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Abstract

Large Language Models (LLMs) have demonstrated powerful reasoning capa-
bilities through Chain-of-Thought (CoT) in various tasks, yet the inefficiency
of token-by-token generation hinders real-world deployment in latency-sensitive
recommender systems. Latent reasoning has emerged as an effective paradigm
in LLMs, performing multi-step inference in a continuous hidden-state space to
achieve stronger reasoning at lower cost. However, this paradigm remains under-
explored in mainstream generative recommendation. Adapting it reveals three
unique challenges: (1) the gap between prior-less Semantic ID (SID) symbols
and continuous latent reasoning—SIDs lack pre-trained semantics, hindering joint
optimization; (2) representation drift due to a lack of reasoning chain supervision;
and (3) the suboptimality of applying a globally fixed reasoning depth. To address
these, we propose LASAR (Latent Adaptive Semantic Aligned Reasoning), an
SFT-then-RL framework. First, we bridge this gap via two-stage training: Stage 1
grounds SID semantics before Stage 2 introduces latent reasoning, ensuring effi-
cient convergence. Second, we mitigate representation drift through explicit CoT
semantic alignment. Step-wise bidirectional KL divergence constrains the latent
reasoning trajectory using hidden-state anchors extracted from CoT text, while a
Policy Head predicts per-sample reasoning depth. Third, during the GRPO-based
RL phase, terminal-only KL alignment accommodates variable-length reasoning,
and REINFORCE optimizes the Policy Head to dynamically allocate steps. This
nearly halves the average latent step count while simultaneously improving rec-
ommendation quality. Experiments on three real-world datasets demonstrate that
LASAR outperforms all baselines. It adds marginal inference latency and is roughly
20x faster than generating explicit CoT text.

1 Introduction

Large Language Models (LLMs) in recommender systems are advancing rapidly along two paths.
One is generative recommendation: P5 [13] and M6-Rec [5] pioneered the unified recommen-
dation pretraining paradigm, TIGER [32] introduced Semantic ID-based generative retrieval, LC-
Rec [57] integrated collaborative semantics into LLMs for direct item ID generation, while other
studies [, [19} 24} 44] further advanced generative recommendation from alignment, indexing, and
collaboration perspectives. MiniOneRec [23] built the first fully open-source generative recommen-
dation framework. The other path is LLM reasoning: CoT [45] 22] improved task performance
by explicitly generating intermediate reasoning steps, while subsequent studies [43] 51 2| [10} 28]
extended the boundaries of explicit reasoning. However, even as DeepSeek-R1 [6] and O1 [30]
have pushed explicit reasoning to its limits, the fundamental bottleneck of reasoning latency remains
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unresolved. To address this, Coconut [[16] proposed moving reasoning from the token space to
the continuous latent space, realizing multi-step latent reasoning through a hidden state feedback
loop, achieving stronger reasoning at lower cost. Subsequent studies [[7, 8,133} [12} 35148, 3, [1.1,139]
advanced this paradigm from various angles.

A natural question arises: can such latent reasoning bring similar benefits to generative recom-
mendation? We survey existing work and find that the intersection remains surprisingly limited. In
traditional discriminative recommendation, ReaRec [41]], LARES [27]], and other studies [55} 150, [37]]
introduced latent reasoning, but they target the ID-embedding discriminative ranking paradigm, not
the mainstream decoder-only generative paradigm. In generative recommendation, GREAM [18]] and
other studies [42] 925/ 152] leverage explicit CoT reasoning, but text generation incurs high latency
and introduces a fundamental tradeoff between reasoning-mode and direct-mode performance, and
GREAM’s own ablation reveals that its RL post-training (SRPO) degrades Direct recommendation
metrics (—5.3% on Instruments), suggesting mode competition. Few preliminary studies [56, [15]]
attempt to introduce latent reasoning into LLM-based recommendation, but either perform only shal-
low single-step attention over history sequences or essentially insert tokens rather than performing
recurrent iteration, so neither realizes the full Coconut-style hidden state feedback loop. To the best of
our knowledge, we are the first to realize complete latent reasoning with recurrent hidden-state
feedback and adaptive step control in mainstream generative recommendation.

After integrating Coconut-style latent reasoning into a generative recommendation framework, we
find it is not a ‘“free lunch”. Directly transplanting Coconut’s training recipe actually degrades
recommendation performance. We identify three challenges unique to the generative recommendation
setting: (1) Semantic grounding gap between prior-less SIDs and latent reasoning. Coconut
works well in NLP because its tokens already carry rich pre-trained semantics. In generative
recommendation, however, Semantic IDs (SIDs) are an entirely new symbolic system constructed
from scratch with zero priors. Jointly training SID learning and latent reasoning forces the model
to simultaneously ground a new symbol system and perform continuous-space reasoning, causing
optimization collapse—without semantic anchors, latent reasoning has no stable foundation to evolve
on (Figure [3). (2) Representation drift. Recommendation lacks ground-truth reasoning chain
supervision: there is no “standard reasoning process” to reference. Directly introducing latent
reasoning without semantic constraints causes hidden states to drift in continuous space toward
meaningless representations, and naively adding latent reasoning without alignment brings negligible
gains (Table[2). (3) Inflexible and inefficient fixed-step reasoning. Coconut and ReaRec both adopt
a globally fixed number of reasoning steps K, applying the same reasoning depth to all samples. A
fixed budget is fundamentally suboptimal: many samples can be correctly answered with minimal
reasoning, while others benefit from deeper inference.

To address these challenges, we propose LASAR (Latent Adaptive Semantic Aligned Reasoning),
the first work to realize complete latent reasoning with recurrent hidden-state feedback and adaptive
step control in mainstream generative recommendation. LASAR follows an SFT-then-RL training
pipeline with systematic solutions for the above challenges:

(1) Two-stage decoupling bridges the semantic grounding gap. Within the SFT phase, latent
reasoning is deferred to Stage 2, after the model has grounded SID semantics and established
basic recommendation capability, resolving the convergence bottleneck and achieving ~3x faster
convergence (Figure[3). (2) Explicit CoT semantic alignment addresses representation drift. We
semantically segment explicit CoT reasoning text, extract hidden states as semantic anchors, and
align each latent step to the corresponding CoT segment anchor via bidirectional KL divergence
(Section[2.3). The goal is not to replicate explicit reasoning, but to anchor the latent states on the
correct semantic trajectory. (3) Policy Head + REINFORCE enables flexible step optimization.
A Policy Head, warm-started during SFT, predicts reasoning depth per sample. Then during the
GRPO-based RL phase, REINFORCE optimizes the Policy Head’s step allocation, nearly halving
the average step count while improving recommendation quality (Section[3.4). At inference, latent
reasoning adds only marginal latency overhead (approximately 20 faster than generating explicit
CoT) (Table ).

Experiments on three real-world datasets show LASAR achieves the best performance on nearly all
metric-dataset combinations. Ablation reveals the failure modes of latent reasoning and confirms that
semantic alignment, Terminal KL, and REINFORCE are all indispensable.



2 Methodology

The Introduction identified three challenges in adapting latent reasoning to generative recommenda-
tion. LASAR addresses them through three corresponding designs: a latent reasoning mechanism with
sample-level adaptive step prediction (Section[2.2)), an SFT phase that bridges the semantic grounding
gap and representation drift via two-stage decoupling and CoT semantic alignment (Section [2.3), and
an RL phase that jointly optimizes generation quality and reasoning efficiency (Section[2.4). We first
define the generative recommendation task, then describe each component in turn.

2.1 Problem Definition

Let Z be the set of items, where each item ¢ € 7 is associated with text features (e.g., title, description).
Given a user’s chronological interaction history S = {iy,4s,...,14:}, the objective of sequential
recommendation is to predict the next item 4,1 the user will interact with.

Item Tokenization. To leverage the generative power of LLMs, each item i is represented as a unique
sequence of M hierarchical discrete tokens, termed Semantic ID (SID). An item ¢ is mapped to its
SID via a quantization function Q(+) applied to its text embedding e;:

SID(i) = Q(e:) = (s1,82,...,5m), s;€CY, (1)
where C7) denotes the j-th codebook. We follow the Residual Quantization K-Means pipeline, which

has been shown to be a strong choice in generative recommendation [[18, 20]. The resulting tokens
are integrated into the LLM’s vocabulary as special identifiers to capture collaborative signals.

Generative Recommendation. In this framework, the recommendation task is reformulated as
conditional sequence generation. We construct the input token sequence X by combining a natural-
language prompt (texty, e.g., task instructions, user or item textual descriptions) with the SID token
sequences of the user’s history S: X = [texty, SID(i1), SID(i2), ..., SID(i;)|, where each
SID(i;) = (s1,...,sn) contributes M special tokens. The model generates the target sequence
Y = SID(iy1) autoregressively:
M
p(Y | X;0) = [[ p(yr | X, 91, yk-15©), ©))

k=1

where y;, is the k-th token of the target SID and © denotes the backbone parameters. Our work
primarily focuses on the architectural design of the backbone © to better capture the complex
dependencies within p(Y | X).

2.2 Latent Reasoning Mechanism

LASAR is built on a backbone LLM and performs multi-step reasoning in continuous latent space
through a hidden-state feedback loop (Figure[I). The training follows an SFT-then-RL paradigm: the
SFT phase (Section[2.3) establishes latent reasoning capability with CoT semantic alignment, and the
RL phase (Section [2.4) jointly optimizes generation quality and reasoning efficiency.

Latent Token Design. Three special tokens, <s> (start), <t> (thought, repeated N times), <e> (end),
are inserted between the prompt and answer, forming [Prompt] <s> <t>XN <e> [Answer].
Unlike Coconut and ReaRec’s globally fixed step count K, LASAR predicts a sample-specific IV via
a Policy Head (Section[2.2).

Recurrent Latent Loop. The core mechanism is a hidden-state feedback loop. Let hy € R” denote
the last-layer hidden state at the final prompt token. The latent reasoning proceeds as:

) ho = fo(X), he = fo(E:), t=1,...,N, 3)
where E; = [Ex, ho, h1, ..., hi_1] is the augmented input embedding sequence, where Ex
denotes the token embeddings of X . Each subsequent position replaces the standard token embedding
with the previous step’s hidden state h;_;. After IV iterations, the answer segment is generated
autoregressively starting from hy, reusing the accumulated KV cache to avoid recomputing the
prompt and latent steps. This design realizes the Coconut-style continuous-space reasoning loop [[16]:
intermediate states are unobservable dense vectors, and the model iteratively refines its reasoning
without generating any discrete tokens.

Adaptive Step Allocation via Policy Head. The Policy Head is a two-layer MLP that predicts the step
count NN from the prompt-final hidden state ho: 7y (- | ho) = Softmax (W - tanh(W7 - ho +by) + b2)
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Figure 1: LASAR framework overview. A hidden-state feedback loop iteratively refines latent
tokens in continuous space, while a Policy Head predicts per-sample reasoning depth N for adaptive
reasoning. SFT: two-stage decoupling + step-wise bidirectional KL alignment with CoT anchors. RL:
GRPO (generation quality) + REINFORCE (adaptive reasoning efficiency) + Terminal KL (semantic
consistency).

with output dimension Ny,.x (maximum reasoning steps, default 8). During SFT, the head uses
N = argmax(my) and is trained with cross-entropy loss, where the number of CoT semantic
segments per sample (Section[2.3) serves as the supervision label. During RL (Section[2.4), the head
switches to sampling N ~ 74 and is optimized via REINFORCE (Section @ A key advantage
of pre-predicting N before the latent loop is that all beams of the same prompt share the same N,
making the computation graph fully determined during rollout and simplifying batch beam search.
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Figure 2: Batch layout for variable N.
parallelism (Figure 2} Appendix [ET).

2.3 SFT Phase: Building Semantically Anchored Latent Reasoning (Challenge 1 & 2)

The SFT phase addresses the first two challenges identified in the Introduction: (1) the semantic
grounding gap between prior-less SIDs and latent reasoning, and (2) representation drift. With the
latent reasoning mechanism defined above, we now describe how it is trained.

CoEvergence: Mixed Training vs Two-Stage Decoupled

Why decoupling is necessary. Unlike NLP tokens that carry ——
pre-trained semantic priors, SID tokens are constructed from N T | et i o
scratch with zero prior semantics. Joint training forces the e

model to simultaneously ground a new symbolic system and e T
perform continuous-space reasoning—without semantic an-

chors, latent reasoning has no stable trajectory to follow. Fig-

ure [3] confirms this: mixed training starts with evaluation

loss as high as 3.5-3.9 and converges extremely slowly: af-
ter 10 epochs, loss remains above 1.8 (Ir=3x10~%) or 2.9
(Ir=5x1073). Counterintuitively, increasing the learning rate
from 3x10~% to 5x10~3 slows convergence rather than accelerating it, suggesting that the two
objectives actively interfere rather than merely lacking optimization capacity.
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Figure 3: Two-stage decoupling vs.
mixed training convergence.



We therefore adopt a two-stage decoupling strategy. Stage 1 serves as a semantic grounding phase:
the model learns to generate the recommended item’s SID via cross-entropy loss, establishing the
SID-to-item semantic mapping so that each symbol acquires stable meaning. After Stage 1 converges,
Stage 2 introduces the latent reasoning mechanism (Section [2.2)) with CoT semantic alignment, now
able to reason on a stable semantic foundation. In contrast to mixed training, two-stage decoupling
starts from 1.79 (Stage 1 has already grounded SID semantics), and Stage 2 converges to ~1.44
within 4 epochs, reducing total training time from 20+ hours to approximately 6 hours.

While decoupling resolves the semantic grounding gap (Challenge 1), representation drift (Chal-
lenge 2) remains: latent reasoning in continuous space lacks the natural constraints of discrete tokens,
and hidden states can drift toward meaningless representations without explicit semantic guidance.
We address this through CoT semantic alignment, anchoring the latent reasoning trajectory to explicit
CoT reasoning segments.

CoT Semantic Alignment. Ablation (Table 2) confirms representation drift: naively adding latent
reasoning without alignment degrades performance. To prevent this, we anchor each latent reasoning
step to explicit CoT semantic segments during SFT, and switch to terminal-only alignment during RL
(Section to support variable-length reasoning.

Explicit CoT Anchor Construction. The key insight is that explicit CoT reasoning provides a
natural trajectory for latent reasoning to follow. Concretely, a large model (e.g., GPT) generates
CoT reasoning text per training sample for alignment supervision only. At inference, LASAR
requires no CoT text. The CoT text is semantically segmented using an embedding model (e.g.,
bge-small-en-v1.5) [46]. The same backbone model then encodes each segment (offline, before
training) and extracts the last-token hidden state from the final Transformer layer as pre-computed
alignment anchors. This design shares similarities with CODI [36]’s self-distillation, as both guide
latent reasoning through hidden states from explicit reasoning, but with a key difference: CODI
uses L1 loss for single-token alignment only at the answer generation position, whereas we perform
multi-step alignment between each latent step and the corresponding explicit CoT segment during
SFT, using bidirectional KL divergence to preserve probability distribution shape. The number of
resulting segments also serves as the supervision label for the Policy Head’s step prediction.

Step-wise Bidirectional KL Alignment. The SFT phase adopts a step-wise alignment strategy:
aligning each latent step’s hidden state with the corresponding explicit CoT segment’s hidden state
via bidirectional KL divergence:

N
1 idir col
Luign = +- > DRt (b, B )
t=1

where Dl (a, b) = § (D (Softmax(a)||Softmax (b)) + Dy (Softmax(b)||Softmax(a))), hy is the
hidden state from latent step ¢ (Eq. , and h$*" is the hidden state obtained by encoding the ¢-th
explicit CoT segment through the same backbone.

We adopt bidirectional KL over cosine distance or MSE because it preserves distributional shape
information. Ablation (Section[3.3) confirms it is the only alignment method among the compared
alternatives yielding positive improvement.

SFT Total Loss. The Policy Head is trained with cross-entropy loss using the number of CoT
semantic segments as labels for warm start. The total SFT loss combines all objectives: Lgpr =
Lcg + aatign - Latign + Bpolicy * Lpolicy> Where Lcg is the SID generation loss (answer tokens only),
Lpolicy 1s the Policy Head CE loss, and Ljgy is the step-wise bidirectional KL loss.

2.4 RL Phase: Joint Quality and Efficiency Optimization (Challenge 3)

The SFT phase provides the Policy Head with initial step prediction via CE loss, but fixed CoT
segment labels do not directly optimize recommendation quality or reasoning efficiency. The RL
phase addresses this through three coordinated objectives: GRPO (generation quality), REINFORCE
(step optimization), and Terminal KL (semantic alignment).

GRPO — Generation Quality Optimization. For each prompt, G candidates are generated, and
the reward combines exact match and ranking quality following prior work [23]]: » = e + "NDCG»
where 7y is binary (1 if hit, O otherwise) and rNpcg penalizes non-target candidates by ranking
position (formal definitions in Appendix [E.5). The clipped GRPO objective with KL penalty is:

Lgreo = —E [min (Pi(@)Aia clip(pi(©),1-¢, 1+5)Ai)] + B Dxu (7"9H7Tfef) ®)



where 7g is the backbone policy, m.r a frozen reference, p;(©) = :")tg m ,

€ is the clipping ratio,

o M
and A; = =Gy

REINFORCE — Adaptive Step Optimization. The CE-trained Policy Head provides a warm-start
step distribution, but the label distribution is determined by the segmenter’s granularity rather than
by what benefits recommendation quality. REINFORCE directly optimizes step allocation through
reward-guided exploration, enabling the Policy Head to learn more efficient distributions that improve
recommendation quality while reducing average step count. During the RL phase, the Policy Head
samples N ~ my(- | ho) (differing from the SFT phase’s argmax), and the sampling strategy is
optimized via the REINFORCE algorithm:

LreinrorcE = —En ey [(Rgoup — bema — AN) - log 7y (N | ho)] — n - H(mg) (6)

is the group-normalized advantage [34].

where Rgroup i8 the group-level reward for the current prompt (averaged over G candidates), bpma is
the exponential moving average baseline of reward (reducing variance), AV is the step count penalty
(encouraging efficiency), and H (7,) is an entropy regularization term with coefficient 1 (preventing
degeneration to a less diverse step count). Switching from argmax to sampling enables REINFORCE
to learn better step allocation through exploration. The warm-start distribution established by SFT
ensures meaningful exploration starting points rather than starting from a random policy.

Terminal KL. — Semantic Alignment for Variable-Length Reasoning. The SFT phase’s step-wise
alignment requires each step to correspond to a fixed CoT segment, which is no longer applicable
during RL: N is dynamically sampled, producing variable-length reasoning chains that cannot be
aligned step-by-step to the fixed-length CoT anchors.

Therefore, the RL phase switches to a Terminal-only strategy: aligning only at the last latent step
of the reasoning chain, Lreminakr. = DRI (hy, h$%,), where hy is the final latent hidden state
from Eq.[3|and h{, is the hidden state of the last explicit CoT segment. This ensures the reasoning
endpoint stays on the correct semantic trajectory regardless of IN. The terminal KL loss is added

directly to the total loss.

RL Total Loss. The three components are combined as Lt = LGrro + YKL * LTerminal KL + YRF *
Lrenrorce. The three components are coordinated: GRPO improves generation quality, Terminal
KL maintains semantic consistency, and REINFORCE optimizes reasoning efficiency. Ablation
(Section [3.3) confirms that all three components are indispensable.

3 Experiments

We evaluate LASAR on three Amazon product review datasets to answer four questions: (RQ1) Does
LASAR outperform traditional, generative, latent-reasoning, and explicit-CoT methods (Section [3.2))?
(RQ2) What are the individual contributions of latent reasoning, alignment, and REINFORCE
(Section[3.3)? (RQ3) Does adaptive step allocation outperform fixed configurations (Section [3.4)?
(RQ4) What are LASAR’s efficiency and scaling properties (Section [3.5)?

3.1 Experimental Setup

Datasets. We evaluate on three Amazon product review datasets [29]], Beauty, Instruments, and Sports,
which are widely recognized benchmarks in sequential recommendation research. We apply the 5-core
filtering protocol and adopt the leave-one-out evaluation, following prior works 21440, 17,132}157,123]].
Beauty has 22K users, 12K items, and 176K interactions; Instruments has 25K users, 10K items,
and 74K interactions; Sports has 36K users, 18K items, and 107K interactions. Sparsity ranges from
99.935% to 99.984%. See Table[6]in Appendix [B]for detailed dataset statistics.

Baselines. We compare against six baselines spanning four categories: traditional sequential models
(SASRec [21], GRU4Rec [17]), LLM-based generative methods (LC-Rec [57], MiniOneRec [23])),
latent reasoning (ReaRec [41])), and explicit CoT reasoning (GREAM [[18]]). All generative baselines
share the same base model, prompt, and training data; performance differences thus reflect the
reasoning mechanism alone. For GREAM, we retain its core CoT chain but strip the 19 augmentation
prompts to MiniOneRec’s prompt and adopt its own ablation’s strongest configuration denoted
Explicit CoTgream. See Appendix [D|for details.

Evaluation Metrics. We report NDCG@ K and Hit Rate@K for K € {5, 10,20} (Appendix |C).
Beam search width is set to 50 for all generative methods; at inference, the model autoregressively



Table 1: Main results across three Amazon datasets. Best in bold, second-best underlined.

Model N@5 N@10 N@20 HR@5 HR@10 HR@20
LASAR 0.0121 0.0152 0.0188 0.0185 0.0280 0.0425
Explicit CoTgream 0.0089 0.0118 0.0153 0.0138 0.0228 0.0370
2 MiniOneRec 0.0099 0.0126 0.0152 0.0155 0.0237 0.0339
g ReaRec 0.0086 0.0112 0.0143 0.0151 0.0233 0.0355
n LC-Rec 0.0081 0.0100 0.0118 0.0123 0.0184 0.0254
GRU4Rec 0.0062 0.0080 0.0101 0.0090 0.0147 0.0232
SASRec 0.0060 0.0074 0.0094 0.0089 0.0132 0.0212
LASAR 0.0612 0.0667 0.0730 0.0763 0.0937 0.1184
a Explicit CoTgream 0.0574 0.0621 0.0674 0.0703 0.0850 0.1060
8 MiniOneRec 0.0604 0.0640 0.0677 0.0715 0.0826 0.0974
£ ReaRec 0.0494 0.0548 0.0604 0.0705 0.0873 0.1095
é LC-Rec 0.0533 0.0561 0.0587 0.0616 0.0701 0.0803
S SASRec 0.0449 0.0475 0.0502 0.0536 0.0617 0.0725
GRU4Rec 0.0422 0.0454 0.0489 0.0527 0.0629 0.0769
LASAR 0.0239 0.0303 0.0366 0.0365 0.0563 0.0813
Explicit CoTgream 0.0228 0.0293 0.0365 0.0351 0.0553 0.0837
2 MiniOneRec 0.0232 0.0295 0.0358 0.0352 0.0542 0.0795
2 ReaRec 0.0201 0.0255 0.0307 0.0296 0.0464 0.0673
@ LC-Rec 0.0178 0.0222 0.0261 0.0260 0.0407 0.0592
SASRec 0.0159 0.0195 0.0229 0.0232 0.0343 0.0480
GRU4Rec 0.0144 0.0190 0.0242 0.0226 0.0370 0.0573

generates M/ SID tokens per candidate, and beam search ensures that the top-K items are ranked by
joint token probability.

Implementation Details. All generative methods share the same SID encoding, training data, and
prompt format. CoT reasoning text follows GREAM’s structured format, while the input prompt
is simplified to MiniOneRec’s template for fair comparison. We use Qwen3-0.6B [49] as the base
model and further scale to 1.7B (Section , optimized with AdamW (cosine LR schedule with
0.08 warmup). Each item is represented as M =4 SID tokens (i.e., 256 unique codes). Teacher CoT
reasoning text is generated by GPT-5 (see Appendix for the prompt template and CoT examples).
Stage 1 (SID alignment) runs with Ir 5x 10~%; Stage 2 (latent loop) with Ir 5x 10, both with early
stopping. RL uses GRPO with Ir 10~°, G=8 generations, KL penalty =103, and REINFORCE
step penalty A=5x10"*. All experiments run on 8 xL40 (48 GB). See Table[7|in Appendix @ for the
full hyperparameter table and candidate ranges.

3.2 Main Results (RQ1)

Table[T|presents the results across all three datasets under NDCG and Hit Rate at =5, 10, 20. Among
all methods, LASAR achieves the best performance on nearly all metric—dataset combinations, with
the sole exception of Beauty HR@20 where Explicit CoT yields marginal gains at high recall
cutoffs. A clear trend emerges: gains are largest on the sparsest dataset and consistent across
others. On Sports (most sparse), LASAR outperforms MiniOneRec by a large margin, while on
Instruments and Beauty, the advantage is more modest but consistent, suggesting latent reasoning is
particularly beneficial under high sparsity, where the model’s semantic understanding compensates
for limited collaborative signals. Notably, LASAR consistently outperforms both direct generation
and explicit CoT reasoning. The latter’s limited gains may stem from representation interference:
teaching the model to decode discrete reasoning text creates tension between language modeling and
collaborative filtering objectives. LASAR avoids this by reasoning entirely in continuous latent space,
injecting multi-step reasoning without disrupting the SID generation objective. Bootstrap tests show
significance on Sports and Instruments (p < 0.05), and marginal significance on Beauty (p < 0.1,
except K=20).

3.3 Ablation Studies (RQ2)

We next decompose LASAR to understand which components drive its gains. Table [2]and Table[3]
present ablations across the SFT and RL phases, examining the latent reasoning mechanism, alignment
method, two-stage decoupling, and RL objectives individually.

SFT Phase Ablation. Table [2| compares different alignment strategies during the SFT phase on
Beauty (see Table[9|for Sports and Instruments). Latent reasoning without alignment yields almost
no improvement over the Pure SFT baseline (+-0.4% NDCG@10), confirming that latent reasoning



requires alignment to be effective. Among the three alignment variants, only KL divergence yields
positive improvement, whereas Cosine and MSE both underperform even the no-alignment baseline,
indicating that alignment choice is critical: KL divergence preserves distributional shape, whereas
simpler metrics collapse the representation structure.

Table 2: SFT-phase ablation on Beauty: alignment methods.

Model Two-Stage Latent Alignment N@5 N@10 HR@5 HR@10 AN@I0
Pure SFT (MiniOneRec) - 0.0212 0.0277 0.0329  0.0531 -
+ Latent (w/o align.) v v None 0.0207 0.0278 0.0327  0.0550 +0.4%
+ KL Alignment v v KL 0.0217 0.0285 0.0340  0.0552 +2.9%
+ Cosine Alignment v v Cosine 0.0211 0.0277 0.0341  0.0543 0.0%
+ MSE Alignment v v MSE 0.0187 0.0245 0.0295  0.0477 —11.6%

RL-Phase Ablation. The SFT ablation confirms that KL alignment enables latent reasoning to work,
and we now ask whether the three RL components (GRPO, Terminal KL, REINFORCE) are equally
indispensable. Table 3] presents the RL-phase ablation on Beauty, chosen for its large interaction
count (176K) that provides stable gradient signals. Key findings are further validated on Sports in

Section[3.41 ) . .
Table 3: RL-phase ablation on Beauty. A: relative to previous row.

Model Latent Terminal KL REINFORCE N@5 N@10 HR@5 HR@10 Mean N AN@IO
MiniOneRec N/A N/A N/A 0.0232  0.0295 0.0352  0.0542 N/A -
RL w/ latent reasoning v 0.0227 0.0287 0.0346  0.0533 3.59 —2.7%
+ Terminal KL Alignment v v 0.0233  0.0294 0.0353  0.0543 4.20 +2.4%
+ REINFORCE (LASAR) v v v 0.0239  0.0303 0.0365  0.0563 2.47 +3.1%

Naively adding latent reasoning without proper RL training degrades performance, confirming
latent reasoning is not a free improvement. Terminal KL alignment recovers this drift and
improves NDCG @10, but also increases Mean N: alignment makes each step productive, and
without REINFORCE's step penalty there is no incentive to compress depth. Adding REINFORCE
further improves NDCG @ 10 while compressing Mean N from ~4.2 to ~2.5, demonstrating step
compression and quality improvement are concurrent. Terminal KL and REINFORCE each
provide independent and complementary gains.

3.4 Step Optimization Analysis (RQ3)

The ablation in the previous section showed that REINFORCE effectively compresses reasoning
steps while improving quality. We now investigate this mechanism in detail: whether adaptive step
allocation outperforms fixed configurations, and how REINFORCE reshapes the step distribution
during training. We note that the SFT supervision labels (Teacher CoT segment counts) correlate
positively with sample complexity: on Sports, 83.4% of samples have 3 segments (avg. history length
6.9, category diversity 6.2), 16.3% have 4 segments (hist. 8.5, cat. div. 7.5), and 0.2% have 5 segments
(hist. 9.8, cat. div. 8.8) (Table [§] in Appendix [F)), confirming the Policy Head learns meaningful
difficulty-aware depth allocation during SFT.

Force N Experiment: Adaptive Outperforms All Fixed Configurations. Figure[dalcompares adap-
tive sampling against three fixed-/N configurations on Sports. Adaptive (HR@ 10 = 2.80%) surpasses
all fixed configurations. Notably, fixed N =4 performs worst (1.93%): forcing all samples through 4
latent iterations introduces unnecessary interference, whereas N=1 preserves representations without
disruption.

HR@10 NDCG@10 SFT (CoT Distillati RL Sample (After REINFORCE)

0)

HR@10 (%

Proportion (%)

NDCG@10 (<101 %)

] - 1 lnm HDDD--,

el n4 8 sample. -1 =4 -8 sample
(adaptive) (adaptive)

T 3 4 5 6 71 % T3 i 5 6 1 %
Reasoning Steps (N) Reasoning Steps (N)

(a) Force N comparison. (b) Step distribution: SFT vs. RL.

Figure 4: Adaptive step allocation on Sports: adaptive IV outperforms all fixed configurations, and
RL redistributes steps toward fewer but better-allocated depths.

RL Dynamics and Per-N Analysis. Figure [5a]tracks the RL training dynamics on Sports: Mean
N drops sharply from ~3.4 to ~1.9 in early training and stabilizes, while Reward rises consistently.
REINFORCE thus compresses the average step budget without sacrificing—and indeed improving—
quality (Table3)). Figure #b]shows the distribution shifts from SFT’s concentrated N=3,4 (99.7%)
to a broader N=1-8 coverage (Mean = 2.47).



Crucially, REINFORCE does not simply minimize depth. Per-N analysis (metrics per step count;
Figure [5b) reveals that the Policy Head learns a selective allocation strategy: most samples receive
shallow reasoning (/N <4) for efficiency, while the hardest cases are assigned deep reasoning (/N >7).
The intermediate depths (N=5, 6) see few samples and lower HR@10, as they are neither efficient
nor thorough enough. The key evidence is the gap between Force N and per-NV results: forcing all
samples to N=4 yields the worst result (1.93%), yet the Policy Head achieves 3.38% at N=4 for
selected samples—confirming it identifies which samples genuinely benefit from deeper reasoning.

RL Traini Reward T While Steps | (Sports) HR@10 by Sampled Reasoning Steps
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Z
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(a) RL training dynamics. (b) Per-N HR@10.
Figure 5: (a) RL training dynamics on Sports: Mean N drops early then stabilizes while Reward
rises. (b) Per-V HR@10: non-monotonic relationship with a peak at N=4 among mid-range depths,
as the Policy Head selectively assigns deeper reasoning to samples that benefit.
3.5 Inference Efficiency and Model Scaling (RQ4)

Beyond recommendation quality, latent reasoning avoids the latency overhead of explicit text gen-
eration. We now evaluate LASAR'’s inference efficiency and its scalability to larger models.
Table 4: Inference efficiency.

Inference Efficiency. Table [d] summarizes inference la- puwa v TimerSample ) Total Time
tency across all three datasets under beam width S0 on =~ MinOwckee 021 l2min
8xL40. LASAR adds only negligible overhead over Min- Expll CTenno (€O Gen) o
iOneRec (~7-16% depending on dataset), with latent rea-  mswumens LASAR ot 02 1smin
soning contributing tens of milliseconds per sample. In T r— ' 030 Zzmn
contrast, generating explicit CoT text (GREAM’s reason- ™™ Kk oo ot cen) o e

ing mode) is over 20x slower, since all of its overhead

comes from autoregressive decoding of long reasoning chains before producing the final recommen-
dation. This trend is consistent, placing LASAR at the Pareto-optimal position on the efficiency—
effectiveness frontier.

Model Scaling. To assess scalability, we scale from the de- Table 5: Model scaling on Beauty.

fault Qwen3-0.6B to Qwen3-1.7B (LoRA) on Beauty, both 0.6B Full FT 175 LoRA
trained with SFT+RL. Table[5]shows LASAR achieves the  wmethoa N@I0 HR@I0 N@I10 HR@I0
best performance at both scales. Both LASAR and Min- LAsAR 0.0303  0.0563 00307 0.0592

MiniOneRec 0.0295  0.0542  0.0299  0.0556

iOneRec improve comparably in N@ 10, confirming that Explicit CoTgreant 0.0293  0.0553 00205 0,056

latent reasoning does not limit capacity gains. However,
LASAR’s HR@ 10 improvement notably exceeds MiniOneRec’s, suggesting latent reasoning benefits
more from additional capacity at top-ranked positions. Explicit CoTgream shows the smallest gains,
indicating its discrete token decoding bottleneck limits scaling benefits.

4 Conclusion

This paper proposes LASAR, the first framework to realize complete latent reasoning with recurrent
hidden-state feedback and adaptive step control in mainstream decoder-only generative recommenda-
tion. Through two-stage SFT decoupling, explicit CoT semantic alignment with bidirectional KL
divergence, and REINFORCE-based adaptive step optimization, LASAR simultaneously improves
recommendation quality and reduces inference cost. Experiments on three datasets show that LASAR
surpasses all baselines, with the largest gains on the sparsest dataset. Ablation confirms that semantic
alignment, Terminal KL, and REINFORCE are all indispensable.

Limitations and future work. A shared challenge across Coconut-style latent reasoning methods is
that the hidden-state feedback loop precludes teacher forcing on latent tokens, requiring sequential
forward passes that are difficult to parallelize. This is a systemic bottleneck for the paradigm
rather than specific to LASAR. Future work may explore efficient execution strategies for the latent
loop, and extend latent reasoning to broader recommendation scenarios such as conversational and
cross-domain settings.
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A Related Work

A.1 From Explicit to Latent LLM Reasoning

LLM reasoning capability has become a central research direction in recent years. Wei et al. [45] first
proposed Chain-of-Thought (CoT) prompting, significantly improving complex task performance
by explicitly generating intermediate reasoning steps. Subsequently, Kojima et al. [22] discovered
that simply prompting “Let’s think step by step” elicits zero-shot reasoning, while subsequent
studies [43] 51} 2} 10} 28] extended the boundaries of explicit CoT from angles including multi-
sample majority voting, tree/graph-structured search, and theoretical expressiveness. However, the
fundamental cost of explicit CoT lies in token-by-token reasoning text generation, with latency
scaling linearly with chain length. Even as DeepSeek-R1 [6] and OpenAl O1 [30] have pushed
explicit reasoning to its limits through RL, and Snell et al. [38] provided optimal test-time compute
allocation strategies, the generation cost of explicit reasoning remains a fundamental bottleneck.

To break this bottleneck, researchers have begun exploring the transfer of reasoning from the discrete
token space to the continuous latent space. The core paradigm is: feed the hidden state from one LLM
layer directly as the input embedding for the next step, iteratively refining reasoning through multi-
step recurrent loops in continuous space, with intermediate states being unobservable dense vectors
rather than readable discrete tokens. Under this definition, simply inserting additional learnable
tokens or adding single-shot cross-attention does not constitute this form of latent reasoning.

Hao et al. [16]’s Coconut is the pioneering work of this paradigm: feeding the last-layer hidden
state as the next-step input embedding, realizing multi-step latent recurrent reasoning without
generating any explicit tokens. Coconut adopts progressive curriculum training and discovers
that latent space naturally supports BFS-like parallel path exploration. Its precursor works include
Deng et al. [7} (8], which gradually internalize explicit reasoning into latent reasoning via knowledge
distillation. Contemporaneously, Goyal et al. [[14] and Pfau et al. [31] showed that inserting learnable
virtual tokens can allocate additional computation to the model, but such discrete-token reasoning
is significantly weaker than Coconut’s continuous recurrent representations [16]. Cheng and Van
Durme [4] and Yu et al. [53] also explored different paths of compressing explicit reasoning into
latent space.

Along the Coconut line, follow-up work includes: Looped Transformers [33] proving that the same
set of parameters recurrently executed multiple times is equivalent to increasing model depth without
adding parameters; Huginn [12] adopting a prelude-core-coda architecture to realize deep recurrent
latent reasoning, achieving performance comparable to larger models through test-time compute
scaling; CODI [36] compressing explicit CoT into continuous space via self-distillation, matching
CoT-SFT performance in a single training step. In diverse explorations, Heima [35] compresses each
CoT step into a single thinking token; SoftCoT [48] generates soft thinking tokens through a frozen
LLM plus trainable projection module to avoid catastrophic forgetting; LaTRO [3]] optimizes latent
reasoning through variational inference and self-rewarding mechanisms. In adaptive reasoning, Think-
at-Hard [[11]] selectively triggers latent iterations based on token difficulty, and Token-Assorted [39]]
explores mixed reasoning with latent and text tokens.

In summary, latent reasoning has achieved significant progress in math and logic reasoning domains,
but none of these methods have entered the mainstream decoder-only generative recommendation
domain. This paper aims to fill exactly this gap.

A.2 LLM-based Generative Recommendation

Recommender systems are undergoing a shift from the traditional ID-embedding discriminative
paradigm toward an LLM-driven generative paradigm. Traditional sequential recommendation
methods such as SASRec [21], BERT4Rec [40], and GRU4Rec [17] use self-attention or bidirectional
encoders to extract preference representations from user interaction sequences, computing item scores
via dot-product for ranking, a typical discriminative paradigm.

With the rise of LLMs, a series of works have reformulated recommendation as a sequence generation
problem. Geng et al.’s P5 [[13]] and M6-Rec [5] pioneered a unified recommendation pretraining
paradigm, unifying diverse recommendation signals into a text generation format. TALLRec [[1]
further explored parameter-efficient alignment of LLMs with recommendation. In the generative
retrieval direction, Rajput et al.’s TIGER [32] groundbreakingly modeled recommendation as token-
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by-token generation of Semantic IDs, and subsequent work [[19] systematically studied semantic
indexing methods for item IDs. Building on these foundations, LC-Rec [57]] integrated collaborative
semantic information into LLMs, training them via SFT to directly generate recommended item
IDs. Other studies 24! 44] advanced generative recommendation efficiency and effectiveness from
perspectives of LLM-based sequential recommendation, single-LLM semantic tokenization, and
behavior-semantic dual-stream collaboration, respectively. Recently, MiniOneRec [23] built the first
fully open-source generative recommendation framework upon a streamlined OneRec, providing a
complete LLM generative recommendation SFT+RL post-training pipeline and a solid foundation for
our work.

In the reasoning-enhanced direction, GREAM [18] proposed applying CoT explicit reasoning to
generative recommendation, but the high generation latency of explicit CoT constrains its practical
deployment efficiency. Other studies [42} 9] [25] 52] also explored combining LLM reasoning with
recommender systems from different angles, but all rely on explicit textual reasoning chains. Overall,
existing generative recommendation methods lack exploration of multi-step recurrent reasoning
mechanisms in continuous latent space.

A.3 Latent Reasoning in Recommendation

Bringing the above latent reasoning paradigm into recommender systems is a frontier direction.

Latent recurrent reasoning for traditional sequential recommendation. ReaRec [41] realizes
latent reasoning within a SASRec-style architecture, trained with temperature annealing and reasoning-
aware contrastive learning, but uses globally fixed step counts. LARES [27] proposes a depth-
recurrent latent reasoning framework, repeatedly refreshing all input token hidden states through
the same set of Transformer layers at each step to increase computation density, with a two-stage
strategy of self-supervised pretraining plus RL post-training. STREAMRec [S5] introduces stepwise
reasoning in sequential recommendation from the “slow thinking” perspective. ManCAR [50]
explicitly identifies the representation drift problem in latent reasoning, proposing a collaborative
manifold built from interaction graphs to constrain reasoning trajectories. LCR-SER [37]] performs
latent cross-modal reasoning through dual-tower cross-attention iteration in a joint search-and-
recommendation scenario, but this is essentially an information fusion mechanism rather than a
hidden state feedback loop. The common limitation of the above methods is that they are based on
the ID-embedding + dot-product discriminative ranking paradigm, a different technical route from
LASAR’s LLM decoder-only generative recommendation.

Latent reasoning explorations in generative recommendation. LatentR? [56] is among the few
works introducing latent reasoning into LLM-based recommendation; its LatentRATT module uses
modified GRPO for two-stage training, but reasoning only extracts information from the LLM’s
final hidden state through single-layer attention. S>?GR [[13] inserts thinking tokens in generative
retrieval and aligns them with SIDs, but this is essentially sequence insertion rather than recurrent
iteration. Neither realizes the Coconut-style multi-step hidden state feedback loop in generative
recommendation.

Key distinctions from LASAR. To our knowledge, LASAR is the first work to realize complete latent
reasoning with recurrent hidden-state feedback and adaptive step control in mainstream generative
recommendation, with the following core features: (1) multi-step hidden state feedback loop with
beam search; (2) explicit CoT semantic alignment (bidirectional KL) to prevent representation drift;
(3) Policy Head + REINFORCE for sample-level adaptive step optimization. Systematic literature
surveys [26] 47, 54] indicate that latent reasoning research in recommender systems is still in its
early stages. LASAR pioneers the organic integration of latent recurrent reasoning, LLM generative
recommendation, and adaptive computation.
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B Dataset Statistics

Table [6] summarizes the statistics of the three Amazon review datasets used in our experiments.

Table 6: Statistics of the three Amazon review datasets used in experiments.

Dataset #Users #Items #Interactions  Sparsity #Test Samples
Beauty 22,363 12,101 176,139  99.935% 22,363
Instruments 24,772 9,922 74,316 99.970% 24,772
Sports 35,598 18,357 106,794  99.984% 35,598

C Evaluation Metrics

We adopt leave-one-out evaluation: the last interaction of each user is held out as the test item. For
each user, the model generates a ranked list of candidates via beam search, and the following metrics
are computed against the ground-truth next item.

Hit Rate@ K (HR@ K). Measures whether the ground-truth item appears in the top-K ranked list:

1 if ground-truth item € top-K
0 otherwise

HR@K = { @)

Normalized Discounted Cumulative Gain@ K (NDCG@ K). Assigns higher scores when the
ground-truth item is ranked closer to the top. With a single ground-truth item at rank r (where r=1 is
the highest):

—L _ ifr<K

NDCG@K = { Pe(rFD) "1 =" )

0 otherwise
where the ideal DCG (IDCG) is 1 since there is exactly one relevant item, making the normalization
trivial.

We report both metrics at K € {5, 10,20}. Results are averaged over all test users.

D Baseline Details

Traditional sequential models. SASRec [21] applies the self-attention mechanism to sequential
recommendation, adaptively weighting historical items to capture long-term user preferences.
GRU4Rec [17] is a pioneering session-based recommendation model that uses GRU to model
user click sequences, representing the classical RNN-based approach.

LLM-based generative methods. LC-Rec [S7] bridges collaborative filtering signals with LLM
semantics through vector-quantized discrete item indices and multi-task alignment, enabling LLMs
to perform end-to-end generative recommendation. MiniOneRec [23] is a compact generative
recommender that directly generates item IDs autoregressively without additional reasoning. It shares
the same base model and prompt format as LASAR, ensuring that any performance difference reflects
the reasoning mechanism rather than model capacity or prompt design.

Latent reasoning. ReaRec [41]] performs multiple forward passes in continuous hidden space with a
globally fixed step count, trained with progressive reasoning curriculum and contrastive alignment.
We adopt its published implementation as a representative latent reasoning baseline.

Explicit CoT reasoning. GREAM [18] is a multi-component framework integrating (1) 19
collaborative-semantic alignment prompts for data augmentation, (2) structured multi-step CoT
reasoning supervision, and (3) SRPO reinforcement learning post-training. We retain GREAM’s
core CoT reasoning chain while simplifying the 19 alignment prompts to MiniOneRec’s prompt
format, ensuring that all generative baselines share identical input—output templates and training
data. GREAM’s own ablation explores all combinations of inference mode (generating CoT text vs.
answering directly) and training strategy (SFT vs. SFT+RL); we adopt its strongest configuration
(CoT SFT + direct answer inference). We denote this variant as Explicit CoTgrgam in result tables.
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E Engineering Implementation Details

Table|/|lists the key hyperparameters used across all experiments.

Table 7: Implementation details and hyperparameters.

Parameter Value

Optimizer AdamW

Batch size 512

LR scheduler Cosine, warmup ratio 0.08
Max sequence length 512

Stage 1 epochs 10

Stage 1 learning rate 5x 1074

Stage 2 epochs 20

Stage 2 learning rate 5x107°

Max latent steps (Nyax) 8

Oualign (align_weight) 0.1

Bpoticy (policy_weight) 0.1

RL learning rate 1x107°

RL num_generations (G) 8

RL 3 (KL penalty) 1x10°3

RL e (clip ratio) 0.2

RL Agr (reinforce_coef) 0.01

RL reinforce_n_penalty (\) {0.0001, 0.0005, 0.001}
RL ~kp, (terminal_kl_weight) 1 x 107°

Teacher CoT model GPT-5

Semantic segmentation BAAI/bge-small-en-v1.5
Beam search width 50

GPU

8x L40 (48GB)

E.1 Variable-Length N Batch Processing

The Policy Head predicts different N for each sample, resulting in varying numbers of latent tokens
per sample within a batch. LASAR handles this through a unified padding-and-masking strategy
(Figure[6) that requires no per-sample branching during the latent loop:

Prompt (left-padded) Latent region
Sample P11 P2 D3 <s> <t> <t> <t> <e> | Answer
A (N=2,short) | PAD x; To <s> <t> <t> PAD <e> Ya
B(N=3,long) | =1 a2 T3 <s>  <t> <t> <t>  <e> Y
Attn (A) 0 1 1 1 1 1 0 1 1
Attn (B) 1 1 1 1 1 1 1 1 1
Loss mask 0 0 0 0 0 0 0 0 1

Figure 6: Detailed batch layout for variable N: prompt left-padding aligns <s> positions, latent
region is right-padded with masked attention, and loss is computed only on answer tokens.

1. Prompt left-padding: Left-pad prompts with pad_token_id to the batch’s maximum
prompt length, aligning the first (thought) position across all samples.

2. Per-sample latent insertion: Insert NV; copies of (thought) per sample after the prompt,
producing naturally different latent region lengths.

3. Latent region right-padding: For samples with V; < max(V), pad the remaining latent
slots with pad_token_id (nor (thought)) and set attention mask to 0. The latent loop
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iterates max (V) times uniformly; extra steps for short-N samples operate on masked
positions and produce hidden states that are ignored by subsequent attention.

4. Sequence right-padding: Use pad_sequence to align total sequence lengths (prompt +
latent region + answer) to the batch maximum.

5. Loss masking: The LM loss is computed only on answer tokens, and the alignment loss
filters positions exceeding each sample’s actual N; via a valid_mask, so padded latent
positions contribute zero gradient.

E.2 Prompt Format and CoT Reasoning Details

All generative methods (LASAR, MiniOneRec, LC-Rec, and Explicit CoTgream) share an identical
prompt template following MiniOneRec [23]], ensuring that performance differences reflect the
reasoning mechanism rather than prompt design. The template takes the form:

Below is an instruction that describes a task, paired with an input that
provides further context. Write a response that appropriately completes the
request.

### Instruction:

Can you predict the next possible item that the user may expect?

### User Input:

The user has interacted with items <SID_1>, <SID_2>, ..., <SID_L> in
chronological order. Can you predict the next possible item that the user
may expect?

### Response:

<SID_target>

where <SID_x> are M =4-token semantic IDs. Items within the history are represented by their SID
tokens (e.g., <la_125|><|b_109|><|c_135]|><|d_125]|>), not by natural language titles.

Teacher CoT Structure. The teacher CoT reasoning text is generated by GPT-5 following the
structured reasoning pipeline of GREAM [18]], which defines a 5-stage logical chain: behavioral
evidence extraction — latent preference modeling — intent inference — recommendation formulation
— denoised sequence rewriting. The CoT text is segmented via BAAI/bge-small-en-v1.5 [46] to
determine the reasoning step count /N per sample, which serves as the Policy Head’s supervision
label during SFT.

CoT Case Study. We show a representative teacher CoT example from the Beauty dataset. Given
a user’s purchase history of skincare products (hydrating serum, facial oils, eye gel, anti-aging
moisturizer), GPT-5 produces the following structured reasoning:

Step 1: Extraction of Behavioral Evidence

Product types: Hydrating serum (hyaluronic acid), facial oils (rosehip, argan, emu), eye gel, anti-aging
moisturizer. Key concerns: Dryness, fine lines, wrinkles, dark circles, puffiness, uneven tone; emphasis
on anti-aging and deep hydration. Ingredient preferences: Natural/organic, cold-pressed, unrefined oils;
hyaluronic acid; vitamin E; gentle, non-greasy formulas.

Step 2: Modeling of Latent Preferences

Natural, clean, and gentle formulations for sensitive/dry skin. Multi-benefit, anti-aging products that
hydrate, brighten, and improve texture. Lightweight, fast-absorbing, non-greasy textures. Value in larger
sizes or long-lasting products.

Step 3: Inference of User Intent and Goal Formulation

The user is building a comprehensive anti-aging, hydrating routine. With serum, moisturizer, eye gel, and
oils in place, the next logical addition is a gentle, natural cleanser to prep skin without stripping moisture,
ideally with soothing botanicals and hyaluronic acid.

Recommendation: <|a_125|><|b_109|><|c_135|><|d_125|>

In LASAR, this explicit text is never decoded at inference. Instead, the model aligns its latent hidden
states with the semantic segments of the teacher CoT via bidirectional KL divergence during SFT,
and the Policy Head learns to allocate reasoning depth proportional to the number of CoT segments.
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E.3 SFT Phase Alignment Implementation

During SFT, each latent step’s hidden state must be aligned with the corresponding explicit CoT
segment’s hidden state:

1. Semantic segment matching: Use cumsum to compute each latent token’s ordinal within
the batch, vectorized-matching to the corresponding CoT segment.

2. Boundary safety: Filter out samples where N exceeds the number of CoT segments to
prevent out-of-bounds access.

3. Device consistency: CoT embeddings are preloaded on CPU and dynamically converted to
GPU dtype and device during training.

E.4 RL Phase Terminal Alignment
RL-phase alignment targets only the last latent step of the reasoning chain:

1. Natural latent embedding collection: During Phase 2 training, hidden states from each
step of the latent loop are automatically collected as a 1atent_embs list (cached from the
forward pass, with no extra forward passes needed).

2. Dynamic step indexing: latent_embs [N —1] directly retrieves the last step’s hidden
state for bidirectional KL. computation with the CoT final state.
3. Alignment as direct loss, not reward: If alignment were a reward component, GRPO’s

within-group advantage zero-mean property would cancel it out. Adding it as a direct loss
to the total objective ensures stable gradient signals.

E.5 Reward Formulation

For each prompt, G candidates are generated via beam search. The exact match reward is:

; 1 if g =y
(>_{ §0 =y ©

r = .
rule 0 otherwise

where 7 indexes the i-th candidate in the beam-searched group (i.e., the ranking position), §(*) is its
generated SID, and y* is the ground-truth SID.

The within-group NDCG reward penalizes non-target candidates by their ranking position within the
group. Let w; = —1/log, (i + 2) be the position weight. If the ground-truth item appears among the
G candidates, non-target candidates receive:
. 0 if §(0) = y*
(4)
"NDCG =~ w; e~ (1) * (10)
{Zfﬁw ity #y

If the ground-truth item is absent from all G’ candidates, every candidate receives TI(\Ii]))CG =0.

E.6 Inference Algorithm

Algorithm 1 LASAR Inference

1: N; < PolicyHead(prompt, ) for each sample ¢
2: Insert <s><t> x N, <e> after each prompt
3: Batch-align: left-pad prompts, right-pad latent region with PAD (mask=0)

4: ho, KV < LLM(prompt tokens) > Encode prompt
5: for t = 1 to max(N;) do > Latent loop (equiv. to Eq.[3|via KV cache)
6: ht + LLM(h;—1, KV) > PAD steps ignored by mask
7: end for

8: Update KV cache with latent hidden states {h;} > Prepare for answer generation
9: Beam search from KV, constrained by item prefix tree > Segment 3

10: return Top-K recommended items
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E.6.1 Trie-Constrained Decoding

Since SID tokens are hierarchical codes (s1, $2, - . ., $a7) With each s; drawn from codebook C G ),
not every token combination corresponds to a valid item. Unconstrained beam search may produce
invalid SID sequences that have no item in the catalog.

To ensure generation validity, we build a prefix tree (trie) over all item SIDs in the catalog. Each
root-to-leaf path encodes exactly one item’s SID sequence. During beam search, at each decoding
step 7, the trie is queried with the current prefix (s1,...,s;j_1) to retrieve the set of valid next tokens
V; € CY). A custom ConstrainedLogitsProcessor masks out all tokens outside V; before the
softmax, so every beam is guaranteed to trace a valid root-to-leaf path. This adds negligible overhead
since trie lookups are O(M) per step and the masking is a single tensor operation.

Figure [/|illustrates this process with a simplified example where M =3 and each codebook has 4
tokens.

Figure 7: Trie over item SIDs (M =3, |CY)|=4). Each root-to-leaf path is a valid item. At step 7,
only children of the current prefix are allowed, preventing invalid sequences.

F SFT Labels and Sample Complexity

In the SFT phase, the Policy Head’s supervision labels come from the Teacher CoT semantic segment
count. Table[§]shows that samples with more segments consistently have longer histories and higher
category diversity, indicating more complex user patterns. The Policy Head thus learns to associate
input features with appropriate reasoning depth during the initial encoding stage of SFT.

Table 8: Teacher CoT segment count vs. sample complexity on Sports.

Segments Prop. Hist. Len. Cat. Div.

3 segments 83.4% 6.9 6.2
4 segments  16.3% 8.5 7.5
Ssegments 0.2% 9.8 8.8
Trend T T

G Alignment Ablation on Sports and Instruments

Table [O]extends the alignment ablation (Table[2)) to Sports and Instruments. KL alignment consistently
yields the best results across both datasets.

KL alignment consistently yields the best results across both datasets, improving NDCG @ 10 over
Pure SFT. The unaligned variant shows inconsistent behavior—slight gains on some Sports metrics
but notable degradation on Instruments (—9.1% NDCG @ 10). This confirms that KL-based alignment
is not dataset-specific: it provides stable improvement, while unaligned latent reasoning does not
reliably benefit recommendation.
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Table 9: Alignment ablation on Sports and Instruments. Best in bold.

Model N@5 N@l10 HR@5 HR@I10
Pure SFT 0.0105 0.0136 0.0163  0.0260
Sports + Latent (w/o align.) 0.0104 0.0139 0.0168  0.0276
+ KL Alignment 0.0109 0.0143 0.0174 0.0281
Pure SFT 0.0580 0.0634 0.0720  0.0888

Instruments  + Latent (w/o align.) 0.0517 0.0576 0.0693  0.0878
+ KL Alignment 0.0586 0.0643 0.0731  0.0910
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