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Abstract

Generative recommendation, which directly
generates item identifiers, has emerged as a
promising paradigm for recommendation sys-
tems. However, this left-to-right paradigm in-
herently biases the model towards local con-
texts, failing to capture deeper historical de-
pendencies necessary for understanding com-
plex user intents. To address this limita-
tion, we propose Masked History Learning
(MHL), a novel training framework that shifts
the objective from simple next-step predic-
tion to deep comprehension of history. MHL
augments the standard autoregressive objec-
tive with an auxiliary task of reconstructing
masked historical items, compelling the model
to understand “why” an item path is formed
from the user’s past behaviors, rather than
just “what” item comes next. We introduce
two key contributions to enhance this frame-
work: (1) an entropy-guided masking policy
that intelligently targets the most informative
historical items for reconstruction, and (2) a
curriculum learning scheduler that progres-
sively transitions from history reconstruction
to future prediction. Experiments on three
public datasets show that our method signif-
icantly outperforms state-of-the-art generative
models, highlighting that a comprehensive un-
derstanding of the past is crucial for accu-
rately predicting a user’s future path. The
code is available at https://github.com/
CQU-MM-Intelligent-Lab/MHL.

1 Introduction

Recommender systems have become essential tools
for navigating the vast digital landscape, evolv-
ing from collaborative filtering (Wang et al., 2015;
Li et al., 2024; Chen et al., 2018) to sequential
models that capture user behavior dynamics (Pu-
rificato et al., 2024; Yuan et al., 2023; He et al.,
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Figure 1: Comparison between the traditional generative
recommendation system and our MHL framework.

2023). A new paradigm, generative recommenda-
tion (Rajput et al., 2023; Muennighoff et al., 2025),
has recently emerged, offering powerful new ways
to model user preferences. This approach adapts
pre-trained language models like T5 (Rajput et al.,
2023; Bao et al., 2023) and utilizes large language
models (Hou et al., 2025b) to directly generate a
sequence of semantic IDs representing the items
to be recommended (Hua et al., 2023; Zhai et al.,
2024), thus providing unprecedented flexibility.

However, despite their architectural diversity,
these models share a fundamental limitation: they
are trained almost exclusively to predict the next
single item, rather than to understand the path that
led there. This narrow focus on autoregressive next-
item prediction, while intuitive, prioritizes local
transitions over global understanding of user be-
havior. We contend that this paradigm yields mod-
els proficient in local forecasting yet deficient in
global comprehension, rendering them susceptible
to noise and short-term deviations (i.e., short-term
myopia). Our preliminary study (see Figure 7 in
Appendix E) reveals a startling phenomenon, i.e.,
existing SOTA models suffer a performance col-
lapse when recent interaction history is truncated,
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while MHL maintains robustness and outperforms
the leading baseline by over 40% . This exposes
their over-reliance on recency bias rather than deep
intent understanding. In contrast, MHL maintains
robustness by leveraging global context.

For example, as shown in Figure 1, consider the
purchasing path of a photography enthusiast, who
interacts with the following items in order: cam-
era body, tripod, camera bag, and camera lens.
Although the ground truth for the subsequent pur-
chase is the memory card, existing models, fixated
on recent item (camera lens), often incorrectly pre-
dict other lens-related accessories. The user’s in-
tention is a direct continuation of purchasing the
initial camera body, but this intention is obscured
by intermediate items. Due to the inability to fully
internalize the underlying intention associations
behind items along the purchasing path, existing
autoregressive models are trained merely to predict
“what comes next," but cannot effectively under-
stand “why this path matters."

To address this limitation, we introduce Masked
History Learning (MHL), a novel training frame-
work for generative recommendation. Specifically,
we augment next-item prediction with an auxiliary
objective of reconstructing masked items within
historical paths. This approach shifts the learning
paradigm from predicting results to understand-
ing the process, yielding three key advantages: (a)
Capturing Logical Dependencies. MHL compels
the model to understand the intrinsic associations
between masked items and other items, thereby
shifting the focus from statistical co-occurrence to
the logical structure of a user’s path. For example,
by reconstructing the masked historical item “tri-
pod", the model is forced to learn that “tripod" is a
logical complement to a “camera body" purchase.
(b) Inferring Latent User Intent. The deep under-
standing of paths enables models to look beyond a
user’s explicit behaviors and infer the latent intent
driving them. Models can learn to comprehend a
coherent and higher-level goal (like “pursuing pro-
fessional photography") from seemingly disparate
items (such as cameras, bags, and future acces-
sories). (¢) Learning Robust and Generalizable
Representations. The history reconstruction objec-
tive inherently enhances the quality of the learned
representations. To reconstruct history accurately,
the model must prioritize strong, logically consis-
tent signals while learning to discount irrelevant
or noisy interactions that provide poor contextual
clues. This focus on the core signal results in item

representations that are more stable and less sus-
ceptible to incidental deviations in behavior.

We validate the proposed MHL at multiple gran-
ularities: item-, token-, and mixed-level, consis-
tently observing performance gains. To refine this
learning process, we introduce two key innova-
tions. First, moving beyond random masking, we
propose an adaptive strategy guided by informa-
tion theory (MacKay, 2002). We selectively mask
items sharing high entropy with others, creating
challenging training signals that focus on signifi-
cant behavioral patterns. Second, we employ cur-
riculum learning (Bengio et al., 2009) to connect
the history reconstruction training with autoregres-
sive inference. The training process begins with
a warmup phase (He et al., 2016) using random
masking, followed by a transition to a high mask-
ing ratio guided by entropy to build deep contextual
understanding. The ratio is gradually reduced to
prepare the model for path generation.

We conduct extensive experiments on three
categories of the Amazon Reviews 2014
dataset (McAuley et al., 2015). The results demon-
strate that understanding the past significantly
enhances the model’s ability to predict future paths,
outperforming state-of-the-art baselines on metrics
like Recall@K and NDCG@XK. The contributions
of this paper can be summarized as follows:

* We identify a key limitation in generative rec-
ommenders: training dominated by next-step
prediction overlooks deep understanding of user
history. We address this by proposing Masked
History Learning, which learns to reconstruct a
user’s past to better predict their future path.

* We design two strategies to enhance our frame-
work: entropy-guided masking to focus on the
most informative historical parts, and curriculum
learning to bridge the gap between understand-
ing history and generating future paths.

» Extensive experiments on three categories of the
Amazon Reviews 2014 dataset validate our ap-
proach’s effectiveness, achieving new state-of-
the-art results for generative recommendation.

2 Related Work

Sequential Recommendation. Sequential recom-
mendation models user behavior over time to pre-
dict future interactions. Early methods use Markov
chains to capture item-to-item transitions (Rendle
et al., 2010). Deep learning has since transformed
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this field. Modern approaches employ various
neural architectures including recurrent neural net-
works (Hidasi et al., 2016; Liet al., 2017; Yue et al.,
2024), convolutional neural networks (Tang and
Wang, 2018), Transformers (Kang and McAuley,
2018; Sun et al., 2019), and graph neural net-
works (Chang et al., 2021; Wu et al., 2019).

While most sequential models are trained au-
toregressively, some studies have explored alter-
native learning objectives that go beyond simple
next-item prediction. BERT4Rec (Sun et al., 2019)
and S3-Rec (Zhou et al., 2020) use masked item
prediction with bidirectional encoders to learn rich
contextual representations for discriminative rec-
ommendation. These models randomly mask items
in user sequences and learn to reconstruct them us-
ing full bidirectional context. This approach helps
models capture richer dependencies compared to
purely left-to-right training. Despite this success,
the generative recommendation paradigm has re-
mained largely autoregressive.

Generative Recommendation. Recent advances
in generative models have promoted the transfor-
mation of recommendation systems from discrimi-
native to generative (Rajput et al., 2023). Inspired
by generative retrieval (Tay et al., 2022; Wang et al.,
2022), these methods tokenize items into discrete
semantic identifiers. Sequence-to-sequence mod-
els can then directly generate these identifiers as
recommendations.

Two main approaches have emerged in gen-
erative recommendation. The first leverages
Large Language Models (LLMs) through zero-
shot prompting (Gao et al., 2023; Harte et al.,
2023) and instruction tuning (Muennighoff et al.,
2025) to align LLMs with user behaviors. The
second focuses on semantic ID-based generation,
where items are first encoded as discrete token se-
quences (Rajput et al., 2023) derived from quantiz-
ing dense representations (Hua et al., 2023; Wang
et al., 2024), then autoregressively decoded to pro-
duce recommendations (Zhai et al., 2024; Lin et al.,
2025).

Despite their flexibility and scalability, exist-
ing generative recommenders (Rajput et al., 2023;
Wang et al., 2024; Hou et al., 2025b) share a com-
mon limitation: they rely almost exclusively on
autoregressive training that predicts the next item
token given previous tokens. This left-to-right ap-
proach focuses on local transitions but may miss
internal dependencies and underlying user intent.

Our Contribution. Our study addresses this gap
by introducing history reconstruction learning to
generative recommendation. Unlike BERT4Rec
and S3-Rec, which employ masked prediction
within bidirectional encoders to learn representa-
tions for discriminative scoring tasks, our proposed
MHL augments standard unidirectional, decoder-
only model with an auxiliary historical reconstruc-
tion objective. This design preserves the model’s
native autoregressive generation capability while
enriching the training signal through deeper histor-
ical understanding. We further introduce entropy-
guided masking to focus learning on the most infor-
mative historical patterns and curriculum learning
to seamlessly transition from history understanding
to future path generation. Together, these contribu-
tions establish a new training paradigm for genera-
tive recommenders that emphasizes understanding
the past to better predict future paths.

3 Method

We propose Masked History Learning (MHL), a
training framework that augments generative rec-
ommendation with an auxiliary objective of recon-
structing masked historical items. As illustrated in
Figure 2, MHL jointly optimizes next-item predic-
tion and masked history reconstruction, guided by
entropy-based masking and curriculum scheduling.

3.1 Preliminaries

Semantic ID Representation. Recent generative
recommendation systems (Rajput et al., 2023; Hou
et al., 2025a) represent each item as a sequence of
discrete semantic tokens. In this work, each item
1 from the item set 7 is encoded as a K-digit se-
mantic ID ¢(i) = {w}, ..., wX}, where each digit
wf is drawn from a codebook WW*. We construct a
unified vocabulary V = V.ode U Vinask, Where code-
book tokens occupy non-overlapping ID ranges and
position-aware mask tokens enable unambiguous
reconstruction (details in Appendix A).

Base Architecture. Given a user history ST =
(i1,...,17), item 4; obtains its item-level represen-
tations H; by performing mean pooling on K -digit
embeddings, and generates context hidden state
h; € R? using a Transformer decoder. For pre-
diction, K lightweight heads {g; }XX_, derive digit-
wise states hf = g (h;), which are classified using
temperature-scaled cosine similarity over codebook
embeddings. We denote the resulting probability
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Figure 2: MHL framework overview. Online entropy computation selects challenging positions for masking.
Curriculum training progresses from random to adaptive masking, then aligns with inference conditions.

distribution over codebook W* as P} (- | hy). Full
architectural details are provided in Appendix B.

3.2 Masked History Learning

The core idea of MHL is to train the model not only
to predict what comes next, but also to understand
why the historical path is formed. We achieve this
by jointly optimizing two objectives: (i) next-item
prediction and (ii) masked history reconstruction.

Next-Item Prediction. Given the final hidden
state h, we predict the semantic ID of the next
item 741 using K parallel codebook classifiers:

K
1
Lnext = K ZIOg Pg(wfq*ﬂ | hr). (1)

k=1

Masked History Reconstruction. We mask se-
lected positions in the user history and train the
model to reconstruct the original tokens. Let M de-
note the set of masked positions. For each masked
token w € M, we predict it from the contextual-
ized state at position t:

Z log Py (wf, | hy). 2

Linask = _| M]

wh eM

This auxiliary objective forces the model to capture

logical dependencies between items—not merely

statistical co-occurrence, but the underlying intent
that connects them.

Multi-Granularity Masking Strategies. We de-
sign three masking granularities to provide diverse
learning signals:

* Item-level masking replaces all K digits of se-
lected items. This treats each item as a com-
plete semantic unit, compelling the model to
learn inter-item dependencies that align with
user-level behaviors.

Token-level masking replaces individual digits
within items. This enables fine-grained learning
of intra-item token relationships, yielding more
compact representations and better generaliza-
tion by preventing over-reliance on complete
item patterns.

Mixed-level masking stochastically applies
item- or token-level masking per item, balancing
coarse and fine granularity for robustness.

Overall Objective.
combines both losses:

The final training objective

LMHL = M Lnext + /\2‘Cmask> 3

where A1 and A9 are hyperparameters balancing
next-item generation and history reconstruction.

3.3 Entropy-Guided Masking

Standard random masking treats all historical inter-
actions equally, ignoring the fact that user behav-
iors have uneven information density. To address
this, we propose Entropy-Guided Masking, an
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uncertainty-driven strategy inspired by salience-
aware methods in language generation (Liu et al.,
2025) that dynamically targets the most ambiguous
and informative positions for reconstruction.

Online Entropy Computation. We employ an
online self-assessment mechanism to estimate the
uncertainty of each historical item. In each training
step, we perform a gradient-free forward pass on
the unmasked sequence St using the current model
parameters 6. For each position ¢ and codebook
k, the predictive uncertainty is quantified by the
Shannon entropy of the output distribution:

Hi=— > Pi(v|hi)logPy(v]h). )
vEWk

where h; is the hidden state encoding the history
up to ¢. High entropy H? indicates that the model
is uncertain about the item at ¢ based on the con-
text. These high-entropy positions often corre-
spond to critical decision points or complex se-
mantic units, such as the #ripod in Figure 1, which
is a logical complement to the camera body rather
than a generic frequent item.

Adaptive Mask Selection. Based on the com-
puted uncertainty, we adaptively construct the mask
set M using a stochastic budgeting strategy. First,
we aggregate token-level entropies into an item-
level importance score H; = % Zszl HYF. Then,
we rank all historical positions in descending order
of their importance scores. To prevent the model
from overfitting to a fixed masking density, we sam-
ple the mask budget N from a uniform distribution
U(1,|7v-T]), where ~ is the current curriculum ra-
tio. Finally, we select the top-N positions with the
highest entropy to form M. This adaptive strategy
ensures that the reconstruction objective (Lpask) 1S
always applied to the positions where the model
lacks understanding, thereby maximizing the gra-
dient information gain and forcing the model to
capture deeper historical dependencies.

3.4 Curriculum Training Scheduler

Directly applying entropy-guided masking from the
start leads to unstable training, as the model’s early-
stage entropy estimates are unreliable. Moreover,
training with masking creates a discrepancy with
inference, where no masking occurs. We address
both issues through a three-phase curriculum build-
ing upon adaptive data selection strategies (Rao
et al., 2024, 2026):

Phase I: Random Masking Warm-up. Training
begins with random masking at a low ratio. This
phase serves two purposes: (1) establishing sta-
ble optimization before entropy estimates become
reliable, and (2) building baseline reconstruction
ability through simple, unbiased masking.

Phase II: Entropy-Guided Masking with Adap-
tive Decay. Once the model stabilizes, we switch
to entropy-guided masking to focus on the most
informative positions. The masking ratio y starts
high to encourage deep historical understanding.
When validation performance plateaus, we decay
~ exponentially:

¥ < max(Vmin, ¥ - 1), )

where Ypipn 1 the minimum ratio threshold and n €
(0,1) is the decay factor. This gradually shifts the
model’s focus from history reconstruction toward
future prediction.

Phase III: Inference Alignment. Finally, we set
~v = 0 and train exclusively with Lpex. This phase
eliminates the train-test discrepancy: since infer-
ence involves no masking, inference-aligned train-
ing ensures the model is fully aligned with its de-
ployment condition. This smooth transition—from
reconstruction to generation—bridges the gap be-
tween understanding “why this path matters” and
predicting “what comes next.”

The complete training procedure is summarized
in Algorithm 1 (Appendix C).

4 Experiment

4.1 Experimental Settings

Dataset. We evaluate models on three Amazon
product categories: Sports and Outdoors, Beauty,
and Toys and Games from the Amazon Reviews
2014 dataset (McAuley et al., 2015). We prepro-
cess each category with core-5 filtering (He and
McAuley, 2016). This retains only users and items
with at least five interactions to ensure sufficient
density for sequential modeling. For item meta-
data, we concatenate title, price, brand, feature,
categories, and description into natural language
sentences. This facilitates semantic representation
learning following recent practice in generative rec-
ommendation (Wang et al., 2024). Table 12 from
Appendix H shows detailed dataset statistics.

Baselines. We evaluate against comprehensive
baselines in two categories: item ID-based meth-
ods and semantic ID-based approaches. Item
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Model Beauty Toys and Games Sports and Outdoors
ode

R@5 N@5 R@I0 N@I0 R@5 N@5 R@I10 N@I0 R@5 N@5 R@I0 N@I0

Item ID-based
Caser .0205 .0131 .0347 .0176 .0166 .0107 .0270 .0141 .0116 .0072 .0194 .0097
GRU4Rec .0164 .0099 .0283 .0137 .0097 .0059 .0176 .0084 .0129 .0086 .0204 .0110
HGN .0325 .0206 .0512 .0266 .0321 .0221 .0497 .0277 .0189 .0120 .0313 .0159
BERT4Rec  .0203 .0124 .0347 .0170 .0116 .0071 .0203 .0099 .0115 .0075 .0191 .0099
SASRec .0387 .0249 .0605 .0318 .0463 .0306 .0675 .0374 .0233 .0154 .0350 .0192
FDSA .0267 .0163 .0407 .0208 .0228 .0140 .0381 .0189 .0182 .0122 .0288 .0156
S3-Rec .0387 .0244 .0647 .0327 .0443 .0294 .0700 .0376 .0251 .0161 .0385 .0204
Semantic ID-based

RecJPQ .0311 .0167 .0482 .0222 .0331 .0182 .0484 .0231 .0141 .0076 .0220 .0102
VQ-Rec .0457 .0317 .0664 .0383 .0497 .0346 .0737 .0423 .0208 .0144 .0300 .0173
TIGER .0454 0321 .0648 .0384 .0521 .0371 .0712 .0432 .0264 .0181 .0400 .0225
HSTU .0469 .0314 .0704 .0389 .0433 .0281 .0669 .0357 .0258 .0165 .0414 .0215
RPG* .0500 .0358 .0745 .0436 .0550 .0386 .0778 .0460 .0284 .0197 .0436 .0246
MHL (ours) .0574 .0424 .0795 .0495 .0672 .0489 .0903 .0564 .0359 .0249 .0511 .0298

Table 1: Performance comparison of Item ID-based and Semantic ID-based models across three datasets. * denotes
results using Sentence-T5-base embeddings for fair comparison with our setup. Best and second-best results are

bolded and underlined.

ID-based methods operate directly on item IDs:
GRU4Rec (Hidasi et al., 2016), HGN (Ma et al.,
2019), SASRec (Kang and McAuley, 2018),
FDSA (Hao et al.,, 2023), BERT4Rec (Sun
et al., 2019), Caser (Tang and Wang, 2018), S3-
Rec (Zhou et al., 2020). Semantic ID-based
approaches tokenize items into discrete seman-
tic identifiers for generative recommendation:
VQRec (Hou et al., 2023), RecJPQ (Petrov and
Macdonald, 2024), TIGER (Rajput et al., 2023),
HSTU (Zhai et al., 2024), RPG (Hou et al., 2025a).

Evaluation Metrics. We evaluate recommenda-
tion performance using Recall@K and NDCG@K
with K=5 and 10. Following prior works (Kang
and McAuley, 2018; Rajput et al., 2023; Sun et al.,
2019; Hou et al., 2025a), we adopt standard leave-
one-out strategy. For each user sequence, the last
item is reserved for testing, the second-to-last for
validation, and the remaining items for training.

Implementation Details. We encode item meta-
data (e.g., title, brand, price) with Sentence-
T5-base (Ni et al., 2022). The resulting 768-
dimensional embeddings are reduced to 128 di-
mensions via PCA and then discretized into se-
quences of 32 semantic tokens using FAISS-based
optimized product quantization (OPQ) (Ge et al.,
2014). Our backbone is a Transformer decoder,
identical to the one used in RPG (Hou et al., 2025a),
featuring a hidden size of 448, two layers, and four

attention heads. The model is trained to jointly
optimize next-item prediction and masked token
reconstruction with equal weights. We apply an
entropy-guided curriculum masking strategy, and
early stopping is used when the mask ratio decays
to zero. During optimization, we use AdamW with
a learning rate of 5e-4, a batch size of 64, and
cosine scheduling with 10k warmup steps. Infer-
ence is performed with graph-constrained beam
search (Hou et al., 2025a) (beam size 50, 3 prop-
agation steps). The models are trained for up to
300 epochs on NVIDIA RTX A6000 GPUs. More
details can be found in Appendix L.

4.2 Experiment Results

Overall Performance. In all experiments, we per-
formed three runs with different random seeds and
report the average results to account for variability.
Table 1 presents the results across three Amazon
product categories. We can find that MHL con-
sistently achieves state-of-the-art performance. In
addition, the results confirm that semantic ID-based
models outperform traditional item ID-based ap-
proaches, with MHL leading all baselines, includ-
ing strong competitors like TIGER and HSTU. The
performance improvements are substantial. For ex-
ample, MHL achieves a 37.6% improvement over
TIGER in the NDCG @5 score for Sports and Out-
doors. This validates our claim: understanding
why a user path is formed is crucial for predicting
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Mask Curriculum Beauty Toys and Games Sports and Outdoors

Strategy Strategy R@5 N@5 R@I0 N@l0 R@5 N@5 R@l0 N@10 R@5 N@5 R@10 N@10
No Mask Direct Inference .0500 .0358 .0745 .0436 .0550 .0386 .0778 .0460 .0284 .0197 .0436 .0246
Random .0554 .0379 .0797 .0457 .0647 .0402 .0914 0488 .0321 .0179 .0482 .0231

Entropy-guided 0491 .0338 .0715 .0410 .0232 .0151 .0359 .0191 .0110 .0070 .0171 .0090

Token-level R—Inf .0554 .0404 .0791 .0480 .0623 .0452 .0876 .0533 .0337 .0233 .0486 .0281
E—Inf 0518 .0374 .0736 .0445 .0471 .0322 .0702 .0396 .0264 .0180 .0402 .0224

R—E—Inf 0574 .0424 .0795 .0495 .0644 .0456 .0883 .0533 .0334 .0239 .0474 .0284

Random .0500 .0355 .0694 .0418 .0564 .0392 .0808 .0470 .0287 .0198 .0420 .0240

Entropy-guided .0441 .0315 .0660 .0386 .0522 .0359 .0750 .0432 .0225 .0151 .0336 .0187

Item-level R—Inf .0494 .0361 .0695 .0426 .0575 .0410 .0816 .0487 .0270 .0188 .0415 .0234
E—Inf .0467 .0335 .0672 .0401 .0545 .0376 .0768 .0448 .0286 .0199 .0414 .0240

R—E—Inf 0501 .0363 .0704 .0429 .0553 .0390 .0802 .0470 .0282 .0197 .0419 .0241

Random .0521 .0359 .0789 .0444 .0589 .0393 .0859 .0480 .0318 .0197 .0493 .0254

Entropy-guided .0491 .0344 .0728 .0420 .0566 .0377 .0833 .0463 .0285 .0186 .0428 .0232

Mixed-level R—Inf 0542 .0391 .0752 .0459 .0593 .0420 .0835 .0498 .0295 .0203 .0435 .0248
E—Inf .0520 .0371 .0743 .0442 .0535 .0376 .0761 .0449 .0289 .0202 .0418 .0243

R—E—Inf .0537 .0384 .0757 .0455 .0592 .0421 .0845 .0503 .0325 .0228 .0478 .0278

Table 2: Ablation study comparing masking strategies and curriculum learning approaches with codebook size 16
and mask ratio 0.15. Best and second-best results are bolded and underlined.

—o— Token-level

—o— Item-level

—— Mixed-level

Beauty Toys Sports
.050 .030
p——2|  .050 —~ R
B 040 /
g 040 020
.030 030
4 8 16 32 64 4 8 16 32 64 4 8 16 32 64

Figure 3: Impact of varying codebook sizes on model
performance across three mask strategies (Token-level,
Item-level, Mixed-level) on 3 datasets.

what comes next. MHL’s superior performance
demonstrates three key benefits. First, by recon-
structing masked historical items, the model learns
logical dependencies between items rather than co-
occurrence patterns. Second, the entropy-guided
masking forces the model to focus on the most in-
formative and challenging positions in user history,
precisely where latent intent is obscured. Third, the
curriculum learning bridges the gap between his-
tory understanding and future prediction, ensuring
a smooth transition from learning “why this path
matters" to predicting “what comes next". These
targeted learning mechanisms enable MHL to con-
sistently outperform baselines. The framework’s
effectiveness is particularly evident on the complex
dataset like Sports and Outdoors, where logical
item relationships are more nuanced and user in-
tent is harder to infer.

Ablation Study. We conduct systematic ablation
studies to understand each component’s contribu-
tion within MHL. We evaluate six model variants

across three masking strategies: Direct Inference
(Inf) without masking, Random masking (R), and
Entropy-guided masking (E). We also test three
curriculum learning strategies: R—Inf, E—Inf,
and the complete R—E—Inf framework. Table 2
validates our framework design through three key
findings. First, all masking variants significantly
outperform direct inference, demonstrating that re-
constructing user history provides a richer learning
signal. Second, entropy-guided masking consis-
tently surpasses random masking, indicating that
targeting high-entropy predictions is more effective
for guiding the model to understand user intent. Fi-
nally, the complete R—E—Inf curriculum learning
framework achieves optimal performance.

This validates our curriculum design: starting
with basic pattern learning through random mask-
ing, progressing to targeted understanding via en-
tropy guidance, and finally inference-only opti-
mization. This progression mirrors the learning
objective of transitioning from “why this path mat-
ters" to “what comes next".

4.3 Further Analysis

Impact of Semantic ID Length. We investigate
the impact of codebook size (4—-64) on model per-
formance. As shown in Figure 3, performance
first improves and then declines with increasing
size: it rises as the size increases from 4 to 32,
with sizes 16 and 32 yielding optimal results across
datasets. Performance degrades at size 4 due to in-
sufficient semantic granularity and slightly declines
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Mask Training Beauty Toys and Games Sports and Outdoors

Strategy Method R@5 N@5 R@I0 N@10 A% R@5 N@5 R@I0 N@10 A% R@5 N@5 R@10 N@I10 A%
Text w/o Mask RPG 0297 0212 0439 0258 0323 0234 0446 0273 — 0134 0094 .0203 0117 -
MHL (ours) R—E—Inf 0338 0238 .0483 .0285 +10.5 .0347 0249 .0498 .0297 +8.8 .0150 .0106 .0237 0134 +14.5

Table 3: Generalization study comparing MHL with RPG baseline on text token sequences using mixed masking.
MHL uses mask ratio 0.15 and reconstruction loss weight 0.5. A% denotes the relative improvement of N@ 10.
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Figure 4: Effect of different mask ratios on model perfor-
mance under three mask strategies (Token-level, Item-
level, Mixed-level) across 3 datasets.

at size 64 because of sparsity issues. This trend re-
veals a fundamental trade-off between semantic
expressiveness and statistical reliability. Exces-
sively small codebooks (e.g., size 4) collapse dis-
tinct items into overly broad semantic clusters, im-
pairing the model’s ability to capture fine-grained
preferences. Conversely, overly large codebooks
(e.g., size 64) fragment the semantic space, leading
to sparse code distributions where many semantic
IDs receive insufficient training signals. The opti-
mal sizes (16-32) strike a balance, allowing seman-
tic IDs to capture meaningful item relationships
while maintaining adequate sample density for ro-
bust parameter estimation. Based on these findings,
we adopt a size of 16 for the Beauty dataset and 32
for Toys and Sports. Detailed results are provided
in the Appendix F.1.

Sensitivity to Masking Ratio. We vary the mask-
ing ratio from 0.05 to 0.40 to investigate how the
reconstruction task difficulty affects model perfor-
mance. As shown in Figure 4, the masking ra-
tio fundamentally balances contextual preservation
and discriminative learning: lower ratios preserve
richer historical signals for learning but may re-
duce the reconstruction objective’s discriminative
power, while higher ratios force stronger pattern
extraction yet risk destroying critical user intent
signals. MHL demonstrates strong robustness to
these variations, with token-level masking achiev-
ing optimal performance at lower ratios (0.05-0.15)
due to its finer granularity that enables precise tar-
geting of uncertain predictions while preserving

Beauty Toys Sports
.049 .030
.056
o
— 048 054 .028
z .046 .052 .028

50
0.2 06 1.0 1.4 1.8 02 06 1.0 1.4 1.8 0.2 06 1.0 1.4 1.8

Figure 5: Evaluation of model performance under differ-
ent reconstruction loss values across multiple datasets,
with a focus on N@ 10 performance.

sequence context. Mixed-level masking provides a
more balanced solution within the 0.10-0.20 range,
exhibiting greater stability across ratios because
its probabilistic combination of item and token
masking creates natural curriculum effects where
harder item-level reconstruction complements eas-
ier token-level recovery. Detailed results are in
Appendix F.2.

Effect of Reconstruction Loss Weight. We vary
the reconstruction loss weight from 0.2 to 2.0 while
keeping the prediction loss fixed at 1.0 to examine
how the auxiliary signal strength affects learning
dynamics. As shown in Figure 5, performance de-
grades when the weight drops below 0.8, indicating
that the influence of the reconstruction task weak-
ens and diminishes the model’s ability to learn from
historical context. Conversely, excessive weight
(above 2.0) skews the training objective toward re-
construction and compromises the model’s capacity
to learn prediction patterns during masking, ulti-
mately sacrificing predictive discrimination. The
optimal weights consistently fall within 1.0-1.8,
striking a balance where reconstruction guides rep-
resentation learning without overwhelming the pri-
mary prediction objective. Within this range, the
auxiliary signal remains strong enough to leverage
historical context during masking, yet sufficiently
restrained to maintain the model’s focus on future
prediction. Detailed results are in Appendix F.3.

Generalizability to Text Sequences. To demon-
strate MHL’s broad applicability, we apply our
framework to unstructured token sequences derived
from item titles. Table 3 compares our complete
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Figure 6: Cold-start recommendation performance com-
parison between MHL and RPG across target item fre-
quency bins on three datasets.

R—E—Inf strategy against the RPG baseline on
raw text tokens. MHL consistently outperforms
RPG across all metrics on the Beauty dataset. This
result is significant as it shows that MHL’s core
principle—reconstructing the past to predict the fu-
ture—generalizes beyond semantic IDs to complex
and noisy text sequences. The success on text se-
quences validates that MHL captures fundamental
learning dynamics rather than exploiting specific
properties of semantic ID representations. This gen-
eralizability highlights MHL’s potential for broader
sequential modeling applications where historical
context understanding is key for future prediction.

Cold-Start Recommendation. A practical chal-
lenge in recommendation systems is the cold-start
problem, where target items have limited historical
interactions. To evaluate MHL'’s robustness, we
partition the test set by the training frequency of
ground-truth target items into four groups: [0, 5],
[6, 10], [11, 15], and [16, 20] occurrences, com-
paring MHL against RPG across all bins on three
datasets. As shown in Figure 6, both models ex-
hibit a consistent inverted-U pattern: performance
improves from [0, 5] to [11, 15], peaking at mod-
erately frequent items, then declines at [16, 20].
This trend suggests that extremely rare items lack
sufficient training signals while highly frequent
items may suffer from popularity bias, whereas
moderately frequent items strike an optimal bal-
ance. Importantly, MHL consistently outperforms
RPG across all bins, with the gap being particularly
significant for the coldest items, validating that his-
tory reconstruction enables the model to learn more
robust representations from limited data and pro-
viding stronger generalization for infrequent items
compared to pure next-item prediction. This supe-
rior cold-start performance demonstrates the strong
ability of the masked history learning objective to
capture deep semantic relationships between items,
even when individual items have sparse interaction

Historical Purchase Sequence

Footwear Adhesive — Running Waist Pack — Cardio
Trampoline — Heavyweight T-Shirt — BMX Pads — ?

MHL (Top-5) | RPG (Top-5)
Youth Multi-Sport Helmet Crew Sock
NBA Street Basketball Eco Open Bottom Pant

Mini Basketball Hoop
Indoor/Outdoor Basketball
NBA Game Ball Mini

Training T-shirt
Jersey Pants
Long Sleeve Cotton T-Shirt

Table 4: Case study comparison between MHL and the
RPG baseline. Top-5 recommendations are listed in
descending order of predicted relevance.

histories in the training data. Detailed results are
in Appendix G.

Case Study. As illustrated in Table 4, the base-
line RPG model, trained solely on autoregressive
next-item prediction, often misinterprets a user’s
intent by overemphasizing transient, noisy signals,
such as the mid-sequence clothing items. For ex-
ample, its predictions for items like “Crew Sock”
deviate from the user’s primary and recurring in-
terest in athletic gear and accessories. In contrast,
MHL framework requires the model to reconstruct
a user’s historical trajectory, and encourages it to
identify and prioritize the core underlying intent.
MHL can look beyond short-term deviations and
accurately predict the next item “Youth Multi-Sport
Helmet”, which aligns logically with the user’s sus-
tained interest in sports and protective equipment.

5 Conclusion

Existing generative recommenders focus on pre-
dicting “what comes next" but fail to understand
“why this path matters". We introduce MHL, a
simple and effective framework that learns from
masked history reconstruction alongside next-item
prediction. MHL incorporates entropy-guided
masking to target informative historical positions
and curriculum learning to transition from history
understanding to future prediction. Experiments
on three datasets show state-of-the-art performance
and successful generalization to text-based Item
IDs. Our findings confirm that understanding the
past is crucial for predicting the future. MHL rep-
resents a significant step toward recommendation
systems that comprehend user behavior patterns
rather than merely statistical co-occurrence.
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Limitations

MHL constructs semantic IDs solely from textual
item metadata and does not explicitly incorporate
visual or other multi-modal signals. Nevertheless,
the proposed masking and reconstruction mecha-
nism operates on discrete tokens and is modality-
agnostic, making it applicable to multi-modal fea-
tures once encoded into codebook-based represen-
tations; here we focus on text-only inputs to isolate
the effect of masked history learning.

Entropy-guided masking introduces additional
training-time cost due to an extra forward pass for
uncertainty estimation. While this increases train-
ing time, it provides more informative supervision
and leads to consistent performance gains, and the
overhead is confined to training without affecting
inference efficiency.
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A Vocabulary Construction Details

Let Z denote the item set. Each item 7 € Z is rep-
resented by a K-digit semantic ID using K code-
books {W?!, ..., WK} where |W¥| = V}, denotes
the vocabulary size of the k-th codebook:

Qb(i):{wil""?wiK}a

We construct a unified vocabulary that contains
both semantic tokens and mask tokens:

wk e WF. (6)

V= Vcode U Vmaska (7)

where Veoge = UkK:1 Vckode and each codebook

block Vckode occupies a non-overlapping ID range:

Vie=[1+> v, > v ®

i<k i<k
We allocate position-aware mask tokens Vpask

for each position-digit pair (¢, k) up to the maxi-
mum sequence length 77 ax:

K K

Viask = | S Vi + 1, D Vi + K - T, 9)
k=1 k=1

ensuring that each masked position can be uniquely
identified, making the masking process lossless and
unambiguous.

B Model Architecture Details

Token Embedding. Each token ID in V is
mapped to a d-dimensional embedding by a shared
lookup table (word token embedding, WTE). For
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a user history Sp = (i1, ..., i), we expand each
item into its K semantic tokens {w? }/ | and re-
trieve their embeddings:

ey = WTE(wf) € R%. (10)
Item-level Representation via Mean Pooling.

We aggregate each item’s K digit embeddings into
a single item-level representation:

K
1
Ht:K;efeRd. (11)

Sequence Modeling. The item representations
{Hy,...,Hp} are fed into a Transformer decoder
to obtain contextualized hidden states:
hy.p = Dec(Hy.r), h; €R%  (12)

Digit-wise Prediction Heads. To predict each
semantic digit independently, we use K lightweight
prediction heads {gj }/_, that derive digit-specific
states from the shared item state:

hf =gi(hy), k=1,...,K, hFeR: (13)
Cosine Classifier with Temperature Scaling.
For codebook k, let E¥ € RV+*4 denote the embed-
ding matrix where each row corresponds to a token
embedding. We compute prediction logits using
temperature-scaled cosine similarity. Both the digit
state and token embeddings are L2-normalized:

R hk . Ek
(= o= (9
by |2 1 E5 ]2
lflk EkT
ok = M c Rvk’ (15)

where 7 is the temperature hyperparameter. The
probability distribution over codebook W is then:

PF(w =wv | hy) = softmax(£¥),.  (16)

C Training Algorithm

Algorithm 1 summarizes the complete MHL train-
ing procedure with curriculum scheduling.

D Notation Summary

Table 5 summarizes the key notations used through-
out this paper.

E Pilot Experiment

To illustrate the motivation of this paper, we con-
duct a pilot experiment to examine whether mod-
els trained with the standard next-item prediction
paradigm overly rely on recent interactions, poten-
tially neglecting the user’s past behaviors. Specifi-
cally, on the Toys and Games dataset, for sequences
longer than 20 in the test set, we truncate each se-
quence by removing the last 15 items. For example,
given an original sequence [i1,i2, ..., i25] — 726,
the truncated version becomes [i1, i, ... ,i19] —
111. This setup evaluates how well models capture
long-range dependencies when recent interactions
are unavailable, rather than relying on short-term
patterns near the target item.

The results of full-sequence and truncated-
sequence evaluation are shown in Table 10. Under
the full sequence setting, MHL outperforms RPG
across all metrics, achieving an 18.23% improve-
ment on N@10. In the truncated setting, which em-
phasizes longer-range dependencies, the improve-
ment is even larger, reaching 43.95%, indicating
that MHL not only captures both short-term and
long-term user preferences, but also better under-
stands the overall sequence context. This com-
parison demonstrates that MHL more effectively
models user behavior, whereas RPG tends to rely
more heavily on recent interactions.

To further validate MHL’s ability to capture long-
term user intent, we conduct a length-stratified anal-
ysis. We bucket the test sequences by length and
compute N@ 10 for both RPG and MHL. The per-
formance trends are visualized in Figure 7, with de-
tailed numerical results reported in Table 11. RPG
performs reasonably well on medium-length se-
quences (30-50 items) but struggles on very short
and very long sequences. For instance, sequences
longer than 50 items see RPG’s N@10 drop to
0.0375, while MHL boosts it to 0.0577, corre-
sponding to a 53.33% relative improvement. Over-
all, MHL consistently outperforms RPG across all
length buckets, and the relative improvement is
most pronounced for the extremely long sequences.
These results confirm that MHL effectively cap-
tures long-term user preferences rather than relying
primarily on recent interactions, further supporting
the motivation for our proposed approach.
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Figure 7: Length-stratified N@ 10 comparison on Toys
and Games. MHL adopts a 16-bit codebook consistent
with RPG, and employs a mask ratio of 0.10. MHL
outperforms RPG across all sequence length bins.

F Hyperparameter Sensitivity Analysis

F.1 Codebook Size

We investigate the influence of codebook size on
model efficacy by varying the size within the range
of 4 to 64. Performance exhibits a consistent up-
ward trend as the codebook size expands from 4 to
32 across all three masking strategies and datasets.
Notably, codebook sizes of 16 and 32 yield the opti-
mal results; specifically, size 16 proves marginally
superior on the Beauty dataset, whereas 32 domi-
nates on Toys and Sports. Conversely, a size of 4
leads to significant performance deterioration due
to inadequate semantic granularity, while size 64 in-
curs a slight decline, likely stemming from sparsity
issues and increased optimization difficulty caused
by excessive capacity.

These results suggest that codebook size should
balance expressiveness and learnability. Based on
these findings, we adopt codebook sizes of 16 for
Beauty and 32 for Toys and Sports in our main
experiments. Table 6 provides a detailed perfor-
mance comparison across different codebook sizes
with a mask ratio of 0.15, including results for
three mask strategies (Token-level, Item-level, and
Mixed-level) on all three datasets.

F.2 Mask Ratio

We investigate the impact of the masking ratio
on model robustness by varying it from 0.05 to
0.40. MHL maintains relatively stable performance
across three masking strategies (Token-level, Item-
level, and Mixed-level) and all datasets (Beauty,
Toys, and Sports), utilizing dataset-specific code-
book sizes. Notably, while the model exhibits slight
performance fluctuations depending on the spe-
cific strategy and dataset, it generally demonstrates
strong resilience to ratio variations.

For token-level masking, lower ratios between

0.05 and 0.15 yield consistently strong perfor-
mance, with 0.05 achieving optimal results on
Toys and Games and 0.10-0.15 performing best
on Beauty and Sports and Outdoors. Item-level
masking shows greater variability across datasets,
with optimal ratios ranging from 0.10 to 0.35 de-
pending on the specific dataset. Mixed-level mask-
ing demonstrates stable performance within the
0.10-0.20 range, often achieving competitive re-
sults across all datasets. While mixed-level mask-
ing provides a balanced and robust solution, token-
level masking with lower ratios tends to achieve
the highest overall performance, particularly on
datasets with richer textual information.

The observed stability across mask ratios indi-
cates that MHL is robust to variations in masking,
making it suitable for real-world deployment where
flexibility in masking strategies is important. Ta-
ble 7 presents detailed performance across different
mask ratios for all masking strategies and datasets.

F.3 Reconstruction Loss

To investigate the contribution of the reconstruction
objective in MHL, we vary the reconstruction loss
weight from 0.2 to 2.0 while keeping the prediction
loss fixed at 1.0. We observe that the optimal re-
construction weight is dataset-dependent: Beauty
achieves best performance at 1.0, Toys and Games
peaks at 1.8, and Sports and Outdoors performs
optimally around 1.2—1.4. Despite this variation,
the best results consistently fall within the range of
1.0-1.8, suggesting that a moderate-to-high recon-
struction weight is generally beneficial.
Performance degrades noticeably when the
weight drops below 0.8, indicating that insufficient
reconstruction supervision weakens the learned to-
ken representations. Conversely, excessively high
weights (e.g., 2.0) do not yield further improve-
ments and may even hurt performance, likely due
to the reconstruction objective overshadowing the
prediction task. These findings highlight that recon-
struction loss serves as an effective auxiliary signal
that complements the primary prediction objective,
but requires careful balancing to maximize perfor-
mance. Table 8 reports the specific performance
metrics across all reconstruction loss values.

G Cold-Start Recommendation Analysis

Table 9 reports the complete cold-start evaluation
results across different target item frequency bins
on three datasets. The results demonstrate that
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MHL consistently outperforms RPG across all fre-
quency ranges, with the performance advantage
being most pronounced for the coldest items. On
Beauty, MHL achieves an N@10 of 0.0177 for
items with training frequency [0, 5], compared to
RPG’s 0.0071, representing a relative improvement
of over 2.5x. Similar substantial gains are ob-
served on Toys (0.0306 vs. 0.0215) and Sports
(0.0053 vs. 0.0028).

Both models exhibit a consistent inverted-U
trend across all datasets: performance improves
from the [0, 5] bin to [6, 10] and continues ris-
ing to [11, 15], after which it declines at [16, 20].
This pattern suggests that extremely rare items lack
sufficient collaborative signals for accurate predic-
tion, while moderately frequent items ([11, 15]) are
easiest to recommend due to balanced signal avail-
ability without excessive popularity competition.
The decline at [16, 20] may indicate that items in
this range suffer from popularity bias or increased
competition from other frequent items.

Importantly, MHL’s advantage persists across
all frequency ranges, not just cold items. On
the Toys dataset, MHL achieves N@10 scores of
0.0524, 0.0714, and 0.0661 for bins [6, 10], [11,
15], and [16, 20] respectively, consistently surpass-
ing RPG’s corresponding scores of 0.0359, 0.0566,
and 0.0512. This validates that MHL’s masked his-
tory learning provides robust representations that
generalize well regardless of item popularity, en-
abling the model to effectively leverage limited
historical signals for cold items while maintaining
accuracy for more frequent items.

H Statistics of the Dataset

The detailed statistics of Amazon Reviews 2014
datasets is shown in Table 12.

I Implementation Details

We encode item metadata (title, brand, price, fea-
tures, categories, description) using Sentence-T5
and reduce 768-dimensional embeddings to 128
dimensions with PCA. Following RPG (Hou et al.,
2025a), we discretize continuous representations
into generative semantic IDs using FAISS-based
OPQ. Each item is represented as a sequence of 32
tokens (32 codebooks with 256 codewords each).
Our backbone is a Transformer decoder with the
same parameter size as RPG (Hou et al., 2025a):
hidden size 448, 2 layers, 4 attention heads, feed-
forward dimension 1024, and GELU activation.

The maximum sequence length is 50 with dropout
0.3 for embeddings and attention modules.

For training, we jointly optimize next-item pre-
diction and masked token reconstruction with equal
weights. We use entropy-guided curriculum mask-
ing: training starts with random masking, then
switches to entropy-based masking; if validation
does not improve for 5 consecutive evaluations,
mask ratio decays linearly by 0.1 X rq (with ro =
0.15) until reaching 0. After this, the model trains
purely on prediction with early stopping patience of
20. Entropy forward propagation stabilizes mask-
ing decisions using window size 3, decay factor
2.0, and residual mixing coefficient 0.2 across item-
level and token-level entropies.

During inference, we follow RPG (Hou et al.,
2025a) and apply graph-constrained beam search
with beam size 50, each node keeping 50 edges, and
3 propagation steps. Optimization uses AdamW
with learning rate 5e-4, batch size 64, weight decay
0.0, gradient clipping 1.0, 10k warmup steps, and
cosine learning rate scheduling. We train for up to
300 epochs with early stopping patience of 20. All
experiments use NVIDIA RTX A6000 GPUs with
distributed training and mixed precision.

J Efficiency Analysis and Training
Overhead

We conduct a controlled efficiency study on a sin-
gle NVIDIA RTX A6000 GPU using the Toys and
Games dataset. Both MHL and RPG use identi-
cal configurations: codebook size = 16, batch size
64, sequence length 50, AdamW optimizer with
learning rate 5e-4, and mixed-precision training
(FP16). As shown in Table 13, MHL improves
NDCG@10 by 12.6% with an 86% increase in step
time and a modest 9.5% memory overhead. The
additional cost does not primarily originate from
entropy estimation—although entropy statistics are
updated dynamically at every training step (k = 1),
they are computed under torch.no_grad() con-
text without gradient propagation, so entropy cal-
culation adds negligible runtime overhead. Profil-
ing indicates that the dominant overhead comes
from the auxiliary masked reconstruction objec-
tive, which requires additional forward computa-
tion. MHL requires more epochs to converge (122
vs. 68) due to the three-phase curriculum schedule.
Importantly, this overhead is confined to training;
at inference time, MHL uses the same forward path
as RPG with no masking or reconstruction loss, so
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inference latency is identical to RPG.

Algorithm 1 MHL Curriculum Training

Require: Training set D, initial mask ratio g, de-

—_
e

11:
12:
: end while
14:

15:
16:
17:

18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:

R AN AN i o

cay factor 7, minimum ratio 7y, patience p

. Initialize model parameters 6

7Y ¢ 70, stage <— RANDOM

: // Phase I: Random Masking Warm-up
: while stage = RANDOM do

for each batch B € D do
Apply random masking with ratio ~y
Compute Lyvae = M Lnext + A2Lmask
Update 6 via gradient descent
end for
if validation loss converges for p epochs
then
stage <— ENTROPY
end if

// Phase 11: Entropy-Guided Masking with
Decay
while stage = ENTROPY and v > 0 do
for each batch B € D do
Compute entropy Hf via gradient-free
forward pass
Mask top-N highest-entropy positions
Compute Ly and update 6
end for
if validation loss plateaus for p epochs then
7 ¢ max(Ymin, ¥ 1)
end if
if ¥ < Yimin then
v < 0, stage <— PREDICT
end if
end while
// Phase III: Inference Alignment
while not converged do
for each batch B € D do
Compute Lex¢ only (no masking)
Update 6 via gradient descent
end for
end while
return Trained model parameters 6
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Symbol Description

Item Representation

T Item set
i Anitem in 7
K Number of codebooks (digits per item)
Wk The k-th codebook vocabulary
Vi Size of the k-th codebook, |W*|
10 Semantic ID of item &
wk The k-th digit of item ¢’s semantic ID
Vocabulary
% Unified token vocabulary
Veode; Vmask  Codebook tokens and mask tokens
Tmax Maximum sequence length
Sequence and Embeddings
St User history sequence of length T'
T Sequence length
t Position index in sequence
d Embedding dimension
er Token embedding for position ¢, digit &
H, Item-level representation (mean-pooled)
Model Components
0 Model parameters
h. Contextualized hidden state from decoder
h¥ Digit-wise hidden state from head gy,
gk The k-th prediction head
E* Embedding matrix for codebook k
T Temperature for cosine classifier
Vi Prediction logits for position ¢, digit k
Py Prediction distribution over W*
Training Objectives
M Set of masked positions
Lnext Next-item prediction loss
Limask Masked reconstruction loss
LmHL Combined MHL loss
A1, A2 Loss balancing weights
Entropy-Guided Masking
HE Entropy at position ¢, digit k
He Item-level entropy (averaged)
Curriculum Training
¥ Current masking ratio
Yo Initial masking ratio
~Ymin Minimum masking ratio threshold
n Decay factor for masking ratio
N Number of positions to mask (budget)
D Patience for early stopping

Table 5: Summary of notations.

10437



Mask Codebook Beauty Toys and Games Sports and Outdoors

Strategy Size.  R@5 N@5 R@10 N@I0 R@5 N@5 R@10 N@10 R@5 N@5 R@I0 N@I0

4 .0406 .0291 .0568 .0343 .0434 .0298 .0638 .0363 .0177 .0120 .0277 .0152

8 .0502 .0369 .0691 .0430 .0577 .0409 .0805 .0482 .0280 .0209 .0395 .0245

Token-level 16 0574 .0424 .0795 .0495 .0644 .0456 .0883 .0533 .0334 .0239 .0474 .0284
32 .0568 .0411 .0814 .0490 .0634 .0458 .0880 .0538 .0344 .0244 .0495 .0292

64 .0552 .0390 .0805 .0472 .0618 .0448 .0861 .0527 .0325 .0226 .0475 .0275

4 .0344 0253 .0516 .0308 .0385 .0259 .0576 .0320 .0151 .0107 .0242 .0136

8 .0458 .0329 .0646 .0390 .0503 .0359 .0716 .0427 .0249 .0180 .0366 .0218

Item-level 16 .0501 .0363 .0704 .0429 .0553 .0390 .0802 .0470 .0282 .0197 .0419 .0241
32 0523 .0368 .0743 .0439 .0579 .0416 .0811 .0491 .0286 .0193 .0421 .0236

64 .0509 .0358 .0731 .0429 .0546 .0384 .0768 .0456 .0273 .0179 .0417 .0226

4 .0376 .0272 .0531 .0322 .0422 .0287 .0603 .0346 .0203 .0146 .0302 .0178

8 .0468 .0343 .0645 .0400 .0553 .0385 .0785 .0460 .0279 .0201 .0389 .0237

Mixed-level 16 0537 .0384 .0757 .0455 .0592 .0421 .0845 .0503 .0325 .0228 .0478 .0278
32 0537 .0383 .0784 .0463 .0613 .0434 .0855 .0511 .0334 .0235 .0489 .0285

64 .0533 .0377 .0760 .0451 .0579 .0411 .0824 .0490 .0318 .0218 .0471 .0267

Table 6: Performance comparison across different codebook sizes with mask ratio 0.15.

Mask Mask Beauty Toys and Games Sports and Outdoors

Strategy Ratio  p@5 N@5 R@I0 N@I0 R@5 N@5 R@10 N@10 R@5 N@5 R@10 N@10

0.05 0562 .0410 .0782 .0481 .0657 .0476 .0898 .0553 .0341 .0236 .0499 .0287
0.10 0572 0412 .0805 .0487 .0632 .0463 .0885 .0544 .0346 .0246 .0493 .0293
0.15 0574 .0424 0795 .0495 .0634 .0458 .0880 .0538 .0344 .0244 .0495 .0292
0.20 0549 .0403 .0788 .0480 .0628 .0457 .0858 .0531 .0339 .0240 .0473 .0283
0.25 0563 .0409 .0795 .0484 .0624 .0447 .0873 .0527 .0339 .0239 .0467 .0280
0.30 0558 .0407 .0774 .0476 .0613 .0443 .0854 .0521 .0333 .0238 .0466 .0281
0.35 0532 .0389 .0767 .0465 .0615 .0439 .0841 .0512 .0333 .0236 .0472 .0280
0.40 0551 .0399 .0772 .0471 .0593 .0429 .0844 .0510 .0336 .0237 .0474 .0282

Token-level

0.05  .0327 .0225 .0499 .0280 .0565 .0400 .0778 .0469 .0277 .0183 .0418 .0229
0.10  .0495 .0359 .0700 .0424 .0583 .0420 .0810 .0492 .0301 .0201 .0433 .0244
0.15  .0501 .0363 .0704 .0429 .0553 .0384 .0755 .0449 .0286 .0193 .0421 .0236
020  .0507 .0372 0716 .0439 .0568 .0408 .0819 .0489 .0290 .0195 .0426 .0239
025 0511 .0372 0717 .0439 .0568 .0403 .0800 .0477 .0292 .0193 .0439 .0241
030  .0510 .0370 .0715 .0436 .0580 .0404 .0815 .0479 .0295 .0200 .0447 .0248
035  .0521 .0379 .0749 .0453 .0571 .0395 .0807 .0471 .0285 .0192 .0446 .0243
040  .0516 .0370 .0740 .0442 .0555 .0384 .0806 .0466 .0296 .0199 .0439 .0245

Item-level

0.05 .0544 .0392 .0758 .0461 .0596 .0426 .0821 .0498 .0323 .0225 .0485 .0277
0.10 .0548 .0397 .0767 .0467 .0610 .0440 .0855 .0519 .0342 .0236 .0483 .0280
0.15 .0537 .0384 .0757 .0455 .0613 .0434 .0855 .0511 .0334 .0235 .0489 .0285
0.20 0560 .0401 .0775 .0470 .0617 .0440 .0853 .0516 .0342 .0238 .0490 .0286
0.25 0529 .0382 .0746 .0452 .0617 .0433 .0860 .0512 .0335 .0235 .0480 .0282
0.30 0519 .0377 .0743 .0449 .0612 .0428 .0854 .0506 .0335 .0232 .0489 .0282
0.35 0517 .0372  .0757 .0449 .0598 .0422 .0848 .0503 .0340 .0237 .0490 .0285
0.40 0516 .0368 .0753 .0444 .0590 .0418 .0825 .0494 .0329 .0228 .0490 .0280

Mixed-level

Table 7: Performance Sensitivity Analysis across Different Mask Ratios with Dataset-Specific Codebook Sizes (16
for Beauty, 32 for Toys and Games / Sports and Outdoors).
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Mask Reconstruction Beauty Toys and Games Sports and Outdoors

Strategy Loss R@5 N@5 R@10 N@I0 R@5 N@5 R@10 N@l0 R@5 N@5 R@10 N@I0
2.0 0562 .0414 .0779 .0484 .0638 .0475 .0868 .0548 .0337 .0241 .0472  .0285

1.8 0560 .0411 .0769 .0479 .0672 .0489 .0903 .0564 .0347 .0246 .0484  .0290

1.6 .0564 0415 .0767 .0480 .0653 .0476 .0877 .0548 .0344 .0241 .0484 .0286

1.4 0559 .0413 .0800 .0490 .0664 .0489 .0896 .0563 .0361 .0253 .0503 .0298

Token-level 1.2 0559 .0412 .0774 .0481 .0646 .0474 .0867 .0545 .0359 .0249 .0511 .0298
1.0 0574 .0424 0795 .0495 0657 .0476 .0898 .0553 .0346 .0246 .0493  .0293

0.8 0554 .0404 .0793 .0481 .0642 .0458 .0890 .0538 .0348 .0244 .0482  .0287

0.6 .0549 .0401 .0790 .0479 .0640 .0460 .0881 .0537 .0331 .0235 .0478  .0283

0.4 .0533 .0382 .0768 .0458 .0611 .0435 .0856 .0513 .0330 .0235 .0465 .0278

0.2 .0526 .0376 .0758 .0450 .0602 .0429 .0854 .0510 .0330 .0224 .0487  .0275

Table 8: Token-level performance under varying reconstruction loss values (predict loss fixed at 1.0). Mask ratios:
0.15 for Beauty, 0.05 for Toys, 0.10 for Sports; codebook sizes: 16 for Beauty and 32 for Toys/Sports.

Model Frequency Beauty Toys and Games Sports and Outdoors
Bin R@5 N@5 R@I10 N@l0 R@5 N@5 R@10 N@l10 R@5 N@5 R@10 N@I10
[0, 5] 0215 .0139 .0332 .0177 .0355 .0244 .0546 .0306 .0066 .0036 .0118 .0053
MHL [6, 10] .0385 .0276 .0505 .0314 .0656 .0460 .0855 .0524 .0200 .0145 .0304 .0179
[11,15] 0528 .0408 .0776 .0487 .0863 .0631 .1123 .0714 .0271 .0197 .0409 .0241
[16,20] 0399 .0302 .0608 .0368 .0757 .0555 .1087 .0661 .0271 .0194 .0398 .0235
[0, 5] .0056 .0037 .0165 .0071 .0246 .0160 .0418 .0215 .0027 .0014 .0072 .0028
RPG [6, 10] .0141 .0092 .0263 .0131 .0446 .0291 .0661 .0359 .0101 .0062 .0204 .0095

[11, 15] .0390 .0300 .0544 .0349 .0678 .0459 .1011 .0566 .0185 .0121 .0306 .0159
[16, 20] 0353 .0254 .0595 .0331 .0591 .0426 .0860 .0512 .0139 .0094 .0275 .0138

Table 9: Cold-start evaluation results across different target item frequency bins. The target items are grouped by
their occurrence frequency in the training set.
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Toys and Games

Setting Model A%
R@5 N@5 R@10 N@10
Full RPG .0550 .0386 .0778 .0460 -
Full MHL (ours) 0656 .0471 .0885 .0544 +18.3
Truncated RPG 6355 4823 7454 5176 -
Truncated MHL (ours) 8460 .7208 9199 7451 +44.0

Table 10: Comparison of RPG and MHL on the Toys
dataset. Both RPG and MHL use a 16-bit codebook,
with MHL utilizing a mask ratio of 0.10. “Full” denotes
evaluation on complete sequences, while “Truncated”
denotes evaluation on the prefixes of long sequences.
A% denotes the relative improvement of N@ 10.

Test Set Toys and Games A%
RPGN@10 MHL N@10

Full 0460 0544 +18.3
<10 0475 0548 +15.4
(10,201 0377 0515 +36.6
(20,301 0332 .0426 +28.3
(30,401 0621 .0680 +9.5
(40,501 0653 .0912 +39.7
> 50 0375 0577 +53.9

Table 11: Length-stratified N@ 10 performance of RPG
and MHL on the Toys and Games test set. Both RPG and
MHL use a 16-bit codebook, and MHL employs a mask
ratio of 0.10. A% denotes the relative improvement of
MHL over RPG.

Datasets #Users #Items #Interactions Avg. ¢
Beauty 22,363 12,101 176,139 8.87
Toys and Games 19,412 11,924 148,185 8.63

Sports and Outdoors 18,357 35,598 260,739 8.32

Table 12: Statistics of the Amazon Reviews 2014
datasets. “Avg. t” denotes the average number of inter-
actions per input sequence.
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Metric RPG MHL Relative Change

Wall-clock Time 25.4 min 55.5 min +118%
Step Time 64.8 ms 120.8 ms +86%

Peak GPU Memory 10,118 MB 11,076 MB +9.5%
Best Epoch 68 122 +79.4%
NDCG@10 0.0460 0.0518 +12.6%

Table 13: Efficiency comparison between RPG and MHL on Toys and Games dataset. Both models use codebook
size = 16.
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