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ABSTRACT

Generative recommendation encodes items as hierarchical semantic identifiers
(SIDs) and retrieves the next item through autoregressive decoding. Standard
next-token prediction, however, does not explicitly cover the multimodal tran-
sitions present in interaction sequences, leaving the ground-truth SID vulnerable
to irreversible pruning at early beam-search branches. Across three public bench-
marks, we find that 91.9%–96.6% of retrieval failures occur within the first two de-
coding steps. We therefore propose Temporal Autoregressive Alignment (TAAL).
During training, TAAL constructs a joint (c1, c2) soft target from historical tran-
sitions and aligns the early-prefix distribution with a forward KL objective. Dur-
ing inference, it calibrates candidate scores with pointwise mutual information
(PMI) to reduce the influence of globally frequent prefixes. On Amazon Beauty,
Instruments, and Yelp, TAAL improves NDCG@10 over the standard baseline
by 39.5%, 6.7%, and 28.6%, respectively, while increasing full-SID survival by
3.9%–16.6%. Beam-width analysis further shows that the relative survival gain
grows as the beam narrows, reaching 39.4% at B = 5.

1 INTRODUCTION

Sequential recommendation predicts the next item from a user’s interaction history and has long
been dominated by discriminative sequence models (Hidasi et al., 2016; Kang & McAuley, 2018;
Sun et al., 2019). Generative recommendation has recently introduced a different paradigm. Items
are encoded as hierarchical semantic identifiers (SIDs) through residual vector quantization (van den
Oord et al., 2017; Zeghidour et al., 2021), and an encoder–decoder recommender autoregressively
generates the identifier of the next item (Rajput et al., 2023). Subsequent improvements to code-
books and training objectives (Wang et al., 2024) have further integrated item representation learning
and ranked retrieval within a unified language-modeling framework.

Most advances in this paradigm focus on the tokenizer. LETTER improves codebook quality
through contrastive learning (Wang et al., 2024); LC-Rec, SEED, and Co-design jointly quantize
language representations and collaborative signals (Zheng et al., 2024; Hou et al., 2024; Sun et al.,
2024); ETEGRec aligns the tokenizer and recommender through knowledge distillation (Liu et al.,
2025); and DIGER uses a Gumbel–Softmax relaxation to learn differentiable SIDs (Fu et al., 2026).
A recent line of work instead optimizes beam-search behavior in the recommender. APAO identi-
fies vulnerable prefixes from model states and adaptively emphasizes them (Yu et al., 2026), while
BEAR introduces a beam-aware ranking constraint that pushes positive code tokens into the Top-
B set (Yang et al., 2026). Both methods primarily preserve the single positive target path. How
corpus-level, history-conditioned transition distributions can provide coverage supervision for mul-
tiple plausible prefixes remains underexplored.

Our analysis of decoding paths reveals the severity of early pruning (section 2). With beam width
20, the standard generative baseline misprunes the ground-truth target at the first code token c1 in
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53.0%–71.1% of cases (56.4% on Beauty, 53.0% on Instruments, and 71.1% on Yelp), followed by
another 21.3%–30.2% at the second token. Among all final misses, 91.9%–96.6% fail within the
first two steps, corresponding to 83.2%–92.4% of the full test set. These errors are irreversible under
trie-constrained beam search: once an early prefix leaves the beam, the entire subtree containing
the ground-truth item is removed. Although the autoregressive backbone conditions on the full
history X , the pointwise cross-entropy objective for next-token prediction (NTP) does not explicitly
encourage the predictive distribution to cover the multiple transition modes observed across the
corpus. The model may therefore collapse onto a few frequent paths at the earliest and widest
branches.

This observation motivates a direct design: because retrieval success is largely determined by
(c1, c2), training should preserve plausible joint transition modes at this granularity, while infer-
ence should normalize transition evidence by global frequency before reranking model candidates.
TAAL implements these complementary operations:

• Joint-prefix alignment during training. An exponentially decayed history aggregation
forms a joint-prefix soft target. A chain-rule decomposition and an unbiased Monte Carlo
estimator with Kmc = 2 align the model’s (c1, c2) distribution with empirical transitions
through forward KL.

• PMI calibration during inference. Pointwise mutual information normalizes global pre-
fix frequency and extracts the temporal collaborative lift used to rerank candidates within
the beam in O(B) time.

Our contributions are as follows:

• A hierarchical diagnosis of early pruning. By tracking ground-truth survival across SID
levels, we find a first-token mispruning rate of 53.0%–71.1%, with the first two steps ac-
counting for 91.9%–96.6% of all failures. Joint (c1, c2) alignment increases full-SID sur-
vival by improving coverage at the vulnerable early branches.

• Joint training and prior calibration with TAAL. We introduce a mode-covering joint KL
objective based on the chain rule and unbiased Monte Carlo sampling with Kmc = 2, im-
proving full-SID survival by 3.9%–16.6%. A lightweight PMI calibration then normalizes
prefix frequency and improves candidate ranking.

• Structure controls and beam-width analysis. Global-marginal and history-shuffled con-
trols separate generic structured supervision from history-conditioned alignment. Across
B ∈ {5, 10, 20, 50}, TAAL’s relative survival gain increases as the beam narrows and
reaches 39.4% at B = 5, consistent with its focus on early search truncation.

2 PRELIMINARIES AND THE EARLY-PRUNING CLIFF

2.1 PROBLEM FORMULATION AND HIERARCHICAL SEMANTIC IDENTIFIERS

Let U and V denote the user and item sets, with N = |V| items. For a user u ∈ U , the chronological
interaction history is Su = (v1, v2, . . . , vn). Sequential recommendation aims to predict the next
item vn+1.

In generative recommendation, a quantization model such as RQ-VAE (van den Oord et al.,
2017; Zeghidour et al., 2021) maps each item v ∈ V to a fixed-length hierarchical code tuple
cv = (c1, c2, . . . , cL). The level-l token cl is selected from a codebook Cl of size |Cl| = K.
We use c1 for the first token and coarse-grained category, c12 = (c1, c2) for the two-level joint
prefix and intermediate subcategory, and c1:l = (c1, . . . , cl) for the level-l prefix. Deeper prefixes
identify items at progressively finer granularity.

Given the SID sequence of historical items, X = (cv1 , . . . , cvn), a T5-based generative recom-
mender autoregressively produces the target SID:

p(cvn+1 | X) =

L∏
l=1

pθ(cl | X, c<l) . (1)
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Figure 1: Hierarchical SID trie and the mechanism of early pruning. A deviation by standard NTP at
c1 removes the subtree containing the ground-truth target. TAAL assigns probability mass to histori-
cally plausible transitions through joint-prefix alignment, increasing the chance that the ground-truth
branch remains within a finite beam.

Input c1 c1c2 Full SID Top-10
0

20

40

60

80

100

Gr
ou

nd
-tr

ut
h 

su
rv

iv
al

 (%
)

(a) Survival collapses at early prefixes
Beauty Instruments Yelp

0 25 50 75 100
Share among failed cases (%)

Beauty

Instruments

Yelp

60.5

59.6

74.3

31.4

34.0

22.2

91.9% early

93.5% early

96.6% early

(b) Most failures occur by c2

c1 pruned c2 pruned Later / rank

Figure 2: Ground-truth survival across beam-search decoding steps for the standard baseline with
B=20. The first-token mispruning rate is 53.0%–71.1%, and the first two steps account for 91.9%–
96.6% of all failures. Under trie-constrained beam search, these early pruning errors are irreversible.

Standard training minimizes the next-token prediction (NTP) loss:

LNTP = −
L∑

l=1

log pθ(c
∗
l | X, c∗<l) . (2)

The hierarchy determines the role of each position: c1 selects a coarse semantic branch, and c2
refines the choice within that branch. Because later legal tokens depend on this two-level prefix,
these positions carry the largest branching decisions and directly determine whether the ground-
truth path survives subsequent search.

2.2 THE EARLY-PRUNING CLIFF

Inference uses trie-constrained beam search to guarantee valid SIDs. Once a prefix leaves the beam,
all items below that prefix are permanently removed, making early errors structurally irreversible
(fig. 1). Let Scl be the fraction of examples whose ground-truth prefix remains in the beam after
expanding code token l, and let Sfull be the fraction whose complete ground-truth SID remains in
the final candidate set. We define the post-survival rank as the average rank of the ground-truth
candidate conditioned on full-SID survival. We track these quantities for the standard LETTER-
TIGER baseline at B=20 (section 4.1). As shown in fig. 2, first-step survival is 43.6%/47.0%/28.9%
on Beauty/Instruments/Yelp, corresponding to mispruning rates of 56.4%/53.0%/71.1%. The second
step removes another 21.3%–30.2%. Overall, the first two steps account for 91.9%–96.6% of all
retrieval failures (91.9% on Beauty, 93.5% on Instruments, and 96.6% on Yelp), or 83.2%–92.4% of
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Figure 3: TAAL joint training and prior calibration. During training, exponentially decayed history
aggregation constructs a joint (c1, c2) soft target, and an unbiased Monte Carlo forward-KL esti-
mator aligns the recommender’s joint distribution to mitigate early pruning. During inference, PMI
calibration normalizes global frequency and reranks candidates within the beam in O(B) time.

the complete test set. Later decoding and post-survival ranking together account for the remaining
3.4%–8.1% of failures.

The resulting mismatch is clear. Retrieval is determined largely by the first two steps, yet the point-
wise NTP objective does not explicitly use the corpus-level multimodal transition distribution as
coverage supervision. At these high-branching and high-cost decisions, the predictive distribution
can concentrate on a few frequent paths. Existing prefix optimization identifies the pruning phe-
nomenon, as in APAO, but does not inject a data-driven, multimodal temporal transition distribution
into both recommender training and decoding. This motivates our central question: can the same
statistical prior correct branching bias at training and inference without changing the end-to-end
generative paradigm?

3 TAAL: JOINT TRAINING AND PMI PRIOR CALIBRATION

The analysis in section 2 shows that retrieval failures concentrate at the first two SID positions. To-
ken c1 selects a coarse semantic branch, while c2 refines it and constrains all subsequent legal paths.
This creates two related challenges: training must cover multiple plausible transitions under the cur-
rent history, and inference must prevent empirical priors from being dominated by globally frequent
prefixes. TAAL addresses them through joint (c1, c2) prefix alignment during training and PMI cal-
ibration during inference (fig. 3). Forward KL preserves probability mass across transition modes,
while PMI subtracts the global marginal frequency before reranking candidates. The tokenizer, T5
backbone, and beam-search procedure remain unchanged.

3.1 JOINT-PREFIX TRANSITION MODELING WITH EXPONENTIAL HISTORY DECAY

Let π12(v) = (cv1, c
v
2) denote the two-level joint prefix of item v, and let P12 be the set of legal joint

prefixes observed in the training set. We count joint-prefix transitions between adjacent items in each
training interaction sequence. The final two validation and test items are excluded to prevent leakage.
This yields Count12 ∈ R|P12|×|P12| and the Laplace-smoothed empirical transition distribution

P
(
πnext
12 = b | πprev

12 = a
)
=

Count12[a][b] + ε∑
b′∈P12

Count12[a][b′] + ε |P12|
, (3)

where ε > 0 is a smoothing constant. The use of (c1, c2) is motivated directly by the measurements
in section 2.2: the first two steps already account for 83.2%–92.4% of the complete test set.

4
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For a training history (h1, . . . , hn), we aggregate transition distributions from the most recent Khist

items with exponentially decaying weights. Recent behavior receives greater weight while longer-
range transitions retain nonzero probability mass:

q12(b | H) =

∑Khist

k=1 γk−1 P
(
πnext
12 = b | πhn−k+1

12

)
∑Khist

k=1 γk−1
. (4)

When the history is empty, q12 falls back to the global joint-prefix marginal in the training set,
Pglobal(b) =

∑
a P (b | a)P (a).

3.2 TRAINING: MODE-COVERING FORWARD-KL ALIGNMENT AND MONTE CARLO
SAMPLING

During the T5 forward pass, the first position directly produces pθ,1(b1 | X). Enumerating and
decoding the second token for every legal c1 candidate would be expensive. By the probability
chain rule, the joint autoregressive forward KL decomposes exactly into a first-token marginal and
a conditional expectation:

L12 = KL(q12 ∥ p̂θ) = KL(q1 ∥ pθ,1(· | X)) + Eb1∼q1 [KL(q(· | b1) ∥ pθ,2(· | X, b1))] , (5)

where q1(b1) =
∑

b2
q12(b1, b2) is the first-token marginal target and q(b2 | b1) =

q12(b1, b2)/q1(b1) is the conditional target. The first term in equation 5 is computed exactly over
the complete C1 vocabulary. To estimate the second term without enumerating all candidates, we
sample Kmc = 2 branches from q1 and decode the corresponding conditional c2 probabilities:

L̃12 = KL(q1 ∥ pθ,1(· | X)) +
1

Kmc

Kmc∑
k=1

KL
(
q(· | b(k)1 ) ∥ pθ,2(· | X, b

(k)
1 )
)
, b

(k)
1 ∼ q1. (6)

This estimator satisfies E[L̃12] = L12 and provides an unbiased stochastic-gradient estimate of the
conditional KL.

We use forward KL, KL(q∥p̂), because its mode-covering behavior penalizes valid transitions for
which q12(b) > 0 but p̂θ(b) is close to zero. This encourages the model to preserve probability mass
on transition paths supported by the empirical distribution. The joint objective is

Ltotal = LNTP + α · L̃12, (7)

where α controls the auxiliary objective. This term applies only to the first two decoding positions.

3.3 INFERENCE: PMI-BASED TEMPORAL PRIOR CALIBRATION

At inference, trie-constrained beam search returns the Top-B candidate set B = {v1, . . . , vB}
and model log probabilities mv = log pθ(c

v | X). The autoregressive model naturally contains
a popularity bias toward globally frequent items. Directly adding the empirical temporal prior
log q12(c

v
12 | H) can therefore overemphasize globally frequent prefixes in dense domains.

TAAL instead uses pointwise mutual information (PMI) calibration. Dividing by the global
marginal frequency measures the collaborative lift of a local temporal association over its overall
popularity:

PMI12(c
v
12;H) = log

(
P̃ (cv12 | H)

Pglobal(cv12)

)
, (8)

where P̃ (cv12 | H) uses empirical-Bayes shrinkage for low-support contexts:

P̃ (cv12 | H) =
NH

NH + τ
q12(c

v
12 | H) +

τ

NH + τ
Pglobal(c

v
12), (9)

and NH is the observation count of the user’s recent context in the transition table. We set the
shrinkage strength to τ = 30. Each candidate v ∈ B receives the calibrated score

Score(v) = mv + β · PMI12(c
v
12;H), (10)

where β controls prior strength and is set to 0.02. Calibration reranks only the completed Top-B
beam in O(B) time and requires no change to the autoregressive decoder.
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3.4 DIVISION OF LABOR AND COMPLEXITY

Training and inference address complementary error sources:

• Candidate generation during training. Mode-covering joint alignment encourages the
model to cover multiple empirically supported paths at the (c1, c2) branches, increasing the
probability that the ground-truth target enters the final candidate set.

• Candidate ranking during inference. PMI calibration removes global marginal frequency
and adjusts candidate ranks according to temporal associations with the current history.

4 EXPERIMENTS

We evaluate TAAL from three perspectives: overall effectiveness, component contributions, and
consistency with the proposed pruning mechanism. Main experiments compare recommendation
performance across three benchmarks. Ablations isolate joint-prefix training and PMI calibration.
Survival diagnostics, structure controls, and beam-width sweeps test whether the observed gains fol-
low the early-pruning hypothesis, while sensitivity curves characterize the range of effective training
and inference weights.

4.1 EXPERIMENTAL SETUP

Datasets and protocol. We use Amazon Beauty, Amazon Instruments, and Yelp. The two Amazon
datasets contain category-specific product interaction sequences and have relatively concentrated
item categories. Yelp contains interactions with local businesses, a larger catalog, more heteroge-
neous behavior, and lower interaction density. Following DIGER (Fu et al., 2026), we use leave-one-
out splitting and full-catalog ranking with Hit@K and NDCG@K. Under leave-one-out evaluation,
Hit@K is equivalent to Recall@K. Dataset sizes and densities are reported in Appendix table 5;
these statistics are computed on the complete original interaction files before the validation/test
holdout.

Backbone and baselines. We use LETTER-TIGER (Wang et al., 2024; Rajput et al., 2023), com-
prising RQ-VAE SIDs and T5, with beam width B=20 and codebook size K=256. LETTER
(α=0, β=0) and APAO are rerun under the same protocol. Results for the remaining baselines
are those compiled by DIGER (Fu et al., 2026) under the same data splits and full-catalog ranking
protocol. We report the jointly trained c1c2 model as TAAL, and retain a c1-only variant as a diag-
nostic of first-prefix coverage. Within each dataset, the no-reranking and PMI-calibrated results use
the same training checkpoint. Models are trained independently across datasets.

TAAL hyperparameters and protocol. Training uses Khist=5, γ=0.7, smoothing constant
ε=10−4, and Kmc=2. We select α separately for each dataset from {0.1, 0.2, 0.3, 0.4, 0.5} on the
validation set, obtaining 0.2/0.2/0.3 for Beauty/Instruments/Yelp. Inference uses β=0.02, shrink-
age strength τ=30, and the five most recent history items for PMI calibration on all three datasets.
This inference window affects only post-checkpoint candidate calibration and does not change the
trained model. All reported results use a fixed seed of 42.

4.2 MAIN RESULTS

Table 1 reports the main results. Without inference reranking, joint c1c2 training reaches NDCG@10
values of 0.0477/0.0874/0.0286 on Beauty/Instruments/Yelp. PMI calibration further improves them
to 0.0484/0.0881/0.0293, corresponding to gains of 39.5%, 6.7%, and 28.6% over the standard base-
line. Under the same splits and full-catalog ranking protocol, TAAL with PMI improves over DIGER
by 30.2%, 4.4%, and 28.9% in NDCG@10. APAO (Yu et al., 2026) optimizes vulnerable positive
paths based on the model’s prefix states and achieves 0.0337/0.0811/0.0216. TAAL instead uses
corpus-level, history-conditioned joint transitions as coverage supervision and obtains higher values
in our reruns. The methods differ primarily in the source of supervision and the paths covered.

6



Published as a conference paper at XXXX

Table 1: Recommendation performance on three benchmarks under leave-one-out full-catalog rank-
ing, where H@10 is equivalent to Recall@10. LETTER (α=0, β=0) and APAO (Yu et al., 2026)
are retrained and evaluated under the same protocol. Within each dataset, the final two rows use the
same jointly trained c1c2 checkpoint, and PMI changes only candidate ranking. Bold indicates the
best result in each column.

Beauty Instruments Yelp

Category Method H@10 N@10 H@10 N@10 H@10 N@10

Sequential/
collaborative

MF (Koren et al., 2009) .0474 .0191 .0735 .0412 .0381 .0190
Caser (Tang & Wang, 2018) .0347 .0176 .0710 .0409 .0263 .0134
HGN (Ma et al., 2019) .0512 .0266 .1048 .0774 .0326 .0159
LightGCN (He et al., 2020) .0511 .0260 .1000 .0728 .0407 .0207
SASRec (Kang & McAuley, 2018) .0588 .0313 .0947 .0690 .0296 .0152
BERT4Rec (Sun et al., 2019) .0347 .0170 .0822 .0608 .0291 .0159

Generative baselines

BIGRec (Bao et al., 2025) .0299 .0198 .0576 .0491 .0169 .0142
P5-SID (Geng et al., 2022) .0584 .0335 .0964 .0730 .0324 .0170
P5-CID (Geng et al., 2022) .0597 .0347 .0987 .0751 .0347 .0181
TIGER (Rajput et al., 2023) .0610 .0331 .1058 .0797 .0407 .0213

Tokenizer/decoding
improvements

STE (Huh et al., 2023) .0134 .0067 .0554 .0360 .0147 .0077
ETEGRec (Liu et al., 2025) .0615 .0335 .1106 .0810 .0415 .0214
LETTER (α=0, β=0) (Wang et al., 2024) .0671 .0347 .1107 .0825 .0429 .0228
DIGER (Fu et al., 2026) .0683 .0372 .1138 .0844 .0432 .0227
APAO (Yu et al., 2026) .0641 .0337 .1092 .0811 .0409 .0216

Ours TAAL (c1c2, no reranking) .0844 .0477 .1167 .0874 .0515 .0286
Ours TAAL + PMI calibration .0856 .0484 .1176 .0881 .0525 .0293

Table 2: Ablation of the training objective and inference calibration. The no-reranking NTP baseline
is compared with TAAL under no reranking, the direct conditional transition prior log q12, and PMI
calibration log(P/Pglobal). Bold indicates the best result in each column.

Beauty Instruments Yelp

Training model Inference scheme H@1 H@10 N@10 H@1 H@10 N@10 H@1 H@10 N@10

c1c2, α = 0 No reranking .0118 .0671 .0347 .0623 .1107 .0825 .0081 .0429 .0228

c1c2, α > 0 No reranking .0204 .0844 .0477 .0658 .1167 .0874 .0117 .0515 .0286
c1c2, α > 0 + conditional prior (log q12) .0206 .0850 .0482 .0664 .1163 .0875 .0123 .0524 .0292
c1c2, α > 0 + PMI calibration .0208 .0856 .0484 .0664 .1176 .0881 .0118 .0525 .0293

4.3 ABLATION: JOINT TRAINING, CONDITIONAL PRIOR, AND PMI CALIBRATION

To isolate the training and inference contributions, table 2 compares the no-reranking baseline (α =
0) with TAAL (α > 0) under no reranking, a direct conditional prior (log q12), and PMI calibration
(log(P/Pglobal)). We make three observations:

1. Joint training provides most of the gain. Comparing the no-reranking rows for α > 0
and α = 0, NDCG@10 improves by 37.5%, 5.9%, and 25.7% on Beauty, Instruments,
and Yelp. Joint-prefix alignment therefore improves candidate generation independently of
inference calibration.

2. PMI provides a small but consistent NDCG@10 improvement in the matched runs.
Relative to the direct conditional prior, PMI is slightly higher on Beauty (.0484 vs. .0482),
Instruments (.0881 vs. .0875), and Yelp (.0293 vs. .0292). The difference is smallest on
Yelp.

3. The magnitude of calibration gains depends on the dataset. PMI improves the no-
reranking TAAL model by 1.5%, 0.8%, and 2.3% in NDCG@10 on Beauty, Instru-
ments, and Yelp, respectively. These modest changes are consistent with PMI acting as
a lightweight post-generation ranking correction rather than changing the candidate set.

4.4 BEAM SURVIVAL AND EARLY-PRUNING MITIGATION

To test whether joint KL mitigates early pruning, fig. 4 compares the failure decomposition and full-
SID survival of the standard baseline and joint c1c2 alignment. The c1-only variant isolates first-

7
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Figure 4: Failure decomposition and full-SID survival for TAAL. (a) Five-stage outcome decom-
position for standard NTP and the jointly trained TAAL model. (b) Ground-truth full-SID survival
Sfull, with relative gains of 16.6%, 3.9%, and 14.7%. Complete values are reported in Appendix ta-
ble 6.

prefix coverage: it asks whether improving the first prefix is sufficient for later c2 and complete-SID
survival, whereas joint c1c2 alignment covers the coupled early path. In the survival table, c1-only
raises Sc1 on all three datasets but leaves Sc2 and Sfull close to the standard baseline, whereas joint
alignment improves the subsequent stages as well. Appendix table 6 reports the complete values and
post-survival ranking under PMI. The main observations are:

1. Joint c1c2 alignment improves the complete path. Joint alignment increases Sc2 to
15.76%/17.75%/8.58% and improves Sfull over the baseline by 3.9%–16.6%. The direction
of these changes agrees with the NDCG gains in the main results.

2. PMI changes only post-survival ranking. PMI runs after beam search and therefore
leaves the candidate set and all three survival rates unchanged. Its effect appears in the
average rank of surviving targets, which improves from 7.21 to 7.11 on Beauty and from
5.13 to 5.02 on Instruments.

4.5 STRUCTURE-SPECIFIC MECHANISM DIAGNOSTICS AND CONTROLS

An auxiliary soft target may provide both structured smoothing and history-conditioned supervision,
so a performance gain alone does not identify which source is responsible. We separate them on
Beauty with seed = 42 and B = 20. All rows use the same data split, training recipe, seed, and
decoding protocol. The global-marginal control, history-shuffled control, and TAAL additionally
share the same forward KL and Kmc = 2 sampling procedure; only the joint-prefix soft target
differs (table 3):

1. Global marginal control (Pglobal(c12)). This target retains the nonuniform frequency and
popularity structure of joint prefixes but removes dependence on Hi. It tests whether gains
arise from generic supervision toward popular prefixes rather than personalized historical
transitions. We sweep α ∈ {0.1, 0.2, 0.4} independently.

2. History-shuffled control (q(c12 | Hπ(i))). We first compute the history-conditioned dis-
tribution for each sample in a batch, then cyclically shift the soft targets by one sample to
break their correspondence with the current histories. This control preserves entropy and
multimodality while testing the role of correct history binding. We use the same α sweep.

3. Temporal TAAL (q(c12 | Hi)). TAAL uses the context-aligned temporal distribution and
is evaluated with α ∈ {0.2, 0.4}.

Table 3 supports two conclusions:

1. Structured but misaligned supervision provides limited and weight-sensitive gains. At
α = 0.1, the global-marginal and history-shuffled controls reach .0382 and .0386, slightly

8
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Table 3: Structure-specific controls and hyperparameter sweeps on Beauty with B = 20 and seed
42. All changes are computed against the matched NTP baseline. The global-marginal target retains
popularity while removing history dependence; the shuffled target retains the conditional distribution
shape while breaking sample correspondence. Both controls can improve the baseline at low weights
but degrade as the weight increases. History-aligned TAAL achieves higher results across its tested
range.

Control Soft target Setting Sc1
(%) Sc2

(%) Sfull(%) Hit@10 NDCG@10 Change vs. NTP

A. NTP baseline No auxiliary loss α = 0 43.57 14.26 10.07 .0671 .0347 Reference (0.0%)

B. Global marginal
(Pglobal(c12))

Static catalog prior
without context

α = 0.4 (high) 37.28 11.75 7.63 .0567 .0296 -14.7%
α = 0.2 (medium) 40.95 13.56 9.44 .0667 .0368 +6.1%
α = 0.1 (best) 42.80 14.30 10.22 .0715 .0382 +10.2%

C. History shuffled
(q(c12 | Hπ(i)))

Preserved multimodality;
broken history binding

α = 0.4 (high) 35.87 11.06 7.13 .0512 .0269 -22.5%
α = 0.2 (medium) 40.88 13.37 9.39 .0669 .0360 +3.8%
α = 0.1 (best) 42.62 14.40 10.20 .0724 .0386 +11.3%

D. TAAL (ours)
Context-aligned
temporal transitions

α = 0.4 45.58 15.33 11.54 .0806 .0455 +31.2%
α = 0.2 (main) 45.24 15.76 11.75 .0844 .0477 +37.5%

+ PMI calibration α = 0.2, β = 0.02 45.24 15.76 11.75 .0856 .0484 +39.5%
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Figure 5: Beam-width sensitivity on Beauty. (a) Ground-truth full-SID survival at B ∈
{5, 10, 20, 50}. (b) Relative survival gain of TAAL over NTP. The gain increases as the beam nar-
rows and reaches 39.4% at B = 5.

above the matched NTP baseline of .0347. As α increases to 0.4, they fall to .0296 and
.0269, respectively. Thus, weak structured supervision can help, but increasing a target that
lacks the correct history correspondence can hurt the current sample’s decoding objective.

2. History alignment is more effective and tolerates larger weights. TAAL reaches
NDCG@10 of .0477 and Sfull of 11.75% at the main setting α = 0.2. At α = 0.4, it
remains at .0455, whereas both controls are below the matched baseline. This pattern is
consistent with correct history-conditioned transitions providing the main advantage be-
yond generic prefix structure.

4.6 BEAM-WIDTH SENSITIVITY AND PRUNING PRESSURE

To examine behavior under different pruning pressures, we fix the NTP and TAAL model parameters
on Beauty and vary only the decoding beam width over B ∈ {5, 10, 20, 50}.

As shown in fig. 5 and table 4, the relative improvement in full-SID survival follows a monotonic
trend:

1. The relative gain in Sfull is
B = 5 (+39.4%) −→ B = 10 (+27.7%)

−→ B = 20 (+16.6%) −→ B = 50 (+9.3%).
(11)

Under the stronger truncation at B = 5, the ground-truth path is more likely to be pruned
and joint-prefix alignment provides its largest relative gain. As the beam expands to B =
50, the baseline explores more paths and the gap narrows.

9
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Table 4: Ground-truth survival at different beam widths on Beauty, with α = 0.2 for TAAL. The
relative full-SID survival gain over NTP increases as the beam narrows. Values at B = 20 agree
with Appendix table 6.

Beam B Model Sc1
(%) Sc2

(%) Sfull(%) Relative gain

B = 5
NTP baseline 27.38 7.12 3.86 +39.4%TAAL 28.95 8.49 5.38

B = 10
NTP baseline 35.02 10.19 6.44 +27.7%TAAL 36.48 11.76 8.23

B = 20
NTP baseline 43.57 14.26 10.07 +16.6%TAAL 45.24 15.76 11.75

B = 50
NTP baseline 55.84 21.40 16.54 +9.3%TAAL 58.69 22.84 18.07
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Figure 6: Hyperparameter sensitivity on three datasets. (a) No-reranking NDCG@10 versus the
training alignment weight α. (b) PMI-calibrated NDCG@10 versus the inference weight β. Out-
lined markers indicate the settings used in the main results (α = 0.2/0.2/0.3 and β = 0.02), rather
than the maxima of the test curves.

2. TAAL improves prefix survival at all four beam widths, and the improvement increases
with pruning pressure. This pattern is consistent with the method’s focus on early beam-
search truncation.

4.7 HYPERPARAMETER SENSITIVITY

Figure 6 reports no-reranking NDCG@10 across the training weight α ∈ [0, 0.5] and PMI-calibrated
NDCG@10 across the inference weight β ∈ [0, 0.10]. Over the tested α grid, the highest observed
values occur at 0.3, 0.4, and 0.5 for Beauty, Instruments, and Yelp, respectively. Yelp is still in-
creasing at the upper boundary, so this sweep characterizes the tested effective range rather than
establishing an interior optimum. The observed β maxima occur at 0.05, 0.03, and 0.015; the com-
mon setting β = 0.02 is within 0.00017 NDCG@10 of all three maxima, indicating a broad effective
region.

5 RELATED WORK

Generative sequential recommendation. Early sequential recommenders were primarily dis-
criminative, including GRU4Rec (Hidasi et al., 2016), SASRec (Kang & McAuley, 2018),
BERT4Rec (Sun et al., 2019), and graph-based collaborative filtering with LightGCN (He et al.,
2020). P5 (Geng et al., 2022) and M6-Rec (Cui et al., 2022) formulate recommendation as a lan-
guage task. TIGER (Rajput et al., 2023) established the current generative retrieval paradigm by
combining RQ-VAE SIDs with autoregressive generation. TAAL operates on the training objective
and decoding of the recommender within this paradigm.

Tokenizer optimization and collaborative quantization. LETTER (Wang et al., 2024) im-
proves codebook learning through multitask contrastive objectives. LC-Rec (Zheng et al., 2024)
and SEED (Hou et al., 2024) integrate language and collaborative signals into item quantization,
while Co-design (Sun et al., 2024) jointly optimizes collaborative and semantic quantization. ETE-
GRec (Liu et al., 2025) aligns the tokenizer and recommender through distillation, and DIGER (Fu
et al., 2026) introduces differentiable semantic identifiers with Gumbel relaxation. These methods
mainly improve offline SID quantization or tokenizer learning. TAAL instead operates after SIDs
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are fixed, modifying recommender training and candidate calibration. We use LETTER-TIGER as
the backbone, so the two directions are complementary.

Constrained decoding and the training–inference gap. Generative retrieval commonly uses trie-
constrained beam search (Tay et al., 2022; Bevilacqua et al., 2022; Cao et al., 2021), and STATIC (Su
et al., 2026) accelerates this process on hardware. APAO (Yu et al., 2026) detects vulnerable pre-
fixes from the model’s own prediction states and applies adaptive optimization. BEAR (Yang et al.,
2026) uses a beam-aware ranking regularizer so that positive code tokens satisfy the condition for
entering the Top-B candidates. Search-error analysis in machine translation provides a related per-
spective (Stahlberg & Byrne, 2019). APAO and BEAR primarily supervise the positive target path
and its model-internal ranking state. TAAL estimates a history-conditioned (c1, c2) transition dis-
tribution from the training corpus, covers multiple plausible prefixes during training, and removes
global marginal frequency with PMI at inference. Its focus is the source and dual use of external col-
laborative transition information rather than a redefinition of within-beam constraints on the positive
path.

Collaborative signal injection. Transition and co-occurrence structure are classical recommenda-
tion signals, from item-based collaborative filtering (Sarwar et al., 2001) to factorized personalized
Markov chains (Rendle et al., 2010). Recent work also injects collaborative cues into SID generation
through personalized natural language at inference (Han et al., 2026). TAAL introduces no addi-
tional language model; it uses a statistical transition table to construct both the training soft target
and the inference calibration score.

6 CONCLUSION AND LIMITATIONS

We quantify early beam pruning of ground-truth targets in generative recommendation and find
that 91.9%–96.6% of retrieval failures across three benchmarks occur within the first two decoding
steps. TAAL uses joint-prefix KL during training to cover multimodal, history-conditioned transi-
tions and applies PMI at inference to remove global marginal frequency before reranking candidates.
Full-SID survival improves by 3.9%–16.6%, and NDCG@10 reaches 0.04842/0.08810/0.02926 on
Beauty/Instruments/Yelp. Global-marginal and history-shuffled controls show that structured soft
supervision can provide limited gains, while transitions aligned with the current history are more
effective and tolerate larger auxiliary weights. The monotonic beam-width trend also agrees with
the proposed early-pruning mechanism.

Limitations. First, the transition model uses first-order contextual transitions; higher-order and mul-
tihop temporal behavior remain open directions. Second, the experiments cover three medium-scale
public datasets, and generalization to very large industrial catalogs requires further study. Third, the
main results use a fixed random seed of 42.
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A DATASET STATISTICS AND ADDITIONAL DIAGNOSTICS

A.1 DATASET STATISTICS

Table 5: Statistics of the three benchmark datasets before leave-one-out holdout. Density is the
number of interactions divided by the product of the number of users and items.

Dataset Users Items Interactions Avg. sequence length Density

Beauty 22,363 12,101 198,502 8.88 0.0734%
Instruments 24,772 9,922 206,153 8.32 0.0839%
Yelp 30,431 20,033 316,354 10.40 0.0519%

A.2 COMPLETE BEAM-SURVIVAL RESULTS

Table 6: Ground-truth survival and ranking diagnostics across decoding stages at beam width 20.
PMI calibration runs after candidate generation, so it leaves all three survival rates unchanged and
affects only post-survival rank and final ranking metrics.

Dataset Training and inference Sc1
(%) Sc2

(%) Sfull(%) Post-survival rank Hit@10 NDCG@10

Beauty

Standard baseline (NTP, α = 0) 43.57 14.26 10.07 8.13 .0671 .0347
c1-only (α = 0.4) 46.39 14.13 10.10 7.81 .0690 .0377
+ joint c1c2 KL (α = 0.2) 45.24 15.76 11.75 7.21 .0844 .0477
+ PMI calibration (β = 0.02) 45.24 15.76 11.75 7.11 .0856 .0484

Instruments

Standard baseline (NTP, α = 0) 47.02 16.83 13.84 5.31 .1107 .0825
c1-only (α = 0.2) 50.77 16.79 13.80 5.40 .1101 .0818
+ joint c1c2 KL (α = 0.2) 49.27 17.75 14.37 5.13 .1167 .0874
+ PMI calibration (β = 0.02) 49.27 17.75 14.37 5.02 .1176 .0881

Yelp

Standard baseline (NTP, α = 0) 28.87 7.57 6.69 8.29 .0429 .0228
c1-only (α = 0.3) 32.60 7.55 6.69 8.23 .0435 .0234
+ joint c1c2 KL (α = 0.3) 31.06 8.58 7.67 7.82 .0515 .0286
+ PMI calibration (β = 0.02) 31.06 8.58 7.67 7.61 .0525 .0293
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