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Abstract

Generative recommendation with Semantic IDs (SIDs) has emerged as a promis-
ing paradigm, yet existing methods apply a fixed inference strategy, either fast
direct generation or slow chain-of-thought reasoning, uniformly across all user
histories. This approach creates a trade-off: fast recommendation model produces
suboptimal accuracy on hard samples, while always invoking slow reasoning incurs
prohibitive latency and wastes computation on easy cases. To address this, we
propose TwiSTAR, a framework that learns to adaptively allocate reasoning effort
per user sequence. Our system equips an LLM with three complementary tools:
a fast SID-based retriever, a lightweight candidate ranker, and a slow reasoning
model that generates explicit rationales before recommending. Crucially, we inject
collaborative commonsense into the slow model by transforming item-to-item
knowledge into natural language explanations. A planner, trained through super-
vised warm-up followed by agentic reinforcement learning, dynamically decides
which tool to invoke. Experiments on three datasets demonstrate that our method
outperforms strong baselines, achieving consistent accuracy gains while reducing
inference latency compared to uniform slow reasoning.

1 Introduction

Recommender systems play a fundamental role in mitigating information overload, connecting users
with relevant items in domains ranging from e-commerce to content streaming. Their effectiveness
directly impacts user satisfaction and business metrics. In recent years, generative recommendation
has emerged as a powerful paradigm, framing sequential recommendation as an autoregressive
generation task: given a user’s interaction history, the model predicts the identifier of the next item.
Among identifier choices, Semantic IDs (SIDs) obtained from residual quantization (e.g., RQ-VAE)
have proven particularly attractive. SIDs form a lightweight vocabulary that naturally aligns with
the token space of large language models (LLMs). This approach enables seamless integration with
LLMs and achieves strong performance by leveraging both collaborative signals and language priors.
However, existing methods suffer from a fundamental limitation: they apply a uniform inference
strategy to all user histories, regardless of their complexity or ambiguity.

Two predominant inference modes exist. Fast thinking directly generates the target SID without
explicit intermediate reasoning. It is computationally efficient and well-suited for routine patterns, but
often fails on long-tail scenarios [1]. Slow reasoning first produces a chain-of-thought (CoT) rationale,
then outputs the SID, improving accuracy on hard cases and enhancing interpretability [2]. OneRec-
Think [3] adopts a “Think-Ahead” architecture for industrial deployment: the computationally
expensive reasoning chain and the first two itemic tokens are generated offline and cached, while
an online model completes the generation under prefix constraints. This decoupling ensures real-
time responsiveness but still applies the same fixed two-stage reasoning to every request, lacking
adaptive control. GREAM [4] supports direct sequence recommendation and sequential reasoning
recommendation, but the mode must be pre-specified per request; the system cannot dynamically
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Figure 1: Illustration of fast vs. slow reasoning in generative recommendation. Left: fixed separate
pipelines without adaptive selection. Right: our proposed framework with an agent planner that
conditionally invokes fast retriever or slow reasoning model.

choose which mode to use based on the user’s history. OxygenRec [5] introduces a fast-slow
architecture, where a near-line LLM synthesizes contextual instructions and an efficient online
backbone performs low-latency generation; however, the decision to invoke reasoning remains
heuristic rather than learned. Consequently, an effective and efficient fusion of fast and slow reasoning,
where the system adaptively allocates reasoning effort based on the difficulty of each user history,
remains an open challenge. Despite recent progress in reasoning-enhanced recommenders [3–5],
none adaptively allocate reasoning effort based on query difficulty.

This paper addresses a central question: Can a generative recommender learn when to think fast
and when to think slow? Recent LLMs have begun to address a similar trade-off by moving from
single-mode instruction following toward adaptive inference-time computation [6–8]. Inspired by the
dual-system view of cognition, modern models increasingly support efficient responses for simple
queries and deliberate reasoning for complex ones. As Figure 1 shows, we propose TwiSTAR,
Two-mode thinking, Slow and fast Thinking, then Act with tools to Recommend, a generative
recommendation framework that learns to adaptively allocate reasoning effort. Our system is built
upon a base model that aligns SID space with the LLM’s text embedding space. This alignment
grounds SID tokens in the textual contexts of their corresponding items, serving as the foundation
for all subsequent components. Specifically, we develop three tools. A fast recommendation
model directly predicts SIDs via efficient top-k retrieval, offering low-latency inference. A slow
reasoning model first generates an explicit Chain-of-Thought rationale before outputting an SID; to
instill genuine collaborative commonsense, we extract I2I relations from historical co-occurrence
patterns, convert them into natural language explanation instructions, and activate the reasoning
capability via RL. For cases where fast retrieval alone is insufficient but full slow reasoning is
unnecessarily expensive, we introduce a ranking model, which retrieves a larger candidate set with
the fast recommendation model and then applies a discriminative ranker to reorder the results. Finally,
an agent planner decides, for each user sequence, which tool to invoke, enabling adaptive reasoning
allocation tailored to the difficulty of the history.

Our main contributions are:

• A method to enhance collaborative reasoning in LLM-based recommenders by transforming I2I
relations into natural language explanations.

• A two-stage training recipe (supervised imitation + agentic RL) that teaches the planner to selec-
tively invoke slow reasoning, which unifies fast SID-based generation, slow reasoning, and an
adaptive planner into a single agentic system. To our knowledge, this is the first work to learn when
to engage reasoning in generative recommendation.

• Extensive experiments on three public datasets show that our approach consistently outperforms
strong baselines in both ranking accuracy and efficiency.
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2 Related Work

2.1 LLM as Recommender System

LLMs provide a natural interface for recommendation by representing users, items, and preferences
in text. A straightforward direction encodes items with structured templates, thereby formulating
recommendation within the native vocabulary space of LLMs. Prior text-based LLM recommenders
instantiate this idea through product-description generation [9], instruction-style prompting [10],
hierarchical attribute modeling [11], preference-optimized generation [12, 13], multimodal item sum-
marization [14], and language-processing formulations that combine textual features with behavioral
signals [15, 16, 1]. Despite their flexibility and interpretability, purely text-based representations are
inefficient for large-scale recommendation and may fail to ground generated text to a unique catalog
item. Semantic-ID-based generative recommendation addresses this limitation by representing each
item as a compact sequence of discrete tokens and casting recommendation as catalog-grounded
sequence generation. LC-Rec [17] highlights the gap between language semantics in LLMs and
collaborative semantics. PLUM [18] adapts pretrained LLMs to industrial-scale generative recom-
mendation through continued pre-training and task-specific fine-tuning. TS-Rec [19] investigates
token-level SID semantics by initializing SID token embeddings with semantic-aware signals. These
studies show that SID tokens should be semantically and collaboratively aligned rather than treated as
opaque symbols. Recent work further introduces explicit reasoning into generative recommendation.
OneRec-Think [3] and SIDReasoner [20] extend generative recommendation to reasoning through
itemic alignment and reasoning activation. Other industrial systems [21–24] demonstrate that LLM-
based recommenders are advancing toward reasoning-capable and production-scale deployment.
Despite this progress, existing models lack adaptive reasoning allocation, applying the same inference
strategy regardless of query difficulty. Consequently, they cannot balance efficiency and effectiveness
across user histories of varying complexity. More severely, the abundance of easy samples that
fast recommendation model can already handle tends to degrade the performance of slow reasoning
models, leading to undesirable collapse.

2.2 Agent for Recommender System

Recent agentic recommender systems explore different aspects of process-level decision making.
AMEM4Rec [25] introduces evolving memory for agentic LLM recommenders, capturing col-
laborative signals through cross-user memory evolution. RecGPT-V2 [26] develops a hierarchi-
cal multi-agent framework for industrial user-intent reasoning and multi-objective optimization.
RecBot [27] and TalkPlay [28] further investigate interactive recommendation agents that translate
natural language requests into actionable strategies or tool calls. Together, these works show that
LLM recommenders are moving beyond passive item generation toward agents with adaptive rea-
soning, memory, interaction, and tool-use capabilities. However, existing agentic recommenders
typically optimize one aspect of the recommendation process. They do not fully address how a
SID-based generative recommender should jointly allocate inference behaviors under heterogeneous
user histories. We formulate generative recommendation as an agentic inference problem: the model
should decide not only what to recommend, but also how to recommend, whether to think fast, invoke
a ranking tool, or think slow with collaborative reasoning.

3 Preliminaries

We first introduce Semantic IDs (SIDs) and formulate sequential recommendation as autoregressive
generation over SIDs.

Given an item i ∈ I with textual description ti, we encode it into a continuous embedding:

ei = Encoder(ti). (1)

We then apply residual k-means to quantize ei into a sequence of discrete codes. Let L denote
the number of quantization layers and K the codebook size per layer. Starting from ri,0 = ei, the
quantization at layer j is given by

ci,j = arg min
k∈{1,...,K}

∥ri,j−1 − vj,k∥22 , ri,j = ri,j−1 − vj,ci,j , (2)
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(A) Semantic ID Preparation and Base Model Construction (B) Two-stage Agent Training (C) Inference-time Adaptive Planner
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Figure 2: Our framework first extracts SIDs from item metadata and aligns them with text em-
beddings to ground semantic meaning. It then trains a fast SID-based retrieval model. Next, it
injects collaborative commonsense into the slow recommendation model and activates reasoning
via reinforcement learning. In the second stage, the planner is trained through supervised warm-up
followed by reinforcement learning to balance accuracy and latency. This agentic design ensures that
reasoning is applied only when beneficial, avoiding the inefficiency of uniform slow reasoning.

where vj,k is the k-th codeword in the j-th codebook. The resulting Semantic ID of item i is

SID(i) = [ci,1, ci,2, . . . , ci,L]. (3)

For a user u, letHu = [i1, i2, . . . , iT−1] denote the historical interaction sequence, and let iT be the
next item to predict. Replacing each item with its SID, sequential recommendation is formulated as
autoregressive SID prediction:

p
(
SID(iT ) | SID(i<T )

)
=

L∏
j=1

p
(
ciT ,j | ciT ,<j , SID(i<T )

)
, (4)

where ciT ,<j = [ciT ,1, . . . , ciT ,j−1]. This formulation allows a pretrained language model to perform
recommendation via constrained token generation over valid SIDs.

4 Methodology

To overcome the limitations of uniform inference in generative recommendation, as illustrated in
Figure 2, we propose a two-stage framework that learns to adaptively allocate reasoning effort per
user sequence. The core idea is to equip a semantically aligned language model with three specialized
tools: a fast SID-based retriever for routine patterns, a ranking model for candidate refinement, and a
slow chain-of-thought model for hard cases that require explicit reasoning. A learned agent planner
then dynamically decides which tool to invoke.

4.1 Aligned Base Model

The core challenge of using SIDs in a generative recommender is that initial SID tokens, which are
obtained via residual k-means (Section 3), are discrete codes without inherent linguistic meaning. A
pretrained language model cannot directly interpret these tokens, which hinders effective next-item
prediction. To bridge this gap, we align SID token embeddings with the natural language semantics
of their corresponding items, while keeping the main parameters of the LLM fixed.
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Specifically, for each item i, we construct an item-level alignment sequence by pairing its SID with
its textual metadata, such as its title, category, and other available metadata. We feed these item-level
sequences into a pretrained causal language model and optimize the standard language modeling
objective:

Lalign = −
∑
i∈I

|xi|∑
m=1

log pθ(xi,m | xi,<m). (5)

After alignment, SID tokens are grounded in the textual contexts of their corresponding items. As
a result, when an SID appears in later recommendation sequences, the LLM can process it as a
semantically meaningful item representation rather than an opaque discrete code. We denote the
resulting model asMalign, which serves as the foundation for the subsequent fast, slow, and agentic
components.

4.2 Fast Rec Model and Ranking Model

After alignment, we trainMfast to perform sequential recommendation. Given a user’s interaction
history represented by their SIDs, the model autoregressively predicts the next item’s SID:

Lrec = −
∑
u

∑
t

L∑
ℓ=1

log pMfast(ct,ℓ | ct,<ℓ, SID(i<t)). (6)

Training data is constructed offline by truncating each user’s chronological sequence into input–target
pairs, where the input contains only the SID tokens of historical items. During inference, we constrain
decoding to valid SIDs via a prefix trie and retrieve top-K candidates with beam search. This yields
a fast recommendation model that retrieves candidate items efficiently.

The ranking modelMrank is built upon the Deep Interest Network [29], which captures the relevance
between a user’s historical behavior sequence and a candidate item through a local activation unit.
Training data is constructed as follows: for each user, we retrieve K2 candidates usingMfast. If
the ground truth is not among them, we add it as a positive sample and randomly sample K1 − 1
negatives from the retrieved set. We monitor AUC on a validation set for early stopping.

4.3 Slow Rec Model: Collaborative Reasoning as Language Injection

The core idea is to transform implicit collaborative signals into explicit natural language reasoning
chains, thereby teaching the model what co-occurrence patterns are and why they exist. Directly
eliciting explanations is noisy and prone to hallucination: the true next item is only one of many
plausible continuations, and the model often overfits to sequential id correlations without capturing
robust statistical regularity. In contrast, I2I relations aggregate over many user sequences, providing
denser, more reliable statistical signals. Learning from I2I explanations forces the model to internalize
stable co-occurrence patterns, rather than memorizing fragile sequential shortcuts. For each related
pair (i, j), we generate a reasoning instruction: “In collaborative filtering, item i and item j are highly
correlated. Please explain why users who purchase i also tend to purchase j?”

A teacher LLM (e.g., Qwen3.5-397B-A17B [30]) produces a diverse set of explanations, forming
triples ⟨i, j, explanation⟩. These triples are then mixed with semantic alignment data to fine-tune the
aligned recommendation model. Formally, let Dcollab be the set of (instruction, explanation) pairs
derived from I2I relations. The training loss is a standard language modeling loss on Dcollab. After
this stage, the model acquires collaborative commonsense: it does not memorize the I2I table but
learns to verbalize statistical co-occurrence logic, enabling zero-shot reasoning on unseen pairs. We
denote this semantically aligned and reasoning-enhanced model asMbase, with all parameters fixed
in the subsequent routing learning phase.

To further elicit reasoning before recommendation, we train a think model using GRPO. Only
those user sequences where the fast recommendation model fails to hit the ground truth within its
HitRate@50 predictions are selected as training data, this focuses the reasoning ability on long-tail
and difficult samples. The detailed specifications of reward function are provided in Appendix A.
The resulting model Mslow can produce explicit chain-of-thought reasoning before outputting a
recommendation.

5



4.4 Planner Agent: Two-Stage Agent Training

We freezeMfast andMslow and optimize an agentic modelMagent using a two-stage procedure. The
agentic model is initialized from the aligned base model; it takes a user’s sequence as input and
outputs tool calls. Tools include:

• fast_rec(k): callsMfast to beam search k SIDs.
• rank_candidates(m, n): invokes the ranking modelMrank, which takes m items as input and

outputs the top-n items after reordering.
• think_and_rec(j): invokesMslow to produce a reasoning chain and then beam search j SIDs as

the final recommendation.

We generate pseudo-labels for the agent by evaluatingMfast on a held-out set:

• Path 1 (fast only): If the ground truth is already retrieved by the fast recommendation model with a
small candidate set size K1, the agent invokes the fast recommendation model with that K1.

• Path 2 (fast + ranking): For each user, we retrieve K2 candidates usingMfast. If the ground-truth
item is included in the retrieved set, it is treated as the positive item. If the ground truth is absent,
we insert it as the positive item and sample negatives from the retrieved candidates.

• Path 3 (slow reasoning): Mslow generates K1 candidate SIDs through constrained beam search,
and these candidates are used as the final top-K1 list.

To encourage exploration during supervised warm-up, we randomly relabel a small fraction of Path-1
samples as higher-cost paths. The agentic model is trained with a standard cross-entropy loss on the
sequence of tool calls and arguments.

After supervised warm-up, we further refineMagent using reinforcement learning (e.g., GRPO or
PPO). The reward is designed to balance final recommendation quality and process efficiency:

Rtotal = NDCG@10(final ranked list)︸ ︷︷ ︸
outcome reward

+ η · I[valid tool sequence]︸ ︷︷ ︸
process reward

− β · (latency cost). (7)

5 Experiment

Datasets. We conduct experiments on three real-world recommendation datasets from the Amazon
review benchmark [31]: BEAUTY, TOYS AND GAMES and SPORTS AND OUTDOORS. For evaluation,
we adopt the leave one out strategy: the last interaction of each user is held out for testing, the second-
last for validation, and all preceding interactions for training. We evaluate over the full item catalog
rather than sampled negatives.

Baselines. We compare our proposed method against a diverse set of competitive baselines, covering
traditional sequential recommenders, generative recommendation models, and reasoning-enhanced
approaches. All baseline results are reproduced under the same experimental setting with consistent
evaluation protocols. A detailed description of each baseline is provided in Appendix C.

Implementation Details. We implement our framework using Qwen3.5-4B as the base LLM.
Semantic IDs are generated with L = 3 quantization layers and codebook size K = 256 per layer,
yielding a vocabulary of 3 × 256 = 768 SID tokens. For the fast recommendation model, we use
beam search with width k = 50. Due to space constraints, we report detailed implementations in
Appendix E.1.

Evaluation Metrics. We adopt two standard ranking metrics: Recall@K and Normalized Discounted
Cumulative Gain@K (NDCG@K). For each user, the model outputs a top-K recommendation list
Ru(K). Recall@K measures whether the ground-truth item iu appears in this list. NDCG@K further
accounts for the ranking position.

6 Discussion

In this section, we address our five research questions: RQ1 confirms the overall superiority of our
framework across diverse datasets, RQ2 quantifies the individual contributions of tools, RQ3 validates
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that explicit I2I explanation injections instill genuine collaborative commonsense, RQ4 demonstrates
that hard-sample training improves the usefulness of slow reasoning on difficult cases, and RQ5
reveals the planner’s decisions substantially align with oracle routing patterns.

6.1 Overall Performance (RQ1)

Table 1: Overall performance comparison of our method and baselines on three datasets. The best
results are in bold and the second-best results are underlined.

Dataset Metric HGN GRU4Rec SASRec TIGER HSTU OneRec-Think Ours

Beauty

R@5 0.0325 0.0392 0.0397 0.0409 0.0418 0.0557 0.0609
R@10 0.0531 0.0585 0.0606 0.0622 0.0648 0.0770 0.0880
N@5 0.0197 0.0263 0.0258 0.0267 0.0280 0.0390 0.0415

N@10 0.0267 0.0325 0.0320 0.0337 0.0352 0.0461 0.0504

Sports

R@5 0.0188 0.0190 0.0199 0.0219 0.0263 0.0281 0.0324
R@10 0.0316 0.0312 0.0306 0.0342 0.0348 0.0401 0.0476
N@5 0.0114 0.0122 0.0107 0.0137 0.0168 0.0188 0.0214

N@10 0.0155 0.0157 0.0146 0.0179 0.0221 0.0228 0.0257

Toys

R@5 0.0327 0.0330 0.0447 0.0338 0.0365 0.0553 0.0594
R@10 0.0522 0.0491 0.0621 0.0546 0.0561 0.0774 0.0828
N@5 0.0193 0.0223 0.0300 0.0210 0.0244 0.0389 0.0425

N@10 0.0255 0.0279 0.0357 0.0277 0.0308 0.0461 0.0505

Table 1 reports the overall performance comparison between various baseline models and our pro-
posed method on three Amazon review datasets. Across all datasets and metrics, our method
consistently outperforms all baselines. Among the baselines, OneRec-Think shows the strongest over-
all performance and consistently ranks second, although it consumes more computational resources
during both training and inference. These results demonstrate the effectiveness of our proposed
approach in capturing user preferences and generating accurate recommendations across diverse
product categories.

6.2 Ablation Study (RQ2)

To quantify the contribution of each component, we compare the full model against five variants on the
Beauty dataset: (1) w/o Ranking (ranker removed); (2) w/o Slow Reasoning (slow model removed);
(3) w/o Slow Reasoning and Ranking (both removed); (4) w/o Alignment, Slow Reasoning and
Ranking (plus random SID initialization); (5) Slow Reasoning Only w/o Planner (slow model
applied to every sequence).

Removing the ranking model (w/o Ranking) degrades R@10 from 0.0880 to 0.0820 and N@10
from 0.0504 to 0.0479, while only slightly reducing cost (0.94×). This indicates that the ranking tool
provides a non-trivial accuracy boost by refining the fast recommendation model’s candidate set, yet
its own overhead is modest. Removing slow reasoning (w/o slow reasoning) causes a smaller drop,
but its cost reduces dramatically. This shows that the slow model is expensive but brings substantial
gains when invoked selectively. When both slow reasoning and ranking are removed (w/o slow
reasoning and Ranking), performance falls further, confirming that each tool contributes uniquely
to the final accuracy. Aligning SID tokens with natural language semantics is the bedrock of our
framework. Without alignment, even the fast recommendation model’s retrieval becomes severely
impaired, and the reasoning capability cannot be activated. The slow reasoning Only variant, which
applies the slow reasoning model uniformly without the planner, achieves lower performance than
the full model while incurring more cost. (All reported cost values are normalized to the full model’s
total inference latency, which already includes the planner’s own decision-making overhead.) This
does not imply that slow reasoning is universally superior. SinceMslow is intentionally specialized on
hard samples, applying it to easy histories may introduce unnecessary generation noise and degrade
direct collaborative matching. Therefore, the full model with the planner delivers better accuracy
with much lower average latency than always using slow reasoning, even after accounting for the
planner’s extra computation. Absolute latency and throughput numbers (in milliseconds and queries

7



Ours (F
ull)

w/o Ranking
w/o Slow

Reasoning
w/o Slow

Reasoning and

Ranking w/o Alignment,

Slow Reasoning

and Ranking
Slow Reasoning

Only w/o Planner

Model Variants

0.03

0.04

0.05

0.06

0.07

0.08

0.09

Pe
rfo

rm
an

ce

Recall@10 NDCG@10 Cost (x Full)

0.5

1.0

1.5

2.0

2.5

3.0

Re
la

tiv
e 

Co
st

 (x
 Fu

ll)

Figure 3: Recall@10, NDCG@10 and relative inference cost (normalized to the full model) of
different ablation variants on the Beauty dataset. The full model achieves the best performance
while maintaining moderate cost. Removing any component degrades accuracy, and applying slow
reasoning uniformly (without planner) incurs more time cost with lower accuracy.

per second) along with a detailed breakdown of the planner’s overhead are reported in Appendix E.
In summary, the ablation study validates that all components are essential. Moreover, the adaptive
planner is critical for translating the raw capability of slow reasoning into an efficient and effective
system.

6.3 Does Explicit I2I Explanation Work? (RQ3)

A core claim of our method is that transforming I2I relations into natural language explanations and
fine-tuning the LLM on these explanations injects genuine collaborative commonsense, rather than
memorizing co-occurrence tables. To test this claim, we design a discriminative evaluation task that
directly measures whether the model has internalized the underlying collaborative similarity structure.
We first extract all unique I2I pairs from the Beauty dataset, resulting in 25,438 pairs (i, j) where
item j is frequently co-purchased after item i. The first-level SID codes of i and j are identical for
26.25% of the I2I pairs. When both the first and second codes match, this occurs for only 3.65%
of the pairs. For each such pair, we randomly sample 9 distractor items from the item catalog and
construct a candidate set of 10 items: the true associated item j plus 9 negatives. The model is then
presented with item i (described by its SID and optionally its textual metadata) and the list of 10
candidate SIDs. It must select the candidate that is most collaboratively similar to item i. We report
the accuracy of selecting the ground-truth j.

We evaluate two model variants: the aligned modelMalign (without explicit I2I explanation training)
and the slow recommendation modelMslow (after fine-tuning on I2I explanation instructions). The
base model achieves only 49% accuracy, indicating that alignment alone does not capture fine-grained
collaborative relationships. After injecting I2I explanations, accuracy jumps to 84%. These results
suggest that I2I explanation tuning helps the model better capture collaborative associations beyond
the aligned SID representation.

6.4 Why Does Thinking Need Hard Samples? (RQ4)

We first train the slow reasoning model on the entire training set. Under this setting, the think model
becomes underperforming: it fails to handle ambiguous requests better than the fast non-think model.
Specifically, we define easy samples as those whose history contains less than two second-level
category (about 30% of the entire dataset), and hard samples as those with three or more distinct
second-level categories. As shown in Table 2, on the hard test set, the think model trained on full data
is even slightly lower than the fast recommendation model. This confirms that mixing easy and hard
samples during training leads the model to fail to develop genuine reasoning ability for difficult cases.
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In contrast, selective hard-sample training yields a modest but consistent improvement on hard cases,
suggesting that reasoning supervision is more useful when concentrated on samples where direct
generation fails. A concrete case study is provided in Appendix D to illustrate this phenomenon.

Table 2: Think model trained on full data or selective samples (Beauty dataset).

Model Hard samples (R@10) Easy Samples (R@10)

Non-think (fast) 0.0706 0.0760
Think (trained on full data) 0.0692 0.0782
Think (trained on hard samples) 0.0723 0.0735

6.5 Planner Decision Analysis (RQ5)

We analyze the decisions made by the learned plannerMagent on the Beauty test set. The planner is
given a user history and must choose among three tools: (1) fast retrieval only (fast_rec), (2) fast
retrieval plus ranking (fast_rec+rank), and (3) slow reasoning (think_and_rec). The planner
invokes fast_rec only for 62.3% of sequences, fast_rec+rank for 27.1%, and think_and_rec
for 10.6%. To understand whether these decisions align with difficulty, we compare the planner’s
choices with an oracle that knows the performance of each tool. For each sequence, we compute the
optimal tool as the one that yields the highest NDCG@10 (ties broken by lowest latency). The planner
achieves 78.3% agreement with the oracle. The most common mismatch is choosing fast_rec when
the oracle would prefer fast_rec+rank (13.4% of all sequences), i.e., regret due to underestimating
the need for ranking. Conversely, the planner rarely chooses slow reasoning when fast only would
suffice (1.7%). The planner successfully identifies difficult sequences: among the 10.6% where slow
reasoning is invoked, the ground truth is not in the fast recommendation model’s top-50 for 86.2% of
them, confirming that the planner targets genuine hard cases. Compared to a heuristic baseline that
triggers slow reasoning when the number of distinct categories in the user’s history exceeds a tuned
threshold, our learned planner achieves higher accuracy (NDCG@10: 0.0504 vs. 0.0489), confirming
the value of learning the routing policy.

7 Conclusion and Future Work

We presented TwiSTAR, a generative recommendation framework that learns to adaptively allocate
reasoning effort. At its core, we unify a fast SID-based retriever, a ranking model, and a slow
reasoning model that generates explicit rationales. By transforming I2I patterns into language
explanations, the slow recommendation model achieves reasoning. A two-stage training recipe,
combining supervised imitation with reinforcement learning, teaches the planner when to invoke
slow reasoning, when to rank, and when fast retrieval suffices. Extensive experiments on three
Amazon review datasets demonstrate that our method consistently outperforms strong baselines,
while ablation studies confirm the contribution of each component. Importantly, we show that the hard-
sample training improves the usefulness of slow reasoning on difficult cases and that the planner’s
decisions reduce average inference latency compared to uniform slow reasoning. Beyond these
empirical gains, our system offers a conceptual advance: it treats both the fast recommendation model
(traditional recommendation systems) and the slow-thinking model (incorporates world knowledge
and reasoning) as tools that an agent can execute. This design ensures seamless compatibility with
existing recommendation approaches and opens up a novel paradigm for future recommendation
systems, where heterogeneous reasoning modes are orchestrated by a learnable planner.

Despite these promising results, several limitations remain that point to directions for future work.
First, our current implementation still incurs non-negligible overhead for the slow reasoning model,
even though it is invoked sparingly; future work could explore early termination of reasoning
chains. Second, the planner’s decisions are learned offline; extending to online adaptation with
bandit feedback could enable continuous improvement. Finally, while we focused on sequential
recommendation, the idea of adaptive reasoning allocation may generalize to other generative tasks
such as conversational recommendation or query rewriting, which we leave for future investigation.
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A Detailed Reward Design for GRPO Training

We describe the reward function used to train the slow reasoning modelMslow.

Rslow = λthinkrthink + λsidrsid + λhitrhit. (8)

A.1 Reasoning Presence (rthink)

The model must output a non-empty reasoning block delimited by <think> and </think> tags,
with total character length at least 20.

rthink =

{
+1 if <think>...</think> exists and length ≥ 20,

−1 otherwise.
(9)

A.2 SID Format Correctness (rsid)

The expected strict format is: <|sid_begin|><s_a_#><s_b_#><s_c_#><|sid_end|>, where
each # is a code integer. A soft match accepts any pattern that resembles a valid SID.

rsid =


+1 strict format matched,
+0.2 soft SID pattern matched,
−1 no valid SID found.

(10)

A.3 Hierarchical Hit Reward (rhit)

We parse both the ground-truth and predicted SIDs into three levels (a, b, c). The reward is based on
the longest matching prefix:

rhit =


0 if no prefix matches,
1.0 if only a matches,
2.0 if a, b match,
5.0 if a, b, c match.

(11)

This hierarchical shaping provides dense learning signals even when perfect prediction is not yet
achieved, while still strongly incentivizing completely correct SID outputs.

B Pseudocode for Planner Agent Training

Algorithm 1 Planner Agent Training
1: Input: User sequences U , ground truth items, base modelsMfast,Mslow, ranking modelMrank.
2: Stage 1: supervised warm-up
3: for each user u ∈ U do
4: candidates50 ←Mfast(u, k = 50)
5: Determine path (1/2/3) based on hit position of ground truth.
6: With 20% probability, flip path 1 to 2 or 3.
7: Record the required tool call sequence as label.
8: end for
9: TrainMagent via cross-entropy on tool call sequences.

10: Stage 2: Agentic RL
11: FreezeMfast,Mslow,Mrank.
12: OptimizeMagent with GRPO using reward Rtotal.
13: return Trained agentMagent.
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C Baselines

C.1 Traditional Sequential Recommenders.

• HGN [32]: A hierarchical graph neural network that captures user–item interactions at multiple
granularities via a gated meta-path mechanism.

• GRU4Rec [33]: A classic RNN-based model that uses gated recurrent units to model user session
sequences for next-item prediction.

• SASRec [34]: A self-attention based sequential model that adaptively attends to previous items
and has become a widely used strong baseline.

C.2 Generative Recommendation Models.

• TIGER [35]: A pioneering generative recommender that uses Semantic IDs derived from RQ-VAE
and autoregressively decodes the next item’s SID.

• HSTU [36]: A hierarchical sequential transduction architecture for large-scale recommendation;
we use a reproducible configuration adapted to the Amazon benchmark.

C.3 Reasoning-Enhanced Recommendation Models.

• OneRec-Think [3]: The most relevant competitor to our work. It introduces itemic alignment via
multi-task pre-training, reasoning activation through supervised fine-tuning. However, it applies
the same reasoning strategy uniformly to all user histories.

D A Case Study On Slow Rec Model

We present a concrete example to illustrate why the thinking model requires hard samples. Consider
a user whose historical interactions are dominated by nail art stamping equipment: she has purchased
Konad stamping polishes (white, black, clear top coat), a stamp and scraper set, 25 pattern plates
from Bundle Monster, along with various OPI polishes, base coats, and cuticle removers. Her next
actual purchase is a 40-pack nail art stamping plate bundle. When the fast recommendation model
or the slow recommendation model trained on full samples encounters this sequence, both collapse
to popular, high-frequency predictions that share surface-level lexical cues with the history. The
fast recommendation model recommends metallic nail polish sets and holographic polishes (e.g.,
China Glaze Hologram), due to the training distribution. The model fails to recognize that the user
has already moved beyond general nail polish into the specialized sub-task of stamping, where the
bottleneck is not color polish but pattern plates. In contrast, the slow recommendation model (trained
exclusively on hard samples) successfully generates a correct recommendation with an interpretable
reasoning process. Its internal chain-of-thought unfolds as: The user has purchased stamping polishes
in multiple colors, a stamp and scraper, and a set of 25 plates. In the stamping workflow, after
acquiring basic plates, users typically expand their design library by buying additional plate bundles.
The next logical item is therefore a larger collection of plates.

This reasoning leverages knowledge (the stamping process) and the understanding of the user. Such
reasoning is unlocked only when the model is forced to generalize from challenging examples where
shallow co-occurrence fails.

E Latency and Throughput Analysis

We report absolute latency and throughput on a single A100 GPU (batch size 1, Beauty test set). The
fast recommendation model baseline achieves 0.39 s/sample and 2.56 samples/s. When the planner
invokes slow reasoning, latency increases to 2.15 s/sample, adding 1.76 s absolute overhead per
sample. The overhead is dominated by chain-of-thought generation (1.60 s) rather than SID decoding
(0.16 s). For the full test set, the adaptive planner invokes slow reasoning only on 14.8% of sequences,
keeping average latency near 0.65 s/sample and total inference time under 39 minutes, versus 128.7
minutes for uniform slow reasoning. Uniform fast reasoning would take 23.4 minutes, which is 0.6×
the adaptive time, while uniform slow reasoning is 3.3× the adaptive time.
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E.1 Implementation Details

We implement our framework using Qwen3.5-4B[30] as the base LLM. All models are trained and
evaluated on 8 NVIDIA A100 (80GB) GPUs. Below we detail the configurations for each component.

For each dataset, we follow the leave-one-out strategy: the last interaction for each user is used
for testing, the second-last for validation, and all preceding ones for training. We filter out users
and items with fewer than 3 interactions to ensure sufficient sequence length [34]. Item metadata
(title and category) are concatenated as the textual description ti. We generate Semantic IDs with
L = 3 quantization layers and a codebook size K = 256 per layer, resulting in a vocabulary of
3× 256 = 768 SID tokens. The residual k-means model is trained on the item embeddings from text
encoder [37].

E.1.1 Aligned Base Model (Malign)

The base LLM (Qwen3.5-4B) is fine-tuned for 3 epochs with a learning rate of 2e−5 and a cosine
decay scheduler. We freeze all parameters except the embedding matrix of the 768 SID tokens. The
batch size is set to 64 sequences, each truncated or padded to a maximum length of 512 tokens. The
training objective is the standard cross-entropy loss for next-token prediction.

E.1.2 Fast Rec Model (Mfast) and Ranker

Starting from Malign, we train Mfast for 5 epochs on the sequential recommendation task. The
learning rate is reduced to 1e−5 and the batch size is 128. During inference, we use beam search
with a width of k = 50 and a length penalty of 1.0. The prefix trie for valid SIDs is constructed from
the training set’s item catalog.

E.1.3 Slow Rec Model (Mslow) with Collaborative Reasoning

We first generate I2I pairs based on co-occurrence in the same session or sequence. For each pair,
we use Qwen3.5-397B-A17B via API to generate a reasoning explanation, resulting in 20,000 final
triples after filtering low-quality responses (e.g., length < 30 tokens). The teacher model is prompted
with the instruction: “In collaborative filtering, item i and item j are highly correlated. Please explain
why users who purchase i also tend to purchase j?” These triples are mixed with the alignment data
at a 1:1 ratio to fine-tuneMalign for 2 epochs with a learning rate of 1e−6, producing the base model
with collaborative commonsense.

To further trainMslow, we select training sequences whereMfast fails to retrieve the ground truth
within top-50 (hard samples). The model is then optimized using GRPO [38]. We use a sampling
temperature of 0.7, and the policy is updated with a clipping parameter ϵ = 0.2. The reward function
is detailed in Appendix A, with weights set to λhit = 5.0 and λformat = 1.0. The maximum generation
length for the thinking chain is 256 tokens.

E.1.4 Planner Agent (Magent) Training

The agent model is initialized fromMalign. For supervised warm-up, we generate pseudo-labels on
100,000 user sequences from the training set, using the path selection logic in Section 4.4 (with probe
sizes K1 = 10 and K2 = 50). We trainMagent for 3 epochs with a learning rate of 1e−5 and a batch
size of 32. The tool call is formatted as a structured JSON object. For RL fine-tuning, we employ
GRPO for another 2 epochs.
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