePO
operates above the base recallers, and is therefore
orthogonal to the choice of retrieval experts and
can be applied to larger or stronger recall pools.
Backbone LLMs & Prompts. We instantiate the
routing LLM Gy with representative open-source
language models of varying scale. Specifically,
we examine: (1) Qwen2.5-1.5B-Instruct (Team,
2024) and (2) Qwen3-4B-Instruct (Yang et al.,
2025) from the Qwen series. These models are
chosen to study the trade-off between LLM capac-
ity and routing performance. For each user, the
LLM receives a natural-language prompt contain-
ing the user demographics (when available), in-
teraction history, and descriptions of the available
recall channels including their top-kprompt retrieved
items (kprompt = 3). Detailed prompt design is
illustrated in Appendix D.

Baselines. We compare RoutePO against multi-
ple representative baselines, including individual
recallers (PoP, ITEMKNN, LIGHTGCN), static
fusion strategies (Uniform Score and Uniform
Snake), learned fusion policies (CEM Fusion
and PG Fusion), and an LLM routing ablation
(Zero-shot LLM). Details of baselines are in Ap-
pendix A.2.

Evaluation Metrics. All queries in the adopted
datasets are accompanied by ground-truth items.
We use two standard top- K ranking metrics to eval-
uate recall quality: (1) NDCG@ K (Normalized
Discounted Cumulative Gain), which measures the
quality of ranking; and (2) Recall@ K, which mea-
sures the fraction of ground-truth items success-
fully retrieved in the top- K list. We report results
at K € 20, 50, as recall-oriented settings typically
require larger cutoff values to better reflect candi-
date coverage.

4.2 Main Results (RQ1)

In this subsection, we answer RQ1 through evaluat-
ing RoutePO with two backbone LL.Ms against all
baselines on the ML-1M, Steam, and Food datasets.
The results are shown in Table 1, where we make
the following observations: (i) RoutePO achieves
the best performance across all three datasets and
nearly all metrics, with pronounced gains on Food
(over 15% relative NDCG improvement), where
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Method ML-1M Steam Food
R@20R@50 N@20 N@50|R@20 R@50 N@20 N@50|R@20 R@50 N@20 N@50
Individual Recallers
Por 329 525 201 259|754 839 3.00 321|210 246 1.13 122
ITEMKNN 594 899 356 447|484 689 221 267|689 851 591 632
LIGHTGCN 6.03 858 4.01 478 | 825 862 550 560 |10.11 1141 7.22 7.59
Fusion Baselines
Uniform Score | 6.04 8.65 3.69 446|810 9.04 3.63 3.88 |11.77 14.15 7.37 17.75
Uniform Snake | 6.79 9.21 422 487|820 9.08 5.18 529 |12.76 13.58 8.69 8.94
CEM Fusion 593 899 356 446|847 9.11 339 373 |12.38 13.30 7.01 7.16
PG Fusion 6.24 9.15 3.65 450|865 9.16 448 475 |13.01 1422 7.86 8.07
Zero-shot LLM | 597 8.80 3.83 4.67 | 556 7.01 324 3.56 |10.85 12.02 8.55 8.86
RoutePO (1.5B)| 7.09 941 439 5.10 | 880 9.30 5.65 5.78 |13.16 14.35 9.82 10.16
RoutePO (4B) | 7.12 943 439 5.12 | 886 931 5.69 5.82 |13.50 14.56 10.05 10.36
Rel. Improv.% \ 486 239 4.03 5.13 \ 243 164 345 3.93 \ 377 239 15.65 15.88

Table 1: Main results across the ML-1M, Steam, and Food datasets. The metric values of Recall@ K (R@ K) and
NDCG@K (N@K) are presented as percentages. The best result of each column is represented in Bold. We also
show the relative improvement of RoutePO compared to the runner-up baseline for each metric.
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Figure 2: Ablation study of RoutePO on ML-1M, Steam, and Food.

diverse user preferences and sparse interaction his-
tories make personalized routing especially reward-
ing. (ii) Naive fusion can degrade ranking quality
when channel strengths are imbalanced: on Steam,
LIGHTGCN alone achieves higher NDCG than all
static fusion baselines, as uninformed fusion dilutes
the dominant channel’s signal. RoutePO avoids this
by learning user-specific weight allocation. (iii)
The Zero-shot LLLM baseline performs inconsis-
tently, where its Recall@20 falls below even the
Pop baseline, confirming that task-specific training
is essential for grounding LLM in recommendation
objectives. In conclusion, RoutePO consistently
achieves the best performance on both recall cover-
age and ranking across all datasets. Appendix B.1
provides an uncertainty analysis for the main im-
provements.

4.3 Ablation Study (RQ2)

We aim to answer RQ2 by evaluating the effect
of different components in RoutePO with three
variants: (i) w/o SFT: we remove the SFT warm-
start stage and directly train the router with RL
from a pretrained LLM checkpoint; (ii) w/o RL:
we remove the RL stage and use only the SFT-
trained router for inference; (iii) w/o Snake: we

replace Snake Fusion with weighted score merging
as the fusion strategy. We conduct experiments
with Qwen2.5-1.5B on all three datasets and show
the results in Fig. 2 with the following observations:
(i) RoutePO’s performance decreases when any
component is removed, confirming that each com-
ponent positively contributes to the overall routing
quality. (if) Removing SFT causes the most severe
degradation, particularly in NDCG. The drop ex-
ceeds 30% on Food, indicating that SFT provides a
crucial routing prior that RL alone cannot recover
and that the two-stage design is essential rather
than redundant. (iii) w/o SFT can achieve compara-
ble Recall to w/o RL while exhibiting substantially
lower NDCG. This asymmetry suggests that RL
alone learns to diversify retrieval for broad cover-
age but fails to distinguish channel quality without
SFT’s warm-start, confirming that SFT provides a
quality-aware routing prior that RL refines rather
than replaces.

4.4 Fusion Weight Analysis (RQ3)

We answer RQ3 by examining the fusion weights
learned by RoutePO and comparing them with
fusion baselines. In this section, we provide
an aggregate-level analysis of the learned fusion
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policy gradient baseline.

weights, while representative user-level case stud-
ies illustrating RoutePQO’s adaptive routing behav-
iors are presented in Appendix B.4. When aver-
aged across users (Fig. 3), RoutePO and PG assign
their highest weights to different channels on ML-
1M and Steam, indicating distinct routing prefer-
ences. While both RoutePO and PG learn person-
alized weights, Fig. 4 reveals a clear difference in
their per-user distributions. Specifically, at the per-
user level (Fig. 4), RoutePO exhibits much larger
variance in fusion weights across users, whereas
PG’s weights are tightly concentrated around the
mean, effectively collapsing to a quasi-global so-
Iution. For example, on Food, RoutePO assigns
highly diverse weights to POP across users, while
PG produces nearly identical values, indicating
that RoutePO captures meaningful user heterogene-
ity and achieves genuinely personalized routing.
Appendix B.2 further analyzes when personalized
routing yields larger gains across datasets.

5 Related Works

Multi-Channel Recall Modern recommender
systems usually follow a retrieve—then—rank
pipeline (Covington et al., 2016; Hron et al., 2021).
Recall channels include non-personalized heuris-
tics and personalized models such as collaborative
filtering, sequential retrieval, and multimodal re-
trieval (Huang et al., 2025a; Geng et al., 2023).
Multi-channel recall improves coverage by fus-
ing heterogeneous candidate lists (Hron et al.,
2021), while MIC integrates cross-channel user—
user, item—item, and user—item signals in a model-
agnostic retrieval system (Nie et al., 2022). How-

ever, fixed quotas or naive interleaving are often
brittle under score mismatch and distribution shift;
recent work therefore studies learned channel align-
ment and weighting (Huang et al., 2025b).

LLMs in Recommendation Large Language Mod-
els (LLMs) are increasingly used in recommender
systems, and can be integrated into different stages
of the pipeline (Lin et al., 2025). A common di-
rection adapts LLMs to model textual user—item
information or recommendation instructions (Ren
et al., 2024; Bao et al.,, 2023). Beyond fea-
ture enrichment, P5 formulates recommendation
tasks as text-to-text language processing, while
InstructRec adapts open-source LLMs through
recommendation-oriented instruction tuning (Geng
et al., 2022; Zhang et al., 2023). Recent work also
integrates explicit in-text reasoning with dialogue
and personalized recommendation in a unified gen-
erative framework (Liu et al., 2025).

6 Conclusion

We present RoutePO, which shifts the LLM role
from item reranking to user-level routing over het-
erogeneous recall channels. Rather than scoring
every candidate item, RoutePO uses compact user
context to predict simplex-valued fusion weights
that allocate recall budget across popularity, sim-
ilarity, and graph-based channels. It combines
Coarse Routing Alignment with Fine-grained Met-
ric Optimization, using SFT for a quality-aware
warm start and RL to directly optimize list-level
metrics, while Snake Fusion stabilizes candidate
aggregation. Experiments on real-world datasets
show consistent gains over strong single-channel
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recallers and competitive fusion baselines, and the
weight and case analyses confirm meaningful user-
specific routing behavior. Future work will distill
and cache the router for lower-cost deployment.

7 Limitations and Future Directions

RoutePO also opens several directions for future
work. First, our experiments use a controlled three-
channel pool to isolate the effect of personalized
routing and fusion; a natural extension is to incor-
porate additional modern recallers and larger expert
pools. Second, as shown in Appendix A.3, the mea-
sured routing cost is modest because the router per-
forms a single classification-style forward pass over
compact user context, and future deployments can
further reduce cost through distillation, caching,
and batched routing. Finally, practical systems
may benefit from continual adaptation to evolving
user intent, catalog dynamics, and fairness-aware
objectives that balance recall utility with long-tail
exposure. We leave these extensions to future work.

8 GenAl Usage Disclosure

In this work, GenAl tools (ChatGPT and Claude
Al) are solely used to polish the writing and check
grammar issues. The authors are fully accountable
for the content.
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A Implementation Details

All experiments are conducted on a 4-A100 server
with PyTorch and HuggingFace Transformers, with
base recall models built on RecBole (Zhao et al.,
2021). For the SFT stage, we fine-tune the LLM
router with AdamW (Loshchilov and Hutter, 2019)
using a learning rate of 10~°, per-device batch
size of 4, warmup of 100 steps, and a maximum
sequence length of 1,536 tokens. Training runs
for 3 epochs with a constant learning rate sched-
ule. For the RL stage, we use a learning rate of
1079, per-device batch size of 2 with gradient ac-
cumulation over 8 steps, G = 8 generations per
prompt, Gumbel temperature 7 = 1.0, nucleus
threshold p = 0.9, noise scale 0.1, clipping thresh-
old e = 0.2, and KL penalty coefficient 3 = 0.1.
We synchronize the reference model every 500
steps. The default number of implicit tokens at
training is kyain = 20 and the evaluation top-K is
set to K = 50. Multi-GPU training uses Deep-
Speed ZeRO Stage 2 (Rajbhandari et al., 2020)
with mixed-precision (bf16) across 4 GPUs. All
experiments use random seed 42.

A.1 Dataset

We summarize the statistics of the three evaluation
datasets after 5-core filtering in Table 2, and list the
available feature fields for each dataset in Table 3.
We apply 5-core filtering by iteratively removing
users and items with fewer than five interactions
until all remaining users and items satisfy the five-
interaction threshold. Below we provide representa-
tive examples of user demographics, item metadata,
and interaction records for each dataset.

ML-1M. ML-IM is a movie recommendation
dataset with rich user demographics.

e User example: user_id = 1, age=1, gender=F,
occupation=10, zip_code = 48067

* Item example: item_id=1, movie_title="Toy
Story”, release_year=1995, genre=[Animation,
Children’s, Comedy]

 Interaction example: user_id=1, item_id=1193,
rating=5, timestamp=978300760

Steam. Steam is a game recommendation dataset
crawled from the Steam platform, containing de-
tailed game metadata but no explicit user demo-
graphics.

¢ User features: Not available.

* Item example: product_id=643980,
app_name="Ironbound”, developer="Secret
Level SRL", genres=[Free to Play, Indie,

RPG, Strategyl], price=Free To Play,
sentiment=Mostly Positive

¢ Interaction example: user_id=0,
product_id=328100, play_hours=51.1,
timestamp=1514332800

Food. Food is a recipe recommendation dataset
with rich recipe metadata including ingredients,
nutrition, and preparation information.

¢ User features: Not available.

* Item example: item_id=137739, name="arriba
baked winter squash mexican style”,
n_steps=11, minutes=55, nutrition=[51.5,
0.0, 13.0, 0.0, 2.0, 0.0, 4.01,
tags=[60-minutes-or-less, mexican,
vegetarian, squash]

 Interaction example: user_id=38094,
item_id=40893, rating=4,
timestamp=1045411200

A2

e Individual Recallers. Each base recall
model (PoP, ITEMKNN, and LIGHTGCN)
is used independently as a single-channel re-
call method without fusion.

Baselines

* Uniform Fusion. A static fusion strategy
where each channel is assigned equal weight
Wy, = 1/M. We implement two variants: (i)
Uniform Score, which applies equal weights
under weighted score merging; (ii) Uniform
Snake, which performs equal-proportion inter-
leaving across channels.

¢ CEM Fusion (Rubinstein, 1999). The Cross-
Entropy Method optimizes a single global fu-
sion weight vector shared across all users by
iteratively sampling, evaluating, and selecting
elite weight vectors.

* PG Fusion (Huang et al., 2025b). A policy-
gradient-based method that learns personal-
ized fusion weights conditioned on user inter-
action history and learned embeddings.

e Zero-shot LLM. We use Qwen3-4B-Instruct
with the same user-context and channel-
description prompt as RoutePO, but with-
out task-specific SFT or RL. The model is
prompted to directly output a single channel
name from the available set {pop, itemknn,
lightgen}. We use deterministic greedy de-
coding, parse the first case-insensitive occur-
rence of an available channel name, and map
the parsed channel to a one-hot routing deci-
sion. If the output cannot be parsed, we fall
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Dataset Domain #Users #ltems #Interactions Sparsity Avg. History
ML-IM  Movie 6,040 3,416 999,611 95.16% 165.5
Steam Game 25,389 4,089 328,278 99.68% 12.9
Food Recipe 17,813 41,240 555,618 99.92% 31.2

Table 2: Statistics of the evaluation datasets. Avg. History represents the average interactions number of each user

in the entire dataset.

Dataset  User Demographics Item Features Interaction Features
ML-1M age, gender, occupation, zip_code movie_title, release_year, genre rating, timestamp
Steam — app_name, developer, genres, price, publisher, sentiment, tags  play_hours, timestamp
Food — name, n_steps, minutes, nutrition, tags rating, timestamp

Table 3: Available feature fields for each dataset.

back to the first channel in a fixed determinis-
tic order: pop, itemknn, lightgcn.

A.3 Latency and Cost

We profile the serving efficiency of RoutePO with
the Qwen2.5-1.5B-Instruct router backbone in Ta-
ble 4. The router performs a single classification-
style forward pass over the compact user context
and channel descriptions, rather than autoregressive
token generation. Thus, the additional computation
is limited to input encoding and one router forward
pass. We report per-user latency on a single A100
80GB GPU. Total latency includes the online recall
calls and the routing step, while model initializa-
tion and prompt construction are excluded. The
measurements show that the extra routing step re-
mains modest in this setting; the relatively higher
latency on Food is primarily due to its longer tex-
tual prompts. In a separate single-GPU BF16 train-
ing profile on ML-1M (batch size 4 and sequence
length 1,536), RoutePO takes 0.34 s per step, pro-
cesses 11.9 samples/s, and uses 19.6 GB of peak
GPU memory on one NVIDIA A100.

B Supplementary Experiments

B.1 Paired Bootstrap Significance Test

To check whether RoutePO’s gains are stable across
users rather than driven by a particular user sam-
ple, we estimate the sampling uncertainty of its
improvement over a reference single-channel base-
line. For ML-1M and Steam, the reference channel
is LIGHTGCN; for Food, it is ITEMKNN. For each
user, we first compute the paired metric delta be-
tween RoutePO and the reference baseline. We
then repeatedly resample users with replacement,
recompute the mean delta for each resampled user

set, and use these bootstrap estimates to form 95%
confidence intervals. Table 5 reports the resulting
intervals for NDCG @50 and Recall@50.

Dataset Reference single AN@50 (95% CI) p AR@50 (95% CI) p

0.36[0.21,0.50] < 10™* 0.92[0.70,1.15] <1074
0.03 [-0.01,0.08]  0.187  0.45[0.36,0.55] < 10~*
0.98[0.74,1.22] < 10™* 2.35[2.06,2.64] < 107*

ML-1IM LIGHTGCN
Steam  LIGHTGCN
Food ITEMKNN

Table 5: Paired user-level bootstrap confidence inter-
vals for RoutePO gains over the listed reference single-
channel baseline. Improvements are reported in percent-
age points.

The bootstrap results support the main im-
provements on ML-1M and Food: both datasets
have strictly positive confidence intervals for
NDCG @50 and Recall@50. On Steam, RoutePO
yields a robust Recall@50 improvement, but the
NDCG @50 interval crosses zero. Thus, the Steam
result should be interpreted as a reliable cover-
age gain rather than a statistically reliable ranking-
quality gain over LIGHTGCN. This analysis mea-
sures robustness across users and does not estimate
multi-seed training variance.

B.2 Routing Complementarity Analysis

To explain why RoutePO yields larger gains on
some datasets than on others, we examine whether
users benefit from different recall channels and
whether the learned router captures this variation.
For each user, we define an oracle channel as
the single recall channel that achieves the highest
NDCG@50 for that user in hindsight; this oracle
is used only as a diagnostic upper-bound signal,
not as a deployable method. Table 6 reports four
quantities: oracle channel entropy, which measures
how evenly the oracle-best channels are distributed
across users; routing weight variance, computed as
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Dataset  Input tokens Routing latency (ms/user)  Total latency (ms/user)  Throughput (users/s) GPU memory (GB)
ML-1M 1433.2 230.0 234.2 4.24 5.55
Steam 964.9 120.0 125.0 6.41 5.58
Food 3794.8 994.4 1033.5 1.14 12.21

Table 4: Serving efficiency of Qwen2.5-1.5B-Instruct RoutePO with history length capped at 20. Latency is reported
as median per-user wall-clock time on one A100 80GB GPU.
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Figure 5: Effect of history length ky;s; on NDCG @20 and Recall @20 across three datasets. The default setting

(knist=20) is used in all main experiments.

the across-user variance of RoutePO’s predicted
channel weights; the NDCG@50 gain over the
corresponding reference single-channel baseline;
and the fraction of oracle headroom captured by
RoutePO. We use the same reference channels as
in Table 5: LIGHTGCN for ML-1M and Steam,
and ITEMKNN for Food. Together, these quanti-
ties test whether channel complementarity exists,
whether RoutePO learns non-uniform user-specific
routing weights, and whether this learned routing
converts the available oracle headroom into actual
ranking gains.

Dataset Oracle entropy Routing weight variance N@50 gain (pp) Headroom captured

ML-IM 1.0511 0.0248 0.36 18.8%
Steam 0.6970 0.0935 0.03 4.3%
Food 0.7150 0.1469 0.98 42.2%

Table 6: Dataset-level routing complementarity analysis.
The NDCG @50 gain is reported in percentage points

(pp)-

The results show that oracle diversity alone does
not determine the final gain. ML-1M has the high-
est oracle entropy, indicating substantial per-user
variation in the best recall channel, but RoutePO
captures a smaller fraction of oracle headroom than
on Food. In contrast, Food combines meaning-
ful oracle complementarity with the largest routing
weight variance and the highest captured headroom,
yielding the largest NDCG @50 gain. Steam has
non-trivial oracle headroom, but its LIGHTGCN
reference channel dominates the average ranking
quality, leaving less usable room for learned rout-
ing. Taken together, these results indicate that per-
sonalized routing is most effective when channel

complementarity is both present and captured by
the learned routing distribution.

B.3 Parameter Analysis

We investigate the sensitivity of RoutePO
(Qwen2.5-1.5B) to two key prompt-design hyper-
parameters: the history length kypisy (number of
interaction-history items included in the prompt)
and the prompt top-k kprompt (number of top-
retrieved items shown per recaller). We report
NDCG @20 and Recall@20 while varying one pa-
rameter and fixing the other at its default (ky;s; =20,
kprompt=3). Results are shown in Figures 5 and 6.

Effect of history length. As shown in Figure 5,
performance is remarkably stable across all three
datasets: varying kyjs; from 5 to the full history
produces less than 3% relative change in both met-
rics. Even with as few as 5 history items, RoutePO
achieves near-optimal routing quality, indicating
that the LLM can extract sufficient preference sig-
nals from a compact context. The one exception
is Food, where a monotonic improvement from
knist =5 to kpist =25 reflects the dataset’s diverse
recipe preferences (avg. history length 31.2): more
context helps disambiguate broad-interest users
whose routing signal is spread across many items.
Beyond 25, performance plateaus, suggesting di-
minishing returns from additional history items.
This stability is practically valuable, as shorter
prompts reduce both inference latency and token
cost without sacrificing routing quality.
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Figure 6: Effect of prompt top-k (Kprompt) on NDCG@20 and Recall @20 across three datasets. The default setting

(Kprompt=3) is used in all main experiments.

Effect of prompt top-k. Figure 6 shows that the
number of retrieved items shown per recaller has
limited impact on routing performance. Notably,
even at kprompt =0, where the prompt contains no
retrieved items and the router must decide purely
from user history, RoutePO still achieves compet-
itive results. This indicates that user interaction
history alone provides strong signals for channel
routing, and the retrieved-item previews serve as a
supplementary rather than essential cue. On Food,
performance improves modestly from kprompt=0
t0 kprompt =95, consistent with the observation that
this dataset’s heterogeneous item space benefits
from grounded item previews.

B.4 Case Study

We present representative cases from each dataset
to illustrate how RoutePO adapts routing weights to
user-specific contexts, contrasting them with static
CEM weights and quasi-global PG weights.
ML-1M: Mainstream Movie Fan. User Demo-
graphic: A 35-year-old male technician/engineer
(zip code 95401) with 46 movie ratings.
Interaction History: The user’s history is dom-
inated by mainstream blockbusters: Star Wars:
Episode V, The Godfather (Parts I & 11), Indiana
Jones and the Last Crusade, Jaws, The Matrix, Sav-
ing Private Ryan, Braveheart, and multiple Star
Trek films. The ratings (mostly 3—4/5) and genre
distribution (Action, Sci-Fi, Drama) indicate a pref-
erence for popular, high-budget productions.
Fusion Weights:

Method ITEMKNN LIGHTGCN Pop

RoutePO 22.5% 13.0% 64.5%
CEM 99.2% 0.8% 0.0%
PG 78.4% 11.8% 9.9%

Analysis: RoutePO correctly identifies that for
a user with mainstream taste, the POP (popularity-
based) channel is most effective. In contrast, CEM
assigns 99% weight to ITEMKNN (a global op-

timum that ignores user heterogeneity), and PG
similarly favors ITEMKNN at 78%. As a result,
RoutePO retrieves 3 ground-truth items in the top-
50 (NDCG@50=0.248), while CEM and PG re-
trieve only 1 each NDCG@50~0.073).
Steam: Niche Simulator Gamer. User Demo-
graphic: The user has 5 interactions in total.
Interaction History: The user plays niche sim-
ulator titles: Farming Simulator 2013, strategy
games like Heroes of Might & Magic V, and simu-
lation titles like Fireworks Simulator. This sparse,
highly specialized demographic contrasts with the
typical Steam user who plays mainstream titles.
Fusion Weights:

Method ITEMKNN LIGHTGCN  Por

RoutePO 94.9 % 4.9% 0.2%

CEM 39.5% 54.3% 6.2%

PG 11.9% 65.3% 22.9%
Analysis: The global optimal weight on

Steam favors LIGHTGCN (79%), which cap-
tures community-level preferences. However,
for this niche user, item co-occurrence patterns
(ITEMKNN) are more informative than graph-
based signals, because users who play Farming
Simulator tend to also play other simulators: a pat-
tern that ITEMKNN directly captures. RoutePO as-
signs 94.9% to ITEMKNN and retrieves the ground-
truth item (Farming Simulator 2013 Modding Tuto-
rials) at position 1 (NDCG=1.0), while CEM and
PG both place it at position 2. This demonstrates
RoutePO’s bidirectional adaptivity: it can deviate
from the global optimum in either direction based
on user context.
Food: Diverse Recipe Enthusiast. User Demo-
graphic: The user has rated 34 recipes.
Interaction History: The user’s recipe history
spans diverse cuisines and categories: bacon and
egg empanadas, baked tilapia with spice, lisa’s
swirled chocolate chip cookies, tofu egg salad,
whole wheat pizza crust, lentil soup, and chicken
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chimichangas. The lack of a coherent theme (span-

ning Mexican, Italian, Asian, baked goods, soups)

suggests an “omnivore” user with broad interests.
Fusion Weights:

Method ITEMKNN LIGHTGCN Pop

RoutePO 4.5% 32.8% 62.7%

CEM 40.5% 38.9% 20.6%

PG 24.6% 57.6% 17.9%
Analysis: For a user with no clear item

co-occurrence pattern (diverse recipe types
do not cluster), collaborative filtering signals
(ITEMKNN/LIGHTGCN) are weak. RoutePO rec-
ognizes this and assigns 62.7% weight to POP, re-
trieving generally popular recipes that appeal to
broad tastes. CEM and PG distribute weights more
evenly across channels, failing to exploit the in-
sight that popularity is the best predictor for such
users. RoutePO retrieves 2 ground-truth items
(N@50=0.288), compared to 1 for both baselines
(N@50~0.12-0.14).

Summary. These cases illustrate that RoutePO
learns to adapt routing weights based on user-
specific signals: mainstream users benefit from
popularity-based retrieval, niche users benefit from
item-based collaborative filtering, and users with di-
verse interests benefit from popularity as a fallback.
In contrast, CEM learns a single global weight vec-
tor, and PG produces quasi-global weights with low
variance across users, so both miss user variation.

C Prefix Exposure Guarantee of Snake
Fusion

Snake Fusion provides a simple discrepancy guar-
antee: the exposure of each channel closely fol-
lows the desired weighted allocation throughout
the ranking process.

Proposition 1. Let wy, = (wy 1, . .., wy ) be the
fusion weights for user w with ) wy m = 1. Let
Cu,m (t) denote the number of items contributed by
channel m within the first t positions of the fused
list produced by Snake Fusion. Then for every
channel m and prefix length t,

|Cum (t) — wymt| < 1. (16)
Proof. For simplicity we omit the user index and
write w,, and ¢, (t). Define the deficit before step
t as

A () = wt — e (t — 1). 17

Because ), wy, = land > cn(t—1) =

t — 1, the deficits satisfy
D dm(t) =1.
m

Snake Fusion selects the channel with the largest
deficit m; = argmax,, dy,(t) and appends one
item from that channel, giving c¢,,, (t) = ¢, (t —
1)+ 1.

For the selected channel, ¢, (t) — wp,t =1 —
dpm, (t). Since the deficits sum to one, the largest
deficit satisfies 0 < dy,,,(t) < 1, implying 0 <
Cmy () — Wit < 1.

For any other channel m # m;, the counter
remains unchanged so ¢, (t) — wnt = —dn(t).
Because d,(t) < dp,(t) < 1, we have ¢, (t) —
wm,t > —1.

If ¢, (t) — wpt > 1, then d,,,(t) < —1, which
contradicts ), dp,(t) = 1 together with the maxi-
mality of d,,,, (t). Hence —1 < ¢, (t) — wpt < 1,
completing the proof. O

(18)

D Prompt Design

We use an inference prompt that exposes only the
user profile, interaction history, channel descrip-
tions, and short previews of each channel’s re-
trieved items. It does not include oracle labels or
ground-truth test items. Figure 7 shows the prompt
template, and Figure 8 instantiates it with a con-
crete user from ML-1M.

E Comparison with an Embedding-Based
Router

The recall experts already encode complemen-
tary collaborative evidence: ITEMKNN captures
item co-occurrence, while LIGHTGCN models la-
tent user—item structure through graph propagation.
RoutePO uses interaction-derived oracle labels and
ranking rewards to learn how to fuse these expert
outputs from natural-language user context. To
evaluate the resulting routing signal, we compare
RoutePO with a learned MLP gate that consumes
LightGCN user and item embeddings on ML-1M.
Both routers use the same oracle-channel supervi-
sion.

Router Input signal R@501 N@50 1
Learned- Learned 9.01 4.50
embedding MLP  user/item

gate (LightGCN  embeddings

emb.)

RoutePO Natural-language  9.43 512

context
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Prompt Template

You are an assistant in a recommendation system. Given a user profile, output ONLY one available recaller model name.

User Profile:

Demographic: (if available)
(user demographic features)
purchased item numbers: (N)
purchase history:

6978

(item features)

rating: (r)/5

timestamp: (t)

‘27

(item features)

Available models:
- (model_name): (description). When to use: (when_to_use)
Top retrieved items: [{“rank”: 1, (item features)}, ...]

Your response:

\

Figure 7: Inference prompt template for the multi-channel routing task. Blue placeholders are dynamically filled
based on the user and dataset. The demographic section is included only when available (e.g., ML-1M provides age,
whereas Steam and Food do not).

Table 7: Comparison with an embedding-based router
on ML-1M under the same oracle-channel supervision.
Recall@50 (R@50) and NDCG@50 (N@50) are re-
ported as percentages.

As shown in Table 7, RoutePO improves
both recall and ranking quality over the learned-
embedding gate. The result shows that language-
conditioned routing provides useful personalized
signals while retaining the collaborative evidence
encoded by the underlying recall experts.
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Prompt Example (ML-1M)

You are an assistant in a recommendation system. Given a user profile, output ONLY one available recaller model name.

User Profile:

Demographic:

age: ‘35’

gender: male

occupation: technician/engineer
zip_code: ‘95401’

purchased item numbers: 46

purchase history:

1:

movie_title: ‘Star Wars: Episode V - The Empire Strikes Back’
release_year: 1980

genre: Action Adventure Drama Sci-Fi War

rating: 4.0/5

timestamp: 15 minutes ago

2:

movie_title: The Godfather

release_year: 1972

genre: Action Crime Drama

rating: 4.0/5

timestamp: 15 minutes ago

3:

movie_title: ‘The Godfather: Part II’
release_year: 1974

genre: Action Crime Drama
rating: 3.0/5

timestamp: 15 minutes ago

46:

movie_title: Schindler’s List
release_year: 1993

genre: Drama War

rating: 5.0/5

timestamp: just now

Available models:

- itemknn: Item-based collaborative filtering using similarity.
When to use: Item similarity patterns and co-interaction signals
Top retrieved items: [{“rank”: 1, “movie_title”: “Raiders of the
Lost Ark”, “release_year”: 1981, “genre”: “Action Adventure”}, ...]
- lightgen: Graph neural network leveraging user-item connectivity.
When to use: Graph structures and higher-order neighbor relations
Top retrieved items: [{“rank”: 1, “movie_title”: “Terminator 2:
Judgment Day”, “release_year”: 1991, “genre”: “Action Sci-Fi Thriller”}, ...]
- pop: Non-personalized popularity-based recommendations.

When to use: Baseline or cold-start situations

Top retrieved items: [{“rank”: 1, “movie_title”: “Star Wars: Episode IV
- A New Hope”, “release_year”: 1977, “genre”: “Action Adventure
Fantasy Sci-Fi”}, ...]

Your response:
\

Figure 8: A concrete inference prompt instance from the ML-1M dataset. The user is a 35-year-old male engineer
whose history consists of 46 mainstream blockbusters. Purchase history and retrieved item lists are abbreviated.
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