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Abstract

Forecasting multi-step user behavior trajectories requires reasoning over structured
preferences across future actions, a challenge overlooked by traditional sequential
recommendation. This problem is critical for applications such as personalized
commerce and adaptive content delivery, where anticipating a user’s complete
action sequence enhances both satisfaction and business outcomes. We identify an
essential limitation of existing paradigms: their inability to capture global, listwise
dependencies among sequence items. To address this, we formulate User Behavior
Trajectory Prediction (UBTP) as a new task setting that explicitly models long-
term user preferences. We introduce Listwise Preference Diffusion Optimization
(LPDO), a diffusion-based training framework that directly optimizes structured
preferences over entire item sequences. LPDO incorporates a Plackett—Luce su-
pervision signal and derives a tight variational lower bound aligned with listwise
ranking likelihoods, enabling coherent preference generation across denoising steps
and overcoming the independent-token assumption of prior diffusion methods. To
rigorously evaluate multi-step prediction quality, we propose the task-specific met-
ric: Sequential Match (SeqMatch), which measures exact trajectory agreement,
and adopt Perplexity (PPL), which assesses probabilistic fidelity. Extensive experi-
ments on real-world user behavior benchmarks demonstrate that LPDO consistently
outperforms state-of-the-art baselines, establishing a new benchmark for structured
preference learning with diffusion models.

1 Introduction

Understanding and forecasting user behavior is a vital problem in personalized Al and interactive
systems [[1} 12} 13} 14,15, 16]. Many approaches, such as sequential and dynamic recommendation models,
use a user’s past interaction sequence to predict the next item or action of interest [[7} [8]].
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Traditional sequential recommendation models typically focus on predicting a user’s next item based
on recent history [9, 10, [11]. Although this one-step (myopic) approach can capture short-term
preferences, it often optimizes immediate engagement metrics (e.g. clicks or quick rewards) at the
expense of long-term user satisfaction [[12} [13]]. In fact, immediate feedback signals offer limited
insight into a user’s lasting interests and can even mislead the system. For example, click-based
optimization may favor clickbait content that hurts long-term enjoyment [7]. As a result, next-
item recommenders tend to be short-sighted or greedy. Studies have observed that approaches
which optimize only short-term rewards (such as contextual bandits for clicks) can yield suboptimal
recommendations in the long run [[7]. In summary, one-step sequential models often neglect the
longer-term consequences of each recommendation, potentially degrading user experience over time.

In contrast to that, predicting user behavior trajectories goes beyond next-item recommendation by
forecasting a user’s sequence of future actions across multiple time steps or stages. This can involve
predicting a user’s engagement over a longer horizon (days or weeks ahead), or modeling multi-
stage decision processes rather than a single step. By anticipating user behaviors at multiple future
timestamps, we can aim to capture longer-term preferences, intentions, and patterns that traditional
sequential models might miss. Thus, we introduce User Behavior Trajectory Prediction (UBTP),
which challenges a model to generate a coherent, ordered sequence of future interactions based on
a user’s past behavior. Unlike single-step forecasting, UBTP must account for drifting preferences,
capture dependencies among successive actions, and manage the compounding uncertainty inherent
in multi-step predictions.

Recently, diffusion models have emerged as a powerful paradigm for generative recommendation
(14,150 116} [17], providing a probabilistic framework to systematically model uncertainty and produce
diversified recommendations through explicit learning of latent data distributions. However, while
current diffusion-based recommenders demonstrate effectiveness in next-item prediction scenarios,
their direct extension to the user trajectory prediction tasks fails to account for the dynamic evolution
of user preferences across different temporal stages within predicted trajectories. This limitation
leads to compromised prediction fidelity, where the learned plausible distributions may inadvertently
incorporate more non-target items due to unmodeled preference transitions as shown in Figure/[T] (b).

Existing diffusion-based recommenders typically incorporate point-wise preference signals by ad-
justing the likelihood of each item independently during denoising, which encourages the model to
favor relevant items at individual positions. However, this approach neglects the joint dependencies
and relative ordering among items in the final list, crucial aspects for generating coherent multi-item
trajectories, and thus can still scatter probability mass over unrelated targets. In contrast, a list-wise
treatment of preference supervision directly maximizes the joint likelihood of the entire ordered list
(cf. Figure[T](d)), naturally capturing both item relevance and inter-item relationships.

A natural question arises: can we inject listwise preference supervision directly into the diffusion
process to produce more accurate and coherent user behavior trajectories?

We propose Listwise Preference Diffusion Optimization (LPDO), a novel method that aligns the
reverse diffusion process with listwise ranking objectives. The standard training objective of diffusion
models optimizes a variational evidence lower bound (ELBO) with marginal reconstruction losses,
but it treats each prediction independently and overlooks the ranking structure that is fundamental
to personalized user trajectory prediction. Therefore, we inject a Plackett—Luce ranking signal
into the variational lower bound, ensuring that at every denoising step the model favors true items
over alternatives. This principled integration bridges diffusion denoising and personalized ranking,
making the generation process more consistent with the UBTP objective. Compared to non-diffusion
models (cf. Figure|l|(a)) and traditional diffusion models (cf. Figure|l{ (b)), our preference-aware
framework (cf. Figure[T](c)) produces coherent, preference-aligned trajectory generations. Our main
contributions are summarized as follows:

* We formally define User Behavior Trajectory Prediction (UBTP) as the task of forecasting an
ordered sequence of k future user interactions, highlighting its practical importance and challenges.

* We propose the Listwise Preference Diffusion Optimization (LPDO), a novel training paradigm
that seamlessly incorporates Plackett—Luce listwise ranking into the diffusion ELBO, enabling
coherent and preference-aware generation of user behavior trajectories.

* We propose a principled ELBO that incorporates Plackett—Luce ranking terms, tightly coupling
diffusion denoising with multi-step ranking likelihoods.
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Figure 1: Examples of user trajectory predictions and a comparison of optimization strategies. The
circles ® # s & represent a series of theme-related movies (e.g., Harry Potter film series), and the cross
% indicate unrelated movies that user does not prefer; the dash line denotes the predicted movie
list that user might be interested in; the left color bar shows spatial probability. (a) Non-DM model
(e.g., SASRec [18])) is typically deterministic and predict a fixed trajectory, which often fails to capture
users’ latent preferences. (b) Traditional diffusion model captures a preference distribution to produce
a more robust trajectory, but the distribution may overlap with unrelated targets. (c¢) Preference-aware
diffusion model incorporates user preference into the sampling process, concentrating the trajectory
distribution on related targets and yielding more coherent recommendation lists. (d) Comparison of
optimization objectives: position-wise preference optimization (top) independently maximizes each
position’s likelihood and ignores inter-item dependencies; list-wise preference optimization (bottom)
maximizes the joint likelihood of the entire ordered list, better capturing ordering and dependencies
among items and producing more consistent, accurate behavior trajectories.

* We propose the novel Sequential Match (SeqMatch) metric to rigorously evaluate multi-step
prediction quality.

* On four benchmark datasets, LPDO achieves new state-of-the-art performance, substantially
improving both precision and sequence coherence over other baselines.

2 Related Work.

User Behavior Modeling. User behavior modeling plays an important role in recommender systems.
Traditional sequential recommendation models [19} (18] 9l [10] focus on predicting the next item
by modeling recent interactions, but they often struggle to capture long-term preferences or multi-
step behaviors. Recent approaches forecast user behavior trajectories over multiple time steps or
conversion stages. Graph Multi-Scale Pyramid Networks (GMPN) [20] capture multi-resolution
temporal dynamics and category dependencies for purchase prediction. The Adaptive Intent Transfer
Model (AITM) [12] models sequential dependencies in multi-stage conversion funnels via adaptive
feature transfer. PinnerFormer [[13] employs a Transformer-based model to forecast comprehensive
user engagements.

Diffusion Models in User Behavior Prediction. Unlike traditional generative models such as VAEs
and GAN:Ss, diffusion models [21]] employ a denoising-based generation process that progressively
reverses a multi-step noising procedure. This approach enables more precise alignment between
generated samples and the underlying training data distribution and show promising results in
various generative tasks. Recently, diffusion models have emerged as the prevailing generative
predictor in many user behavior modeling tasks [22| 23] 24]. DiffRec [25] proposes the application
of diffusion processes to users’ interaction vectors (i.e., multi-hot vectors) to facilitate collaborative
recommendation. DiffuRec [[15] uses a Transformer backbone to reconstruct target representations
based on the noised user’s historical interaction behaviors. DCDR [26] adopts a discrete diffusion
framework for progressive re-ranking. DreamRec [14] generates oracle next-item embeddings based
on user preferences but faces scalability challenges due to the absence of negative sampling. PreferDiff
[L6] reformulates the BPR loss for diffusion models. DCRec [27]] further enhances alignment between
generated predictions and user preferences through implicit and explicit conditioning mechanisms.
Although promising, these methods are not ideally suited for trajectory prediction due to their
position-wised optimization objectives and their disregard for the causal relationships within the
predicted trajectory.



3 Preliminary

In this section, we introduce notation and formally define the tasks studied in this paper.

Definition 1 (User Interaction History). LetZ = {1,2,..., M} denote the item universe of size M.
For each user u, we denote their observed interaction history up to time n as:

Hu = (iu,17iu,2>---;iu,n) 61-7 (1)

where i, ; is the j-th item interacted by user v and n is the history length.

Definition 2 (Multi-step Top-K Sequence Prediction). Given a user history Hy, = (44,1, - - -, %un)
the goal is to predict the next k items:

Su - (iu,n+1; Z'u,n+2; cee 7iu,n+k)7 (2)

in which for each future position j € {1,..., k}, the model outputs a ranked list of K candidates

Auj = (A1, Quj2y -5 Qg K ), 3)

such that 4, ; € Z and |Au,j| = K. The evaluation metrics are based on the inclusion of the
ground-truth item ., ,,; in A, ;.

Objective of Diffusion Models. We first revisit the vanilla diffusion models, established by DDPM
[21] and introduce the diffusion objective employed in user behavior modeling. The objective
optimization of diffusion parameterized by 6 is to model the distribution of user behaviors, denoted
by pe(20), where z is the target sample. In the context of diffusion-based recommendation, zg
corresponds to the embedding of the target item 7.

To learn the py(zo), DDPM first progressively add noise to sample zg as {zo, . .., 27—1, 27}, where
T is the number of diffusion steps and z7 is a standard Gaussian noise. Each step can be formulated
as q(z¢)ze—1) = N(2¢; Jorzi—1, (1 — ay)I), where the Gaussian parameters cv; varies over time step
t. This is called the forward process.

The reverse process is recovering the zg by {zr,..., 21,20}, where each denoising step can be

also formulated as a Gaussian transition pg(z¢—1]2¢) = N (z¢—1; o (2, t), Lo (24, 1)). Based on the
forward and reversed process, the objective optimization based on ELBO can be formulated as:

T .
4s(20[1) q(zr|20)
Lripo = E i Cillfo(ze,t) — 20||> +log —2-2 log ===~ 4)
a4 (20:71%) ; || ( ) ) H p(j)(Z‘Z()) pG(ZT)
ERanking L:Regulariza(ion

LReconstruction

where fy is the denoising model and ¢ represents the parameters of embedding layers in the recom-
mendation task. It is worth noting that ¢ and £; is not included in DDPM as it was originally designed
for image domains without embedding layers. We provide a detailed derivation in Appendix B}

Diffusion Model Inference and Behavior Modeling. Starting from pure Gaussian noise, diffusion
models employ the denoising network fy to iteratively generate latent embeddings, culminating
in the inferred behavior prediction embedding zy. This embedding 2, is then mapped back to the
corresponding item space. In sequential recommendation tasks, the Top-K items from the candidate
set are identified as potential user preferences.

4 Listwise Preference Diffusion Optimization

In this section, we present Listwise Preference Diffusion Optimization (LPDO), a novel framework
for the UBTP task. LPDO departs from standard diffusion-based recommenders by directly instilling
listwise preference information into a non-autoregressive diffusion model in continuous latent space,
coupled with a Plackett—Luce ranking objective. This unified generative ranking design raises
several nontrivial challenges: most notably, how to bridge the gap between continuous denoising and
discrete Top-K list creation, how to derive a tractable variational bound that jointly accommodates
reconstruction and listwise likelihood, and how to balance generation fidelity against preference
alignment without destabilizing training. In the remainder of this section, we describe how we
overcome these hurdles through (i) an end-to-end differentiable scoring head mapping denoised latents
to item logits, (ii) the preference causal transformer, which models the directional dependencies among



denoised item representations to capture causal preference order and enhance listwise consistency
and (iii) a tight ELBO decomposition that seamlessly integrates Plackett—Luce terms.

Our approach leverages a non-autoregressive diffusion model in continuous latent space, combined
with a Plackett-Luce ranking objective. We describe the key components below.

4.1 Diffusion Framework for UBTP

Objective of Diffusion UBTP. We extend the diffusion optimization framework for user trajectory
prediction based on DCRec [27]]. Unlike prior works that add noise solely to the target item embed-
ding z [14}115,[16], DCRec concatenates the target item embedding with the corresponding history
embedding, thereby introducing an explicit conditioning signal through z,. This concatenation
strategy has also been shown to be an effective diffusion paradigm in NLP tasks [28]. Motivated
by this, we adopt a similar design for the UBTP task by concatenating the target trajectory with its
corresponding historical context. Let zg = (20 1, - - -, 20.x) € R¥*? be the latent embeddings corre-
sponding to the future k items. The concatenated sample can be formulated as Xo = concat(H, zo).
Therefore, as illustrated in Figure[2] we reformulate the forward and reverse processes as q(X¢|X;_1)
and py(X;—1|X¢, H), respectively, based on which Equation can be extended as follows:

T
q6(Xo|Swu) 9(Xr|Xo)
Luste = Eq, (Xg.7 /5. Cil|fo(Xs,t) — Xo|[* + log +log , (5)
46 Ko7|Sw) ; P (SulXo) po(Xr)
L Recondtruction LRanking LRegularization
where S, is predicted item lists corresponding to zo.
Preference Causal Transformer. Unlike the next-item predic-
tion target in previous user behavior tasks, trajectory prediction  x, X, X X
exhibits strong causality and a clear evolution of user prefer- a(XeXep)
ences within the trajectory. Therefore, as shown in Figure %6, o, Forwardprocess gr g
bottom, we employ a gausal transfqrmer backbqne as fy. The ~__"
concatenated embedding X; and time embedding ¢ are sent |, 7 _Reverseprocess |z, .
to the causal attention layer. Following [27], the clean history PoXe-11Xe, Ho)
embedding H is then added as a conditioning signal through \
a cross-attention layer. This model effectively captures causal x. B
dependencies and user preferences while denoising the input, !
thereby enhancing the quality of the generated outputs z. [ e—"—— ]
XN
4.2 Bridging Diffusion and Sequential Listwise Ranking
| I

To ground our sequence-level diffusion objective in established ¢ LA o
learning-to-rank theory, we begin by recalling the classical Time Embed Concatenated X,  History Embed
Bayesian Personalized Ranking (BPR) loss [29], which opti-
mizes pairwise preferences. Given a user u, a positive item ¢+
and a negative item ¢~ , BPR minimizes: Figure 2: Illustration of LPDO.

Lepr = —Ino (. i+ — Gui-), (6)

where g, ; is the predicted score for user w on item ¢, and o(-) is the sigmoid function. While
effective for one-step ranking, BPR has two major drawbacks in our UBTP task: (i) Pairwise myopia:
it only compares one positive/negative pair, ignoring interactions among the full future sequence
(tuns1s - - - > buntk)- (i) Latent-variable mismatch: BPR’s pointwise score differences cannot readily
incorporate the diffusion latent variables X, that model an entire trajectory at each step.

To capture full-sequence structure, we turn to the listwise likelihood framework. Let m = [y, ..., Tk]
be a permutation of the K candidate items at one future position j. ListMLE [30] maximizes:

K
exp(s,rr)

Liis == log ———"" 7

ListMLE ; og Ziecr exp(si) (7

where C, =C\ {m1,...,mr-1}, (8)

where s; is the score for item 4, and C denotes the candidate set at this prediction step. This listwise
objective jointly enforces consistency among all ranks within the position 5. However, the strict



exclusion of lower-ranked items can produce overly peaked distributions and sparse gradients that
impede stable optimization. Thus, we further loosen ListMLE:

K exp(sx,.)
Lsoft-List MLE = — Zlog

, ©)
=T (=) Yiee, exp(si) +v X cc exp(si)

where € [0, 1] is a penalty factor. Building on Lgot—ListmLE, We embed listwise ranking into our
diffusion-based user trajectory model. Recall from Section 4.1 that we already have:

X = concat(H, (ze,1,. .., 2tk) ), (10)

We then define a listwise diffusion loss over the ground-truth next-item sequence Sy, :

k

LListPret = — Zlnpe (iu,n+j | X¢, ’H;’Y), 11

j=1
where pg (iuJH_ i | X¢, H; ) is the Plackett-Luce model when v = 0. In this way, Lyis¢pret inherits the global

ranking advantages of ListMLE while fully integrating the diffusion latent dynamics that generate multi-step
user trajectories.

4.3 Derivation of ListPref Loss

To optimize the joint likelihood of the latent trajectories and the Top-K lists, we consider optimizing Equa-
tion (IT)). This objective is directly intractable because it requires marginalizing over the full diffusion chain
Xo:7. We introduce the forward noising process q(Xo.7 | Xo) as a variational posterior [21] and obtain:

k
LiListPref = — Z ln/pQ(iu,n+j7 Xo:r | #;7) dXo:r

j=1
k T .
X Xt X 7H w,n+7j X 7H,
Z—ZIH/Q(XO:T|XO)p( 7) My P01 X0 1) pofinss | Ko 7)o
j=1 q(XO:T | XO)
k
< = Eqxo.r1%0) |:Z 1np9(iu,n+j | X0>H§'Y):|
j=1
T
+ ZEq(XuxmKL(fl(Xt—l | X¢,Xo) || po(Xi-1 |Xt7’HW)) + KL(Q(XT | Xo) ||p(XT)>~
t=1
(12)

4.4 Connecting Diffusion Models With Listwise Maximum Likelihood Estimation

4.4.1 Joint Likelihood and ELBO

To formally connect diffusion-based generation with listwise maximum likelihood, we write the joint likelihood
of the next-item sequence and the diffusion chain:

k T k

> 1 po (iunt s Ko |H;vy) =Inpe(Xr) + Y Inpe(Xe1|Xe, H;y) + Y Inpp (iunis | Xo, H;7),

j=1 t=1 j=1
13)

where pg(X:—1 | X¢, H;~y) denotes the reverse diffusion kernel and pg (iw,n+; | Xo, H; ) models the listwise
likelihood of the true next item under the denoised latent state.

Maximizing the marginal likelihood Z;?:l In po(tu,n+j | H;y) is intractable, as it requires integrating over all
diffusion trajectories. To address this, we introduce the variational distribution ¢(Xo.7 | Xo) to approximate



the forward noising process and derive an evidence lower bound (ELBO):

, 1 00 (funts, Xowr | Hi )
> pg (iunts | H;y) = 1H/Q(XO:T | Xo) == dXo:r
e q(Xo:r | Xo)
T
>~ ZKL(q(X,H | Xet, Xo) || po(Xe—1|Xe, H;’Y))
t=1
k
+ ZEq<xn;T|xo>[lnp9 (tu.n+ | Xo, H;v)], (14)
j=1

The derivation details are given in the Appendix [C| Dropping constants and reordering, the final ELBO becomes:

T k

Lorso = Y KL(a(Xe-1|Xe, Xo) || po(Xi-11Xs, H7)) = 3 Eaxrixo) 1196 (i1 Ko, Hi7)] -
t=1 j=1

15)

Minimizing Lrr.Bo jointly optimizes denoising fidelity (first term) and listwise ranking utility (second term),

thus bridging diffusion generation with listwise maximum likelihood estimation. We provide a pseudo-code of
the training process in Appendix [D} Please refer to it for more details.

4.5 Optimization and Inference

Optimization. We optimize £(6) via stochastic gradient descent. At inference, we sample from py by iterative
denoising from zr ~ N(0, I) down to z1, then compute scores s; ; and select Top-K per position in parallel:

Lirpo = ALlsimple + (1 — A)Liistprer + LReg (16)
—_————
Reconstruction Loss Learning Preference Regularization Loss

Here, Lsimple and Lreg are defined in Equation (3. This unified objective jointly enforces trajectory consistency
and listwise ranking fidelity during training.

Inference. At test time, given a user history H,,, we sample a k-step future trajectory as follows:
Xy ~ N (0, 1), Xooy = po(Xe, £) + S0 (Xe, 1) P e, e~ N(O, 1), t=T,...,1. (17
After obtaining the denoised latent X, we compute for each future position j = 1,. .., k the ranking scores:
sji = e ¢o(X1);, €T, (18)
and select the Top-K items:
Au,j = TopK ({s;,i }iez). (19)

We also provide a pseudo-code for the inference process in Appendix D] Please refer to it for more details.

4.6 Evaluation Metric for UBTP

Commonly used evaluation metrics for next-item prediction tasks, such as HR@K and NDCG @K, are not
well-suited for UBTP tasks because they fail to effectively capture the sequential relationships within long-term
predictions. Similarly, sequence-based metrics from NLP tasks, such as BLEU [13] and ROUGE [31], are also
inappropriate for UBTP tasks due to their emphasis on strict Top-1 matching. This requirement is challenging to
meet in user behavior tasks, where data sparsity is a significant issue.

To evaluate the long-term prediction ability, inspired by the conventional Top- K metric HR@K, we use a new
list-wise metric SeqMatch@K (SM @K) to measure the similarity of two trajectories as follow:

k
1
SeqMatch@K = —— I Gunti € Auj 20
d D] EZD: </\( e ’J)> 20

j=1

where Dy is the test dataset. SeqMatch@K measures the strict consistency of a trajectory prediction model.
It calculates the percentage of test trajectories where every target item in the trajectory appears in the model’s
Top-K predictions for their respective positions. We provides an example of SeqMatch@K in Appendix [E]



5 Experiments

In this section, we aim to answer the following research questions:

* RQ1: How does LPDO perform on the UBTP task compared to state-of-the-art baselines?

¢ RQ2: How does LPDO benefits from L ppo comparing to other diffusion-based methods?

* RQ3: What is the impact of different hyperparameters (e.g., balance factors A and ) on LPDO’s performance?
* RQ4: What are the inference cost and model complexity of LPDO compared to the baseline methods?

5.1 Training Setup

Datasets. We evaluate our approach on three sequential recommendation datasets: Amazon Beauty [32],
MovieLens-1M [33], and LastFM [34]. We adopt the standard Leave-One-Out data-splitting strategy commonly
used in sequential recommendation tasks, where the “One” in our setting refers to a user trajectory with a
predefined sequence length. The trajectory length is set to 3 for Amazon Beauty, and 5 and 10 for MovieLens-1M
and LastFM, respectively. Detailed dataset statistics are provided in Appendix [G]

Baselines. Since UBTP is a newly proposed task, we conduct a comprehensive comparison of LPDO against
seven representative baselines from sequential modeling. These include three conventional methods: FPMC
[35], SASRec [18]], and STOSA [36]; four diffusion-based generative methods: DiffuRec [15], DreamRec [14],
PreferDiff [16] and DCRec [27]. Among them, all baselines are modified from their default training objectives
to support UBTP by applying the loss to each predicted item. Additionally, we extend SASRec to support
auto-regressive generation, denoted as SASRec-ar. This variant predicts the next item at each step, appends the
predicted item to the input sequence, and then performs the subsequent prediction based on the updated history.

Implementation Details. For all baselines, we carefully tune their hyperparameters to achieve the best
performance on the validation set. For our LPDO, we set A=0.1 for all datasets, and v=0.0/0.3/0.8 for Beauty,
MovieLens-1M and LastFM. We set the number of diffusion timesteps to 50 for training and 1 for inference, and
the [ linearly increases in the range of [le-4, 0.02]. We set the number of candidates K = M during training.
All models are trained and evaluated on an NVIDIA RTX 3090 GPU, and the training stopped after 5 evaluations
without improvement to prevent overfitting. More implementation details are described Appendix [H]

Evaluation. To evaluate the whole predicted trajectory, we modify the HR@K and NDCG @K metric, which is
for next-item prediction, to sequence HR (SeqHR) and sequence NDCG (SeqNDCG). SeqHR and SeqNDCG
are sequence-level evaluation metrics that compute the geometric mean of position-wise HRs or NDCGs.
Furthermore, we introduce SeqMatch (see Section[4.6)), enforcing strict consistency evaluation across all time
steps in a trajectory. Meanwhile, we also use Perplexity (PPL) [37] to quantify the uncertainty of the predicted
trajectory. For numerical stability, PPL is scaled by applying a logarithmic transformation. Following [[15}138],
we rank all candidate items for each predicted item in the target trajectory.

5.2 Performance Comparison (RQ1)

In this section, Table[I]reports the comparison results between our method and 8 different baseline methods on
three datasets with three different trajectory length settings. LPDO demonstrates significant improvements across
all datasets, highlighting the effectiveness of our diffusion-based approach for UBTP tasks. By incorporating a
listwise preference-aware optimization strategy, our framework facilitates the coherent and accurate generation
of user behavior trajectories. This enhancement improves consistency within the diffusion process, which is
evidenced by the performance gains over baseline methods.

Moreover, diffusion-based methods with ranking loss, such as DiffuRec and DCRec, generally outperform
non-diffusion methods. In contrast, diffusion models without ranking loss, such as DreamRec and PreferDiff,
struggle with trajectory prediction tasks, resulting in nearly zero values in all ranking metrics with significantly
higher PPL (e.g., PPL of PreferDiff is >500.0). We attribute this performance gap to embedding collapse; further
analysis appears in Section[J]} This trend indicates the advantages of generative modeling techniques and the
integration of ranking loss in capturing complex user behaviors and enabling causal future behavior prediction.
Among these methods, diffusion-based approaches like DiffuRec and DCRec demonstrate superior performance,
likely due to their ability to capture the inherent uncertainty of user interests. Notably, LPDO surpasses both
DiffuRec and DCRec across all datasets, showcasing that the incorporation of listwise optimization further
enhances the modeling of user preferences in both the forward and reverse diffusion processes.

5.3 Benefit From ELPDO (RQZ)

In Sectionf.4] we discuss how LPDO handles high-ranking items with larger gradients. Empirically, we find
that there are two main advantages.



Table 1: Overall performance comparison across different datasets and trajectory length settings.

Data Metric | FPMC SASRec SASRec-ak STOSA DiffuRec DreamRec PerferDiff DCRec | LPDO | Improve.

SH@5 0.0236  0.0219 0.0218 0.0238 0.0274 0.0002 0.0025 0.0250 | 0.0307 | 12.04%
~ SH@I10 | 0.0376  0.0466 0.0455 0.0407 0.0442 0.0006 0.0055 0.0388 | 0.0503 | 7.94%
T SN@5 0.0129  0.0114 0.0114 0.0120 0.0149 0.0001 0.0015 0.0135 | 0.0164 | 10.07%
5 SN@I0 | 0.0158 0.0199 0.0195 0.0171 0.0188 0.0003 0.0025 0.0159 | 0.0248 | 24.62%
~  SM@50 | 0.0253  0.0257 0.0238 0.0177 0.0363 0.0000 0.0000 0.0432 | 0.0521 | 20.60%
PPL 37.56 51.25 52.59 54.89 36.89 89.55 > 500.0 3890 | 33.86 8.21%

SH@5 0.0157  0.0895 0.0795 0.0865 0.0894 0.0028 0.0004 0.1107 | 0.1218 | 10.03%

sa SH@10 | 0.0371  0.1365 0.1366 0.1476 0.1540 0.0054 0.0165 0.1823 | 0.1983 | 8.78%
= SN@5 0.0098  0.0434 0.0445 0.0493 0.0506 0.0016 0.0049 0.0621 | 0.0679 | 9.34%
g 5 SN@I0 | 00179  0.0573 0.0574 0.0627 0.0649 0.0023 0.0073 0.0759 | 0.0825 | 8.70%
~  SM@50 | 0.0160  0.1045 0.1049 0.1074 0.1168 0.0000 0.0000 0.1458 | 0.1559 | 6.92%
PPL 38.43 33.62 33.58 33.47 3247 165.59 > 500.0 3142 | 30.36 3.37%

SH@5 0.0058  0.0581 0.0560 0.0476 0.0624 0.0022 0.0077 0.0717 | 0.0819 | 14.22%
s5 SH@10 | 0.0140 0.1033 0.0985 0.0864 0.1075 0.0043 0.0101 0.1277 | 0.1419 | 11.12%

T SN@5 0.0036  0.0331 0.0320 0.0276 0.0356 0.0012 0.0043 0.0412 | 0.0461 | 11.89%
§ SN@I0 | 0.0068 0.0446 0.0426 0.0377 0.0456 0.0018 0.0006 0.0550 | 0.0603 | 9.63%
=~ SM@50 | 0.0000 0.0299 0.0261 0.0214 0.0311 0.0000 0.0000 0.0381 | 0.0447 | 17.32%

PPL 85.55 68.99 70.41 73.92 68.35 305.19 >500.0 68.58 67.44 1.66%
SH@5 0.1636  0.1816 0.1829 0.1537 0.1793 0.0433 0.0035 0.1931 | 0.2507 | 29.83%

Sa SH@10 | 0.2311  0.2523 0.2564 0.2184 0.2458 0.0531 0.0065 0.2681 | 0.3244 | 26.52%
= i SN@5 0.0830  0.0917 0.0908 0.0760 0.0906 0.0205 0.0023 0.0972 | 0.1260 | 29.63%
£ 5 SN@IO0 | 0.0897 0.0953 0.0972 0.0836 0.0921 0.0185 0.0028 0.1015 | 0.1195 | 17.73%
=~ SM@50 | 0.1636  0.1578 0.1636 0.1463 0.1638 0.0189 0.0000 0.1723 | 0.2357 | 36.81%

PPL 39.29 28.26 28.20 30.65 30.5495 149.98 > 500.0 29.28 | 27.28 3.26%

SH@5 0.1080  0.1163 0.1148 0.0888 0.1209 0.0290 0.0000 0.1311 | 0.1705 | 30.05%
s & SH@I0 | 0.1703  0.1606 0.1654 0.1495 0.1715 0.0407 0.0074 0.1881 | 0.2362 | 25.57%
T SN@s 0.0598  0.0608 0.0597 0.0471 0.0625 0.0141 0.0000 0.0673 | 0.0879 | 30.61%
25 SN@IO | 0.0686 0.0610 0.0645 0.0624 0.0665 0.0159 0.0033 0.0730 | 0.0889 | 21.78%
== M@50 |0.0713 0.0635 0.0566 0.0449 0.0586 0.0098 0.0000 0.0557 | 0.0762 | 6.87%

PPL 83.16 61.69 61.56 66.41 65.29 283.50 >500.0 61.32 | 60.93 0.64%

SH@K, SN@K, and SM@K denote SeqHR@K, SeqNDCG@K, and SeqMatch@K, respectively. For all metrics except PPL, higher values indicate
better performance. Bold results indicate the best results, while underlined results denote the second-best. /mprove. denotes the relative improvement of
LPDO over the strongest baseline. The improvements are statistically significant (p < 0.05). For detailed performance comparison with more metrics,
please refer to Appendix[K]

Faster convergence. LPDO converges faster than other diffusion-based models employing different ranking
losses. As illustrated in Figure[3] (a), LPDO converges within approximately 25 epochs, whereas its counterpart
DCRec, which adopts a cross-entropy ranking loss, requires around 33 epochs to reach convergence.

Higher position-wise performance. Figure[3|(b) provides a position-wise comparison of SASRec, DiffuRec,
and LPDO on trajectory prediction tasks. The x-axis represents the different positions of the trajectory, and the
y-axis represents the prediction accurate measured by HR@5. The shaded areas represent the standard deviation.
The results clearly show that LPDO consistently achieves higher HR @5 scores across all prediction positions
compared to the other methods, indicating its superior ability to capture causal dependencies and the evolution of
user preferences over time. Notably, LPDO exhibits a significant performance advantage, particularly at earlier
positions, further highlighting its effectiveness in UBTP tasks.

5.4 Ablation Study of Hyperparameters in LPDO (RQ3)

Penalty factor ~. In Section [f.2] we discuss the deviation of the objective of LPDO. The hyperparameter
controls the balance between visiting items in the earlier positions of the trajectory and the remaining items
in the pool. Figure[3](c) illustrates the relationship between different ~ settings and the model performance
on MovieLens-1M dataset. The results indicate that LPDO achieves optimal performance when v = 0.3,
underscoring the importance of capture user’s preference evolution.

Loss ratio A. In Equation (I6), hyperparameter X controls the balance between reconstruct the trajectory from
noise and preference-aware ranking in LPDO. Figure 3] (d) shows that setting A = 0.1 achieves an appropriate
balance between these two objectives. We also evaluate the distinct contributions of different loss components
Listpref, Lsimples Lreg in MovieLens-1M and LastFM, with trajectory length 5. The results are depicted in Tableg]
and we can find that: (1) The model collapses completely when removing Lyisprer, achieving zero values in all
ranking metrics with significantly higher PPL. This demonstrates the essential role of ranking loss in maintaining
basic prediction functionality. (2) Removing Lsimpie causes severe performance degradation, particularly on
MovieLens-1M where SeqHR @5 drops by 53.8%, indicating the diffusion reconstruction loss critically stabilizes
the learning process. (3) Omitting Lreg results in suboptimal performance, indicating that regularization plays a
crucial role in the diffusion optimization process.

Model Backbone. We further conduct an ablation study on the Transformer backbone used in LPDO. Please
refer to Appendix[|for detailed results and analysis.
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Figure 3: Ablation and analysis of LPDO on ML-1M (len=5) dataset. (a) Training process comparison
between LPDO and DCRec, showing faster convergence and higher SeqMatch @50 for LPDO. (b)
Position-wise comparison of HR@5 across different models, where LPDO consistently outperforms
SASRec and DiffuRec at each position of the predicted trajectory. (c) Impact of penalty factor v of
Lotar- (d) Effect of loss ratio )\, indicating the best performance is achieved at moderate values of .

Table 2: Ablation study of different optimization components in LPDO.

Model MovieLens-1M (len=5) LastFM (len=5)

SeqgHR@51 SegNDCG@51  SeqMatch@507 PPL| SeqHR@51 SeqNDCG@5T SeqMatch@501  PPLJ
W/0-LListpref 0.0000 0.0000 0.0000 76.54 0.0000 0.0000 0.0000 37.36
W/0-Lsimple 0.0563 0.0321 0.0370 34.11 0.1452 0.0734 0.1345 29.52
W/0-LReg 0.0646 0.0366 0.0634 32.99 0.2284 0.1173 0.2123 27.87
L1ppo 0.1218 0.0678 0.1567 30.35 0.2507 0.1260 0.2357 27.28

6 Model Inference Cost and Complexity Analysis (RQ4)

In this section, we analyze the inference cost and model complexity of LPDO. We evaluate LPDO against
baseline models on the MovieLens-1M dataset with trajectory lengths of 5 and 10, as summarized in Table[3]
The inference time for the length-5 setting is generally higher than that for length-10, primarily due to the
larger data volume (see Table[5). Notably, the number of denoising steps in LPDO can be flexibly adjusted,
allowing the model to remain efficient for real-time trajectory prediction tasks. Although reducing the number of
denoising steps may slightly decrease performance, it substantially lowers computational cost. The overall model
complexity remains comparable across all methods, as they employ a similar Transformer-based backbone.

Table 3: Comparison of prediction performance with inference cost and complexity.

M MovieLens-1M (len=5) MovieLens-1M (len=10) .
odel Complexity
Time Cost] SeqMatch@507 PPL| Time Cost] SeqMatch@5017 PPL|

SASRec 3.34s 0.1047 33.62 3.29s 0.0299 68.99  O(nd?* + dn?)
SASRec-ar 4.01s 0.1049 33.52 5.30s 0.0261 7041  O(nd? + dn?)
DiffuRec 24.68s 0.1168 32.47 21.51s 0.0311 68.35  O(nd?* + dn?)
DCRec 12.83s 0.1458 31.42 11.18s 0.0381 68.58  O(nd? + dn?)
LPDO (Step=1) 3.40s 0.1559 30.36 3.34s 0.0447 67.44  O(nd? + dn?)
LPDO (Step=5) 4.14s 0.1569 30.36 4.07s 0.0446 6743  O(nd* + dn?)
LPDO (Step=25) 8.01s 0.1575 30.35 7.65s 0.0450 6743  O(nd? + dn?)
LPDO (Step=50) 13.46s 0.1575 30.35 12.26s 0.0452 6743  O(nd* + dn?)

All results are measured by an NVIDIA RTX 3090 GPU. d and n are the representation dimension and sequence length, respectively.

7 Conclusion

In this paper, we introduced the task of User Behavior Trajectory Prediction, which goes beyond next-item
recommendation by forecasting coherent, ordered sequences of future user actions. To address the inability of
existing diffusion-based predictors to capture global listwise dependencies, we proposed Listwise Preference
Diffusion Optimization (LPDO), a novel framework that seamlessly integrates a Plackett—Luce ranking signal
into the diffusion ELBO. We derived a tight variational lower bound that couples reconstruction fidelity with
listwise ranking likelihood, and we presented SeqMatch, a trajectory-level metric for rigorous multi-step
evaluation. Experiments on real-world datasets show that LPDO offers consistent improvement in accuracy,
sequence coherence, and uncertainty estimation, with a practical convergence rate. In future work, we plan to
incorporate richer context features, extend to longer trajectories, and explore other sequential decision tasks.
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* The answer NA means that the abstract and introduction do not include the claims made in the
paper.

 The abstract and/or introduction should clearly state the claims made, including the contributions
made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.
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Question: Does the paper discuss the limitations of the work performed by the authors?
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* The answer NA means that the paper has no limitation while the answer No means that the paper
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The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.
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on a few datasets or with a few runs. In general, empirical results often depend on implicit
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* The authors should reflect on the factors that influence the performance of the approach. For
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* The proofs can either appear in the main paper or the supplemental material, but if they appear in
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¢ The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

15


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

* The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

* Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]
Justification: Please refer to Section[5.1]
Guidelines:

¢ The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer:

Justification: The observed improvements in performance are statistically significant (p < 0.05),
confirming the effectiveness of the proposed approach.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

» The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

¢ The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably report
a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]
Justification: Please refer to Section[5.1]
Guidelines:

¢ The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.
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9.

10.

11.

* The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

¢ The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: No ethical issues involved.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a deviation
from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [NA]

Justification: This paper only focuses on the research task of user behavior prediction and diffusion
models on public dataset.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal impact or
why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [NA]

Justification: The date and models used in the experiment are all open source or reproduced by
ourselves.

Guidelines:

* The answer NA means that the paper poses no such risks.

¢ Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.
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12.

13.

14.

15.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.
Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]
Justification: Please refer to Section[5.1]
Guidelines:

* The answer NA means that the paper does not use existing assets.

¢ The authors should cite the original paper that produced the code package or dataset.

¢ The authors should state which version of the asset is used and, if possible, include a URL.
¢ The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

¢ At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
¢ The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.
¢ Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.
* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human Subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?
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Answer: [NA]

Justification: This paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

¢ The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

¢ We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.
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Supplementary Material

A Limitation

Firstly, LPDO depends on manually tuned hyperparameters—specifically, the loss ratio A and penalty factor ~,
to balance reconstruction and ranking objectives. While we show stable results across moderate values of these
parameters (Section [5.1), automated or adaptive tuning strategies could further reduce human effort and improve
robustness. Secondly, evaluation focuses on Top-K ranking metrics (SeqHR, SeqNDCG) and strict trajectory
matching (SeqMatch). These offline metrics may not fully capture user satisfaction or long-term engagement in
live settings. Future work should investigate additional measures, such as personalized utility scores or online
A/B tests, to assess real-world impact.

B Optimization Deviation of Diffusion Models

B.1 Diffusion Models for Continuous Domains

A generative model is expected to SeqMatch estimation distribution pg (20) to the ground truth distribution p(zo)
as closely as possible, where 0 represents learnable parameters and zo € R? is a set of samples. For vanilla
diffusion models in continuous domains, they model the sample zo as a Markov chain with a sequence of latent
variables {zr, ..., z1, 20}, where zr is a standard Gaussian, and each variable is in R%. By this means, the
latent dimension is exactly equal to the data dimension of zo, and the diffusion model progressively recovers
zo from Gaussian noise. Each denoising transition z; — z:—1 is parameterized by a linear Gaussian transition
po(zt—1|2t) = N(zt—1; po (2, t), Zo(z¢, ), calculated by a denoising DNN model fp(2¢, t). Therefore, the
joint distribution of diffusion models can be written as:

T
po(z0.7) = po(zr H (zt-1]2t) 2D
where, pg (zT) = N(zr;0,I) (22)

To train the denoising model fq(2¢,t), diffusion models first construct a progressive noising process
{z0,...,27-1, 27}, known as the forward process. Corresponding to this, the denoising process is called
the reverse process. The forward process adds Gaussian noise to zp step-by-step until the final latent z7 is
guaranteed to be a standard Gaussian. Each noising transition z;—; — 2 is defined as a linear Gaussian
transition g(z¢|z¢—1) = N (2¢; /Bt — 12¢—1, B:I), where the Gaussian parameters [3; varies over time step ¢.
Due to the Markov property and the Bayes rule, the transition can be rewritten with zo as:

q(zi—1]2t, 20)q(2t] 20)

23
4(ae1]20) @3

q(2t|ze-1) = q(2t]|2zt-1, 20) =

To optimize the parameter 6, the diffusion model is trained to maximize the log-likelihood of pe () according to
observed samples zo. This objective can be formulated as arg maxg log pg(20). Mathematically, we can derive
a proxy objective called the Evidence Lower Bound (ELBO), a lower bound of the likelihood term log ps (20).
Formally, the equation of the ELBO is:

Po(20:1)
Eq(a1,7120) (108 ———= 24
a(z1:7120) |: gq(ZLT‘ZO):| 24
Rather than directly maximizing the likelihood term, diffusion models minimize the minus ELBO as:
N po(zo:1)
arg max log po(z0) ~ arg max Eq(z1.0120) [log 7Q(ZI:T I20) } (25)
. q(z1:7|20)
= Eq(zy.7129) |log ———= 26
argmem q(z1:720) {Og po(z0:1) (26)

Combining with Equations (ZI)) and (23), the expectation in Equation (26) can be further derived as:

log q(z17|20) _ ZTlZo +Zl Zt q(ze-1|2t, 20)

pe(ZO;T) N pe Zt— 1\Zt))

— log po(20]21) 27

Therefore, based on Equations and (27| . the ELBO—based optimization object of parameter 6 is to minimise

q(zr|20) q(zi—1|7t, 20)
Levo(20) = Eg(z,.0120) |10 +E log 7—10 20!z . 28
b ( 0) q(z1:720) e ——F- (ZT) pt pﬂ(zt 1|Zt)) gpa( 0‘ 1) ( )
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To simplify and combine the second and third terms in Equation 28], recent research [39] derivative a simple
surrogate objective to obtain a mean-squared error term:

T
q(zr|20)
[felbo(z(]) = Eq(zliT|zo) log W + tz:; Cter(Zt, t) — ZOHQ 29

where C} is constants associated with timesteps ¢.

B.2 Discrete Diffusion Models for Discrete Domains in Sequential Recommendation

Motivated by diffusion models in text domains [40], we extend continuous diffusion models to discrete item
domains. Considering discrete item z from the item pool Z, the Markov chain in the forward and reverse
processes are extending as {i, zo, ..., 2r} and {zr, ..., 20,1}, where i is the discrete item ID. Specifically,
to map the discrete variables into continuous domains, we define a learnable embedding function Emb(-).
The forward transition process of z is defined as q4(20li) = N(20;Emb(i),0), where ¢ represents the
learnable parameters in Emb(¢). As for the reverse process, we define the predicted distribution of z as
Do (i) = argmax S(z0, Emb(Z)), where S is the cosine similarity between zo and each item embedding of
z

Emb(Z). However, the transition distribution pg(%|20) is implicit.

Therefore, we extend the ELBO in Equation @ to include discrete item 7 as

. : 9o (207]i)
1 ~ E i [log ————~ 30
s ngslog () g g B 16 150 =
: q<z>(i)fJ(Z0:T|i)}
~argminE,, ... [lo . 31
g e 94 (20:11%) { g oo (i, 20:7) (€2))
And the ELBO-based training objective in Equation (28) is rewritten as

a(zrlzo) | - 4o (20li)
Lawo(i) = Eq,zo.r1i) 108 St + > Collfo(ze, 1) — 20|]* + log 22200 | 32
etbo(?) = Eq, (z0.14) 108 poGer) T 2o t|| fo(2¢,t) — | € (i) (32)

There are three terms of objectives in Leio: the prior SeqMatching term L7, the denoising term £ and the
embedding entropy term Lg.

The prior SeqMatching term Lo is similar to the same term in Equation (28], which requires the forward process
to transit the zo into pure noise as the pg(z7) is standard Gaussian. Continuous diffusion models [39] omit this
term since there are no associated trainable parameters. It’s worth noting that this term is essential in Leino due to
the correlation among 4, 2o and ¢. This term is equivalent to minimizing ||2o]|*. As the second term £, require
foa(zt,t) and zo as close as possible, we transfer the objective ||zo||? to || Zle fa(zt,t)||? for fully optimize
the DNN models.

The embedding entropy term Lz can be regarded as a KL-divergence Dkr(g¢(20]?)||pe(il20)). Al-
though gy (20li) is a linear transition, the distribution of p(i|z0) is unknown. Therefore, we replace
Dxi (g (20[9)[Ips(il20)) by Drr(q(2)||ps (i) = Drr(q(i)||ps (2)). The simplified objective of Leivo is:

Letwo (i) = Bq, (z0.71) [Z (||f9(ztﬂf)||2 + Ctllfo(ze,t) — Z0||2> + Dx(q(4)||ps ())- (33)

t=1

B.3 Discrete Diffusion Recommender with Historical Conditioning

In practice, in the sequential recommendation scenario, the predicted target item relies highly on the user’s
historical interaction H = {ho, h1,...,hn}, where H C Z. Due to the same item pool Z, we use the
same embedding Emb (%) to map historical conditioning into the continuous domains. Recall that the original
reverse transition is parameterized as po(z¢—1|2¢) = N (ze—1; po(2t, t), Zo(2¢, t)). Following the conclusion
of previous work [41]], we directly incorporate the historical conditioning to pg(z:—1|2¢) as pe.o(zt—1|2t, H) =
N (zi—1; pg,0(2e,t, H), Se,0(2¢,t, H)), where ¢ is the learnable parameters of Emb(7), and the corresponding
denoising model is fo(2¢,t, H).

Therefore, we rewrite Equation (33) with historical conditioning as:

T

gllll;::(l) = E%(ZU:TU) |:Z (Hff?(zt?t’H)H2 + Ci|fo(2e,t,H) — z0|‘2)

t=1

+ Dxe(q(@)lpe(i).  (34)
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C Derivation of the ELBO for Diffusion Models with Listwise Maximum
Likelihood

To formally connect diffusion-based generation with listwise maximum likelihood, we write the joint likelihood
of the next-item sequence and the diffusion chain:

k T k
Zlnpg (iu,n+j7 Xo.r | 7—[) =Inpe(X7) + Zlnpg (Xt,l | X, H) + Zlnpg (iu’n+]’ | Xo, 7-[).

j=1 t=1 j=1

(35)

Maximizing the marginal likelihood Z?Zl In pg(4u,n+; | H) is intractable due to the integration over all

diffusion trajectories. To address this, we introduce the variational distribution ¢(Xo.7 | Xo) and derive an
evidence lower bound (ELBO):

Z'u,n+1:n+k, XO:T | H)

q(Xo:r | Xo)
T

2 EQ(XO:T\XO) [mﬂ@“‘zlnpe (Xt—l | X4, H)

t=1

dXO:T

lnp@(iu,n-!—lzn-HC | H) - ln/q(XO:T | XO) pe(

const.

k
+ Zlnpa (funts | Xo, H) —Ing(Xo:r | Xo)}

j=1

T
= ZKL(Q(Xt—l | Xt, Xo) || po(Xe-1 | X, 7'{«))
t=1
k

+ D Eaorixo [P0 (it | Xo, H)). (36)

j=1

Dropping constants and reordering, the final ELBO becomes:

T
LeLBO = ZKL(Q(Xt—I | Xt,Xo) || po(Xe—1 | X, 7‘0)
t=1

k
- ZEq(XO;T\XO) [lnpa (tum+ts | Xo, H)] @37

=1

Minimizing Lo jointly optimizes denoising fidelity (first term) and listwise ranking utility (second term),
thus bridging diffusion generation with listwise maximum likelihood estimation.

D Algorithm

In this section, we provide the pseudo-code of the training and inference process in LPDO .

Algorithm 1 Training

Require: User historical embedding 7, target trajectory embedding zo, number of denoising steps
T, trainable network parameters 6 and embedding parameters ¢, learning rate n

1: repeat

2: t~U1,T), e ~N(0,I) > Sample denoising step and noise.
3: X < Concat(H, zg) > Obtain the concatenated sequence.
4: Xy VX + 1 — aye > Adding noise to X
5: 0« 0 —nVoLrppo(Xs,t,H;0,0) > Gradient descent update 6.
6: ¢ < ¢ —nVeLrrpo(Xy, t,H; 6, 0) > Gradient descent update ¢.
7: until convergence

8: return optimized 6, ¢
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Algorithm 2 Inference

Require: User historical embedding H, number of denoising steps 7', denoising model fy, target
trajectory k, mapping function p

I: X ~N(0,1) > Initialize the model input from Gaussian Noise.
2: fort < T...1 do > Denoise over T steps
3: e« N(0,I)ift > 1, else 0 > Sample noise if not final step.
4: Xg \/%Xt — \/11—7#?/07]09 (X4, t) > Denoising.
5: Xio1 ¢ Vou—1Xo+ 1 —ou_ie > Update next step.
6: end for A

7: zo < Extract(Xy, k) > Extract the last & item as prediction.
8: Sy + pe(Sulzo) > Mapping from embedding sequence to trajectory.
9: return S,
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Figure 4: Illustration of the proposed SeqMatch@N metric. The sequence length is 4 and N = 3. The
icons were generated using OpenAI’s ChatGPT. These icons are solely for illustrative purposes.

E Example of SeqMatch@N

Figure ] provides an example demonstrating how SeqMatch@N evaluates the similarity between predicted and
target sequences in the UBTP task. The icons were generated using OpenAI’s ChatGPT. These icons are solely
for illustrative purposes. At each timestep, the recommender produces k ranked candidate items, forming a
Top-N matrix. SeqMatch@N checks whether a valid trajectory exists that selects one candidate per position to
match the target sequence. Unlike traditional item-level accuracy (e.g., HR@N, NDCG@N), SeqMatch@N
measures sequence-level consistency by capturing both order and positional alignment.

F Case Study

FigureB]illustrates a case study of user trajectory prediction on MovieLens-1M. On the one hand, users may
not be interested in certain types of movies. On the other hand, users will also show a decline in interest in the
movies they have watched recently. Preference-aware prediction can provide users with movie predictions that
better conform to their preferences.

G Statistics of Datasets

In this section, we provide the statistics of the datasets used in this study, as shown in Table[d Empirically, we
follow the Leave-One-Out rule to split the dataset. Specifically, for a trajectory length k, only sequences in the
original dataset with lengths greater than 1 + 3 x k are considered valid. Table[5]reports the statistics of datasets
after processing. The number of items is remaining.

Table 4: Statistics of Datasets.

Dataset # Sequence # Items # Actions Average Length
Beauty 22,363 12,101 198,502 8.53
MovieLens-1M 6,040 3,416 999,611 165.50
LastFM 891 1,000 1,293,103 1254.49
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Figure 5: Illustration of preference-aware and non-preference prediction on MovieLens-1M dataset.
Due to copyright considerations, we do not show the original movie posters.

Table 5: Statistics of Datasets after Processing.

Dataset Trajectory Length # Sequence(Before) # Sequence (After)
Beauty 3 22,363 1927
MovieLens-1M 5 6,040 6040
MovieLens-1M 10 6,040 5231
LastFM 5 891 829
LastFM 10 891 784

H Implementation Details

We implement all models in PyTorch and adopt consistent training configurations across baselines to ensure fair
comparison. For both the baselines and our proposed LPDO, we fix the embedding dimension to 128 and the
dropout rate to 0.1. For sequential models, the maximum sequence length is fixed at 50. All models are trained
using the Adam optimizer [42]] with a batch size of 256 and a learning rate selected from {0.01, 0.005,0.001}
based on validation performance. For the transformer-based model, the number of blocks is set to 4. Model
training is conducted for up to 1,000 epochs with early stopping after 5 epochs of no improvement. To adapt
all models to the UBTP task (i.e., next-k item prediction), we modify the output layer to predict multiple
future items rather than only the immediate next one. Specifically, their training objective is reformulated from
single-item prediction to trajectory-level prediction.

Except for the aforementioned configurations, models with public implementations by previous works, including
SASRec [18]], STOSA [36], DiffuRec [15], DreamRec [14], and PreferDiff [[16], are trained following their
respective default settings. For FPMC, we adopt the implementation from ReChorus [43]. For DCRec [27], we
reproduce the model and set its loss balance factor to A = 0.1.

I Ablation Study of the Transformer Backbone

In this section, we further analyze the impact of different Transformer backbones on the performance of LPDO.
s presented in Table[6] we compare three variants: the bidirectional Transformer [44], the prefix Transformer
[45]], and the causal Transformer [37]]. The results demonstrate that the causal Transformer achieves the best
performance, suggesting that its architecture aligns more effectively with the causality nature of the UBTP task.

Table 6: Model performance on MoviesLens-1M (target length=5).

Backbone | SHR@51 SNDCG@51 SHR@107 SNDCG@I01 SMatch@501 SMatch@1001 PPL |

Bidirectional 0.1159 0.0662 0.1925 0.0806 0.1500 0.2709 31.35
Prefix 0.1175 0.6517 0.1927 0.7966 0.1521 0.2740 30.86
Causal 0.1218 0.0679 0.1983 0.0825 0.1559 0.2796 30.36
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Figure 6: Information Abundance (IA) of model embeddings and T-SNE results of ML-1M (len=5).
J Embedding Analysis

In Figure[6] we illustrate the Information Abundance (IA) [46] results of embeddings generated by six models
and provide a detailed visualization of the embedding layers for five diffusion-based models. LPDO achieves the
highest IA score and exhibits more diverse embeddings, highlighting the effectiveness of our proposed approach.
On the other hand, PreferDiff and DreamRec suffer from embedding collapse, likely due to optimization without
incorporating ranking loss.

K Opverall Performance Comparison

In this section, we provide all the evaluation results on Amazon Beauty (len=3), MovieLens (Ilen=5/10) and
LastFM (len=5/10) as shown in Table[7] Table 8] Table[} Table[T0]and Table[TT] respectively.

Table 7:

Overall Performance Comparison on Amazon Beauty (len=3).

Metric | FPMC SASRec SASRec-ar STOSA  DiffuRec  DreamRec — PreferDiff DCRec | LPDO | Improve.
MeanHR@5 0.0251 0.0226 0.0225 0.0251 0.0303 0.0002 0.0028 0.0260 | 0.0344 13.53%
MeanHR @10 0.0390  0.0470 0.0458 0.0410 0.0471 0.0007 0.0057 0.0487 | 0.0549 | 16.56%
MeanHR @20 0.0622  0.0690 0.0688 0.0583 0.0847 0.0016 0.0096 0.0742 | 0.1008 19.01%
MeanNDCG@5 0.0138  0.0118 0.0118 0.0125 0.0150 0.0001 0.0011 0.0141 | 0.0184 | 22.67%
MeanNDCG@10 | 0.0162  0.0201 0.0196 0.0172 0.0192 0.0003 0.0028 0.0169 | 0.0224 11.44%
MeanNDCG@20 | 0.0193  0.0213 0.0211 0.0183 0.0271 0.0006 0.0031 0.0229 | 0.0326 | 20.30%
SeqHR @5 0.0236  0.0219 0.0218 0.0238 0.0274 0.0002 0.0025 0.0250 | 0.0307 12.04%
SeqHR@10 0.0376  0.0466 0.0455 0.0407 0.0442 0.0006 0.0055 0.0388 | 0.0503 7.94%

SeqHR @20 0.0619  0.0690 0.0667 0.0581 0.0842 0.0014 0.0093 0.0729 | 0.0982 16.63%
SeqNDCG @5 0.0129 0.0114 0.0114 0.0120 0.0149 0.0001 0.0015 0.0135 | 0.0164 | 10.07%
SeqNDCG@10 0.0158  0.0199 0.0195 0.0171 0.0188 0.0003 0.0025 0.0159 | 0.0248 | 24.62%
SegNDCG @20 0.0193  0.0212 0.0210 0.0182 0.0270 0.0005 0.0030 0.0225 | 0.0322 19.26%
SeqMatch@50 0.0253  0.0257 0.0238 0.0177 0.0363 0.0000 0.0000 0.0432 | 0.0521 | 20.60%
SeqMatch@100 0.0598  0.0437 0.0446 0.0318 0.0852 0.0000 0.0004 0.0807 | 0.0940 10.33%
PPL | 37.56 51.25 52.59 54.89 36.89 89.55 > 500.0 38.90 33.86 8.21%
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Table 8: Overall Performance Comparison on LastFM (len=5).

Metric ‘ FPMC SASRec SASRec-ar STOSA DiffuRec DreamRec PreferDiff DCRec ‘ LPDO ‘ Improve.
MeanHR @5 0.1637  0.1819 0.1831 0.1548 0.1797 0.0435 0.0037 0.1977 | 0.2553 | 29.14%
MeanHR@10 0.2312  0.2528 0.2560 0.2189 0.2462 0.0536 0.0069 0.2735 | 0.3295 | 20.48%
MeanHR @20 0.3313  0.3437 0.3463 0.3019 0.3293 0.0789 0.0144 0.3423 | 0.4154 | 19.95%
MeanNDCG @5 0.0830  0.0918 0.0909 0.0765 0.0909 0.0206 0.0024 0.0992 | 0.1277 | 28.73%
MeanNDCG@10 | 0.0898  0.0954 0.0975 0.0838 0.0922 0.0188 0.0031 0.1033 | 0.1210 | 24.10%
MeanNDCG @20 | 0.0997  0.1021 0.1016 0.0897 0.0940 0.0209 0.0046 0.1142 | 0.1340 | 17.34%
SeqHR @5 0.1636  0.1816 0.1829 0.1537 0.1793 0.0433 0.0035 0.1931 | 0.2507 | 29.83%
SeqHR@10 0.2311  0.2523 0.2564 0.2184 0.2458 0.0531 0.0065 0.2681 | 0.3244 | 26.52%
SeqHR @20 0.3310  0.3436 0.3461 0.3016 0.3288 0.0738 0.0140 0.3380 | 0.4123 | 19.13%
SeqNDCG @5 0.0830  0.0917 0.0908 0.0760 0.0906 0.0205 0.0023 0.0972 | 0.1260 | 29.63%
SeqNDCG@10 0.0897  0.0953 0.0972 0.0836 0.0921 0.0185 0.0028 0.1015 | 0.1195 | 17.73%
SeqNDCG @20 0.0996  0.1020 0.1016 0.0896 0.0938 0.0209 0.0043 0.1132 | 0.1235 9.10%
SeqMatch@50 0.1636  0.1578 0.1636 0.1463 0.1638 0.0189 0.0000 0.1723 | 0.2357 | 36.81%
SeqMatch@ 100 0.2833  0.2289 0.2395 0.2216 0.2578 0.0209 0.0010 0.2314 | 0.3268 | 26.76%
PPL | 39.29 28.26 28.20 30.65 30.5495 149.9894 > 500.0 29.28 27.28 3.26%
Table 9: Overall Performance Comparison on LastFM (len=10).
Metric | FPMC SASRec SASRec-ar STOSA  DiffuRec  DreamRec — PreferDiff DCRec | LPDO | Improve.
MeanHR @5 0.1093  0.1170 0.1151 0.0894 0.1222 0.0297 0.0035 0.1401 | 0.1805 | 28.84%
MeanHR @10 0.1717  0.1611 0.1658 0.1499 0.1734 0.0413 0.0086 0.2099 | 0.2470 | 17.68%
MeanHR @20 0.2680  0.2353 0.2347 0.2153 0.2468 0.0623 0.0212 0.2601 | 0.3200 | 23.03%
MeanNDCG @5 0.0608  0.0615 0.0598 0.0475 0.0633 0.0144 0.0022 0.0721 | 0.0931 | 29.13%
MeanNDCG@10 | 0.0694  0.0613 0.0647 0.0630 0.0674 0.0159 0.0041 0.0773 | 0.0925 | 19.66%
MeanNDCG @20 | 0.0838  0.0707 0.0693 0.0657 0.0740 0.0194 0.0096 0.0735 | 0.0899 7.28%
SeqHR@5 0.1080  0.1163 0.1148 0.0888 0.1209 0.0290 0.0000 0.1311 | 0.1705 | 30.05%
SeqHR@10 0.1703  0.1606 0.1654 0.1495 0.1715 0.0407 0.0074 0.1881 | 0.2362 | 25.57%
SeqHR @20 0.2670  0.2348 0.2341 0.2147 0.2450 0.0606 0.0197 0.2481 | 0.3113 | 25.47%
SegNDCG @5 0.0598  0.0608 0.0597 0.0471 0.0625 0.0141 0.0000 0.0673 | 0.0879 | 30.61%
SeqNDCG@10 0.0686  0.0610 0.0645 0.0624 0.0665 0.0159 0.0033 0.0730 | 0.0889 | 21.78%
SegNDCG @20 0.0835  0.0705 0.0690 0.0652 0.0734 0.0187 0.0086 0.0706 | 0.0880 | 24.65%
SeqMatch@50 0.0713  0.0635 0.0566 0.0449 0.0586 0.0098 0.0000 0.0557 | 0.0762 6.87%
SeqMatch@ 100 0.1067  0.1106 0.0957 0.0850 0.1045 0.0107 0.0000 0.0771 | 0.1162 5.06%
PPL | 83.16 61.69 61.56 66.41 65.29 283.50 > 500.0 61.32 60.93 0.64%
Table 10: Overall Performance Comparison on ML-1M (len=5).
Metric \ FPMC SASRec SASRec-ar STOSA DiffuRec DreamRec PerferDiff DCRec \ LPDO \ Improve.
MeanHR @5 0.0158  0.0807 0.0798 0.0865 0.0809 0.0029 0.0094 0.1129 | 0.1241 9.92%
MeanHR @10 0.0372  0.1372 0.1373 0.1478 0.1548 0.0055 0.0165 0.1887 | 0.2017 6.89%
MeanHR @20 0.0802  0.2238 0.2249 0.2375 0.2490 0.0099 0.0297 0.2899 | 0.3100 6.93%
MeanNDCG @5 0.0100  0.0455 0.0447 0.0494 0.0510 0.0017 0.0049 0.0632 | 0.0692 9.49%
MeanNDCG@10 | 0.0181  0.0577 0.0578 0.0629 0.0653 0.0024 0.0073 0.0772 | 0.0838 8.55%
MeanNDCG@20 | 0.0290 0.0713 0.0722 0.0758 0.0797 0.0034 0.0104 0.0909 | 0.0963 5.94%
SeqHR@5 0.0157  0.0895 0.0795 0.0865 0.0894 0.0028 0.0004 0.1107 | 0.1218 | 10.03%
SeqHR@10 0.0371  0.1365 0.1366 0.1476 0.1540 0.0054 0.0165 0.1823 | 0.1983 8.78%
SeqHR @20 0.0802  0.2222 0.2232 0.2370 0.2476 0.0098 0.0296 0.2853 | 0.3051 6.94%
SegNDCG @5 0.0098  0.0434 0.0445 0.0493 0.0506 0.0016 0.0049 0.0621 | 0.0679 9.34%
SeqNDCG@10 0.0179  0.0573 0.0574 0.0627 0.0649 0.0023 0.0073 0.0759 | 0.0825 8.70%
SeqNDCG @20 0.0290  0.0708 0.0716 0.0757 0.0792 0.0034 0.0104 0.0897 | 0.0949 5.80%
SeqMatch@50 0.0160  0.1045 0.1049 0.1074 0.1168 0.0000 0.0000 0.1458 | 0.1559 6.92%
SeqMatch@100 0.0597  0.2099 0.2017 0.2086 0.2271 0.0000 0.0002 0.2684 | 0.2796 | 4.17%
PPL| 38.43 33.62 33.58 33.47 32.47 165.59 > 500.0 31.42 30.36 3.37%
Table 11: Overall Performance Comparison on ML-1M (len=10).
Metric FPMC SASRec SASRec-ar STOSA DiffuRec DreamRec PreferDiff DCRec ‘ LPDO ‘ Improve.
MeanHR @5 0.0060  0.0584 0.0565 0.0477 0.0632 0.0023 0.0080 0.0757 | 0.0861 | 13.74%
MeanHR @10 0.0144  0.1043 0.0996 0.0868 0.1091 0.0043 0.0104 0.1340 | 0.1482 | 10.60%
MeanHR @20 0.0368  0.1723 0.1686 0.1473 0.1808 0.0081 0.0208 0.2253 | 0.2398 6.43%
MeanNDCG @5 0.0038  0.0333 0.0323 0.0276 0.0361 0.0013 0.0045 0.0434 | 0.0486 | 11.98%
MeanNDCG@10 | 0.0070  0.0451 0.0431 0.0379 0.0464 0.0019 0.0107 0.0575 | 0.0628 9.22%
MeanNDCG@20 | 0.0141  0.0556 0.0551 0.0483 0.0586 0.0027 0.0101 0.0731 | 0.0766 | 4.79%
SeqHR @5 0.0058  0.0581 0.0560 0.0476 0.0624 0.0022 0.0077 0.0717 | 0.0819 | 14.22%
SeqHR@10 0.0140  0.1033 0.0985 0.0864 0.1075 0.0043 0.0101 0.1277 | 0.1419 | 11.12%
SeqHR @20 0.0361  0.1706 0.1670 0.1467 0.1782 0.0080 0.0206 0.2170 | 0.2306 6.27%
SeqNDCG @5 0.0036  0.0331 0.0320 0.0276 0.0356 0.0012 0.0043 0.0412 | 0.0461 | 11.89%
SegNDCG@10 0.0068  0.0446 0.0426 0.0377 0.0456 0.0018 0.0006 0.0550 | 0.0603 9.63%
SeqNDCG @20 0.0139  0.0551 0.0546 0.0480 0.0578 0.0027 0.0101 0.0707 | 0.0738 | 4.38%
SeqMatch@50 0.0000  0.0299 0.0261 0.0214 0.0311 0.0000 0.0000 0.0381 | 0.0447 | 17.32%
SeqMatch@ 100 0.0032  0.0801 0.0770 0.0614 0.0856 0.0000 0.0000 0.0977 | 0.1084 | 10.07%
PPL| 85.55 68.99 70.41 73.92 68.35 305.19 > 500.0 68.58 67.44 1.66%
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