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Abstract

Diffusion models have emerged as a powerful paradigm for generative sequential
recommendation, which typically generate next items to recommend guided by
user interaction histories with a multi-step denoising process. However, the multi-
step process relies on discrete approximations, introducing discretization error
that creates a trade-off between computational efficiency and recommendation
effectiveness. To address this trade-off, we propose TA-Rec, a two-stage framework
that achieves one-step generation by smoothing the denoising function during
pretraining while alleviating trajectory deviation by aligning with user preferences
during fine-tuning. Specifically, to improve the efficiency without sacrificing
the recommendation performance, TA-Rec pretrains the denoising model with
Temporal Consistency Regularization (TCR), enforcing the consistency between the
denoising results across adjacent steps. Thus, we can smooth the denoising function
to map the noise as oracle items in one step with bounded error. To further enhance
effectiveness, TA-Rec introduces Adaptive Preference Alignment (APA) that aligns
the denoising process with user preference adaptively based on preference pair
similarity and timesteps. Extensive experiments prove that TA-Rec’s two-stage
objective effectively mitigates the discretization errors-induced trade-off, enhancing
both efficiency and effectiveness of diffusion-based recommenders. Our code is
available at https://github. com/maowenyu-11/TA-Rec.

1 Introduction

Diffusion models [ 1-3] have recently shown strong potential in generative sequential recommendation
[4-6, 4, 7], owing to their remarkable ability to model complex distributions of user behaviors and
generate oracle items that best match user preferences. At the core of diffusion-based sequential
recommendation [4, 5, 7] is framing a theoretical continuous process [2, 3] which gradually recon-
structs the oracle items from random noise. Typically, such theoretical continuous process (e.g.,
Stochastic Differential Equations (SDE) [2]) is realized by multi-step discrete approximations [8—11]
(e.g., Denoising Diffusion Probabilistic Models (DDPM) [1]) for practical implementation: they add
noise to the ground-truth next items in the forward process and then denoise it step by step in the
reverse process with denoising models, guided by the interaction history [12].

While achieving success, this discrete approximation inherently introduces discretization errors [13]
between the practical reverse trajectory (i.e., the dashed line of discrete DDPM in Figure 1a) and the
theoretical trajectory (i.e., the solid line of continuous SDE in Figure 1a). Such discretization error is
primarily caused by high-order truncation in numerical solvers and accumulates across the multi-step
reverse process. When approximating SDE [2] with finite steps 7', discretization errors grow as T'
decreases [ 14, 15], creating an efficiency-effectiveness trade-off: increasing the number of steps 7'
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(a) The discretization error. (b) Inference time comparison. (c) Effectiveness and efficiency.

Figure 1: Overall motivation for our work, including the existence of discretization error, high
inference costs for diffusion-based recommenders, and the effectiveness and efficiency trade-off.

(typically 1,000 steps) for diffusion-based recommenders improves alignment between generated
items and user preferences but incurs substantial inference overhead, while aggressively reducing
total steps 7" accelerates generation at the cost of amplified discretization error and misalignment.
As shown in Figure 1b, compared with traditional recommenders (e.g., SASRec [16] and PDRec
[17]), the diffusion-based DreamRec [4] requires 1,000 steps to achieve comparable performance,
significantly slowing inference. Conversely, reducing T significantly boosts acceleration yet leads to
notable performance drops of DreamRec — evidenced by a significant NDCG drop from 7" = 2, 000
to T' = 1 on different datasets in Figure Ic.

To resolve the trade-off, we propose TA-Rec, a two-stage framework that realizes one-step generation
by smoothing the denoising function in pretraining stage and reduces the trajectory deviation by
optimizing denoising models with user preferences in fine-tuning stage. Technically, in the pretraining
stage, TA-Rec proposes temporal consistency regularization (TCR) to enforce consistency between
denoising representations at adjacent timesteps, smoothing the denoising function [ 18] to map noise
to oracle items directly [15, 14] with bounded error. This could improve diffusion models’ efficiency
in one-step generation without compromising the recommendation performance. In the fine-tuning
stage, TA-Rec introduces adaptive preference alignment (APA) [7, 19] to mitigate the trajectory
deviation and enhance recommenders’ effectiveness. Specifically, APA constructs preference pairs
by selecting positive and negative items from the interaction space. Recognizing that the denoising
trajectory from noise to oracle items inherently varies with both user preferences and noise magnitude,
APA dynamically calibrates alignment strength according to both the similarity between preference
pairs and the time steps of the noisy input, optimizing denoising models in a more refined manner.
Notably, when the preference pair is hard to distinguish and the noisy input has a large noise degree,
APA strategically reduces optimization strength to avoid overfitting to ambiguous preferences and
random noise.

Theoretical analysis demonstrates that TA-Rec has bounded error despite accelerated generation
and achieves more accurate alignment, thereby enabling reliable recommendations matching user
preference. Empirical results across multiple real-world benchmarks (i.e., zhihu [20], KuaiRec
[21], and YooChoose [22]) show that our approach achieves 100x faster generation compared
to leading diffusion-based recommenders (e.g., DreamRec [4]) while simultaneously improving
recommendation performance by 10%, achieving both higher efficiency and higher effectiveness.

2 Realated Wrok

Diffusion-based Recommenders [4, 6, 23-25] have emerged as a promising alternative to conven-
tional sequential recommenders by modeling the complex user behavior distribution and generating
next items step by step to match user preference. Existing methods have explored various applications
of diffusion models in recommendation systems, including next-item generation through a denois-
ing process guided by historical sequences [4, 5, 23], augmentation of sequential recommenders
[26, 17,27], and improvement of robustness [28] against noisy feedback [29, 30]. Our work addresses
the issue of discretization error [13] in the reverse process for next-item generation paradigm, which
fundamentally impacts the efficiency-effectiveness trade-off that currently limits diffusion-based
recommenders’ practical deployment.

Accelerating Diffusion [ 14, 31-34] addresses the computational bottleneck inherent in the multi-step
generation process of diffusion models. Recent advancements fall into two primary categories:
training-free numerical solvers [14, 35, 36] and training-based model distillation [37—40]. The former



optimizes numerical solvers to serve as faster samplers during the reverse process, reducing inference
steps to 20-50 without tuning the original denoising model [14, 41, 42]. For instance, DPM++ [43]
leverages adaptive high-order solvers to approximate the continuous SDEs [2], achieving faster
generation via optimized numerical integration. To achieve more aggressive acceleration (1-4 steps),
the latter approach focuses on tuning the denoising model through knowledge distillation. Specif-
ically, consistency models [15, 44] distill pre-trained diffusion models into single-step generators
by enforcing self-consistency of the ODE trajectory. However, these methods may either rely on
well-pretrained models or a deterministic ODE process, limiting their applicability to recommenda-
tion tasks due to the lack of unified recommendation benchmarks and the dynamic nature of user
preferences. Instead, our work achieves one-step generation of diffusion-based recommenders by
designing a temporal consistency loss for the stochastic DDPM process.

Aligning Diffusion Models [19, 45-47] aim to optimize diffusion models using human preference
data, an area that remains relatively underdeveloped compared to preference optimization in large
language models (LLMs). Current approaches often adapt existing LLLM preference optimization
algorithms to diffusion models. For example, Diffusion-DPO [19] takes the DPO loss [48] from LLMs
and adapts it on diffusion models directly to improve image generation based on user preference.
DSPO [47] aligns diffusion models with human preferences by distilling the score function of
preferred image distributions into the model’s pretrained score functions, leveraging score matching.
Furthermore, Diffusion-NPO [46] approaches preference alignment by training an additional model
to specifically model negative preferences. To enable alignment at a more fine-grained level, our work
designs an adaptive preference optimization algorithm that aligns the generation of diffusion-based
recommenders according to both timesteps and pair similarity.

3 Preliminaries

3.1 Diffusion-based Sequential Recommendation

In sequential recommendation tasks, we represent a user’s historical interaction sequence chrono-
logically as x'V—1 = [x!,x2 ... ,xV~1] in the embedding space, where each x" € R? denotes
the embedding of the user’s n-th interacted item. The next item to be interacted with is denoted
as xV (x for simplification). The goal of diffusion-based sequential recommendation is to recover
the oracle item [4] that best aligns with users’ preferences from noise, guided by user interaction
history. Following [4, 23, 7], in the forward process, Gaussian noise is added to the next item x:
q(x¢|x) = N(x¢;v/aux, (1 — ay)I), where [aq, ..., ar] denotes the noise scale, t € [1,...,T]
denotes the timestep. During the reverse process, diffusion models recover the next item x from noise
under the guidance g through a multi-step denoising process. To optimize the denoising model, the
training loss for diffusion-based recommenders can be formulated as [4, 7]:

Lair = Bxgt || folxe,g,t) = xI3] (1)
where g is the guidance signal extracted from users’ historical interaction sequences x'V~1 with a
Transformer following [4, 71, fs(+) is a denoising model parameterized by MLP, reconstructing the
target item x as X directly under the guidance g, as shown in the green part of Figure 2. Commonly,
classifier-free guidance paradigm [12] can be utilized by replacing the guidance g with a dummy
token ® at probability p, allowing for the integration of conditional and unconditional training. During
inference, the pure Gaussian noise x7 ~ N(0, I) serves as the input, then the denoising model fy(-)
denoises items as Xg under the guidance g. The iterative reverse process for generation is:

= VEBe VA (L= Gi) xi+\/Biz, 7~ N(0,T). @)
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After generating the oracle item x step-by-step, we calculate the dot product between x( and each
candidate item in the corpus, then recommend K items having the highest similarity scores.

3.2 Direct Preference Optimization on Diffusion Models

Direct Preference Optimization (DPO) [49-51] is a reward-model-free method that aligns LLMs with
human preferences via a supervised loss derived from pairwise comparison. To adapt DPO [48] to
the diffusion model [19, 47, 46], the key idea is to increase denoising models’ likelihood of preferred
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Figure 2: The overview of our proposed TA-Rec framework, which alleviates the efficiency and
effectiveness trade-off of diffusion-based recommenders with two stages. In the pretraining stage, TA-
Rec achieves one-step generation with temporal consistency regularization. In the fine-tuning stage,
TA-Rec adopts an adaptive coefficient Ag(t, d) to align the generated item with users’ preferences.

generation while decreasing that of dispreferred ones. We assume the pairwise preference data as
D = (x*,x7), where x* is preferred over x . Following [19], the DPO training loss on diffusion
model can be formulated as:

+ + _ _
log o | Aslog Po (Xt+| Xtip g) ~ s log Do (Xt_‘ XtJ_ng) B
Dref (Xt | %01, g) Drof (Xt | X1 g)

Lpitusion-opo = —E

where x;7 ~ q(x; | x¢),x; ~ q(x;" | x{), g is the guidance of denoising model, p;¢f represents
the reference distribution, Ag is a hyperparameter which controls preference optimization strength.

4 Method

In this section, we present our proposed TA-Rec framework, a two-stage approach addressing the
discretization error-induced trade-off in diffusion-based recommenders. The overall framework is
illustrated in Figure 2. We first define the discretization error of diffusion models in Section 4.1. We
then detail the Temporal Consistency Regularization (TCR) during pretraining in Section 4.2. Finally,
we describe the Adaptive Preference Alignment (APA) during fine-tuning in Section 4.3.

4.1 Definition of Discretization Error in Diffusion Models

The continuous reverse process of the diffusion model can be described by the SDE process [2]
mathematically. Formally, we have: dx = [f(x,s) — g(s)*Vxlogps(x)| ds + g(s)dw, where
f(-) and g(-) are drift and diffusion coefficients, w is reverse-time Brownian motion, and ps(x)
is the marginal distribution at time s (s € [0,1]). In practice, the theoretical continuous SDE is
approximated by discrete numerical solvers (e.g., Euler-Maruyama [52], a first-order solver) with T’

steps (step size At = 1/T): x¢41 = x¢ + [f — ¢°Vlogpi| At + gV/Atz, z ~ N(0,1).

Definition 1 The deviation between the continuous process and its discrete approximation is the
discretization error Egise : Eqisc (t) = Ex~p mx(t) — Xt||2], where X4y is the theoretical SDE
solution at time s = t - At, X, is the discrete approximation at step t, t € [1,...,T].

Such discretization error primarily stems from local truncation error in solvers’ numerical integration
[53, 54] and is accumulated globally during the propagation across multiple steps in the reverse
process [55, 560], where Eqisc(0) ~ O(At). Thus, reducing reverse steps T (i.e., increasing At) will
amplify £qisc and cause trajectory deviation, introducing the efficiency and effectiveness trade-off.

4.2 Pretraining Stage: Temporal Consistency Regularization (TCR)

In recommendation systems, the multi-step reverse process introduces high computational costs,
failing to meet the low-latency demands of large-scale online deployments. To improve the efficiency
of diffusion-based recommenders, we aim to realize one-step generation, which maps the noise to the
oracle items directly. Specifically, TA-Rec proposes temporal consistency regularization (TCR) to
smooth the denoising function of diffusion-based recommenders in the pertaining stage, as shown



in the left part of Figure 2. In addition to the reconstruction loss in Equation (1), TCR enforces
consistency between consecutive timesteps to smooth the denoising function fy(-) with Lipschitz
continuity [ 8]. For adjacent noisy representations x; and x;_; (obtained via the forward process
q(x¢|x) = N(x¢; vVaux, (1 — a;)I) as introduced in Section 3.1), the TCR loss can be defined as:

Lrcr = Ex, gt [”fﬁ(xta g,t) — fo(xt—1,8,t — 1)”3] ) @

where g is the guidance signal extracted from the historical interaction sequence x'"V~1 with a

Transformer, as introduced in Section 3.1. The total loss, which jointly optimizes the denosing model
with reconstruction loss in Equation (1) and TCR loss in Equation (4), can be formulated as:

Lore = Laift + Ae - L1CR, )

where ). is the strength that balances reconstruction accuracy and denoising smoothness. Upon
optimizing Ly, we can obtain the smooth denoising function fy(x;, g, t) that consistently projects
the noisy representation x; at any step on the trajectory to the target item x. Thus, the pure noise
x7 ~ N(0,I) can be mapped by the smooth denoising function as oracle items xq directly with
one-step generation, eliminating the need for iterative reverse steps. Below, we justify that such
accelerated generation has a bounded error.

Theorem 1 (Error Bound for One-Step Generation) We assume that: (i) The smooth denoising
function fo(xs,g,t) satisfies Lipschitz continuity with constants L > 0: || fo(Xs, /a¢, 8, 51/ At) —
Jo(Xs, /a1, 8,82/ At)||2 < Llsy — so for any time sy, 52 € [0,1]. (ii) For any stept € [1,...,T]
and any time s € [tAt, (t 4 1) At), there exists a constant C' such that the following smooth condition

holds Hf@(XS/Ata g, S/At) - f@(xta g, t) ||2 < Oer(Xt-‘rlv g, t+ 1) - .fe(xta g, t) HQ Then, since
we minimize Ly,., the error of one-step generation of x from any s is bounded as follows:

sup [| fo(Xs/at: 8, 8/At) = x|j2 = O (At) . (6)

Thus, the error of one-step generation remains bounded by the global discretization error O(At) in
multi-step reverse process, validating that acceleration will not amplify trajectory deviation or disrupt
the recommenders’ effectiveness. The full proof is provided in Appendix A.l.

4.3 Fine-tuning Stage: Adaptive Preference Alignment (APA)

After improving the efficiency as detailed in Section 4.2, we further enhance diffusion-based recom-
menders’ effectiveness by aligning the generated items with users’ preferences closely, mitigating
the trajectory deviation caused by the discretization error. Technically, TA-Rec introduces adaptive
preference alignment (APA) in the fine-tuning stage to optimize the denoising model fy(-) with users’
preference pairs. To align the denoising trajectory with user preferences in a more refined manner,
APA designs an adaptive coefficient Ag, which controls the strength of preference optimization (as
introduced in Section 3.2) adaptively. For each sequence x'*¥~1, we randomly sample the negative
item x~ from the batch, constructing the preference pair with ground-truth next item x* (i.e., x).
Since denoising from noise to oracle item is relative to user preference and the noisy degree of x;,
the optimization strength Az can adapt at both pair- and step-wise. For a preference pair (x,x7),
we define the similarity between positive and negative items as d(x™,x ™) = cosine(x",x ™), where
cosine denotes the cosine similarity. Thus, the alignment strength Ag(t, s) can adapt according to
timestep ¢ and pair similarity d(x*, x™):

t

M) = - ( (1= £) + (-t x0)) ). )

where Apgse controls the base alignment strength, we set it as 1/2. When the pair similarity d(x*, x™)
and the step ¢ is large (i.e., the preference pair is hard to distinguish and x; has a large noisy degree),
the optimization strength Ag(t, d) can be small, which can avoid overfitting to ambiguous preferences
and random noise. The APA loss integrates this adaptive strength \g(t, d) into the DPO loss of
Diffusion as introduced in Equation (3), and we have:

)t — | =
log o (Aﬁ(t7d) log b | X0 8) ~ As(t, d)log 22 b |Xt+17g))>] -

Lapa = —E —
Pref (er | X;—lv g) Pref (Xt | X115 8




where x;" and x; are noisy representations of x* and x~ (obtained by q(x;|x) = N (xs; va:x, (1 —
a1)I)), pret denotes the reference distribution, which can be initialized using the distribution from
the pretrained denoising model. The Transformer model to extract guidance signals g is frozen in the
fine-tuning stage. Similar to [19], the loss to optimize denoising model fy(-) can be simplified as:

£APA =—FE |:10g0— <7>‘5(t7d) (Hfg(X?_7g7t) - X+H§ - ||fref(xj_7g7t) - XJFH;

= (I ) = s G0) = [2)) )]

where fi(+) is the reference model initialized by the denoising model from the pertaining stage.
Below, we justify that the pair- and step-aware adaptive coefficient Ag(t, d) allows the denoising
model to align the generation with user preferences more closely.

C))

Theorem 2 Suppose that the preference of fo and fr have the following relation:
fref(xjv g, t)/fref(x;a g, t) < fG(X?» g, t)/fg(x;, g, t) < kfref(xzrv g, t)/fmf(x;v g, t)! where k
is a constant and k < e. Then with increasing \g, the parameter update of 0 from preference
optimization becomes more aggressive, i.e., the norm of gradient ||V g Lpigusion-ppo|| o Ag.

Theorem 2 justifies that the denoising model’s parameter 6 updates more slowly when the coefficient
Ag(t,d) is small. The proof is detailed in the Appendix A.2. When the pair similarity d(x*,x~) and
the step ¢ is large (i.e., the preference pair is hard to distinguish and x; has a large noisy degree),
we can have a small optimization strength Ag(t, d). Thus, parameters ¢ of the denoising model can
update more slowly, which can avoid overfitting to ambiguous preferences and random noise. And
vice versa. Such adaptive strategy allows the denoising model to align the generation with user
preferences more closely in a more refined manner.

4.4 Overall Pipeline

As shown in Figure 2, the pipeline of TA-Rec begins with pretraining the denoising model under
Temporal Consistency Regularization (TCR) to enable efficient one-step generation. Given a user’s
interaction sequence x"V—1, we first extract guidance signals ¢ using a Transformer encoder.
The adjenct noisy representations x; and x;_1 are generated via the forward process q(x:|x) =
N (x¢;v/agx, (1 — a;)I), where x is the ground-truth next item. The Transformer and denoising
model is then optimized using a joint loss Lyre = Laitr + Ac - L1cr. In the fine-tuning stage, Adaptive
Preference Alignment (APA) fine-tunes the denosing model fy(-) to better align generated items with
user preference. For each sequence, we construct preference pairs (x*, x™) by randomly sampling
items that users have not interacted with as negatives. The alignment strength Ag(t, d) is dynamically
adapted based on both the timestep ¢ and pair similarity d(x*,x™) as detailed in Equation (7). The
APA loss Lapa optimizes the denoising model with the guidance encoder frozen.

During inference, the model generates recommendations in a single step: given a user’s history
x1N=1 we obtain guidance g and sample noise x7 ~ N(0,1) as input. Then, we generate oracle
items with the denoising model: xg = fy(x7,g,T). The final recommendations are obtained by
ranking candidate items via dot product with generated items x(. The algorithm of the pertaining
stage, fine-tuning stage, and the inference phase of TA-Rec are presented in Appendix B.

S Experiments

In this section, we conduct extensive experiments to evaluate how TA-Rec addresses the trade-
off by answering the following questions: RQ1: How does TA-Rec perform in the sequential
recommendation tasks compared with leading baselines? RQ2: What are the contributions of TCR
and APA in TA-Rec? RQ3: How sensitive is TA-Rec to the strength of consistency regularization
and preference optimization? RQ4: How efficient is TA-Rec compared to traditional recommenders
and diffusion-based recommenders? RQS5: Can TA-Rec generalize to multi-step reverse process and
different pretrained diffusion-based recommenders?

5.1 Expermental Settings

Datasets. We adopt three common datasets in sequential recommendation tasks to conduct the
experiments, including Yoochoose [22], KuaiRec [21], and Zhihu [20]. To process the dataset, we



exclude items with fewer than five interactions and sequences shorter than 3 interactions to mitigate
cold-start issues following [4]. Then, we sort all sequences chronologically and split the data into
training, validation, and testing sets in an 8:1:1 ratio to prevent data leakage. The dataset statistics are
provided in Appendix C.1.

Baselines. We evaluate the performance of TA-Rec against multiple leading sequential recommenders
thoroughly, including:

¢ Traditional Recommender: GRU4Rec [57], Caser [58], SASRec [16], Bert4Rec [59], and CL4SRec
[60] predict next items by calculating the similarity between candidate items and the interaction
sequences, which are modeled using GRU and Transformer architectures.

* Diffusion-based Recommender: DiffRec [6], DiffuRec [5], DreamRec [4] leverage diffusion
models to formulate the adding noise and denoising process in recommenders, generating item
embeddings or item scores step by step.

¢ Preference-based Recommender: DiffuASR [26], PDRec [17], DimeRec [61], PreferDiff [7].
DiffuASR [26], PDRec [17] employ diffusion models to generate augmented items that enrich
user preference representations. Meanwhile, DimeRec [61] and PreferDiff [7] directly generate
recommended items using diffusion models, enhanced by multi-interest extraction and preference
pair optimization, respectively.

The detailed explanation for baselines is presented in the Appendix C.2

Implementation Details. Following DreamRec [4], the historical interaction sequence length
is set to 10, with sequences containing fewer than 10 interactions padded using a padding to-
ken. Item embeddings are dimensioned at 256 for the Zhihu dataset and 64 for the KuaiRec and
Yoochoose datasets. The learning rate during the pretraining stage is tuned within the range of
[0.01,0.005,0.001, 0.0005, 0.0001, 0.00005]. The timesteps 1" for forward process are varied across
[500, 1,000, 2,000]. The hyperparameter of )\ is tuned across the range [0.1, ..., 1]. The experi-
ments are implemented with Python 3.9 and PyTorch 2.0.1 on the Nvidia GeForce RTX 3090. We
employ widely used metrics in sequential recommendation: hit ratio (HR@20) and normalized
discounted cumulative gain (NDCG@20) for evaluation. Each method is tested five times, with the
average performance and corresponding standard deviations reported in the tables.

5.2 Main Results (RQ1)

To answer RQ1 and validate the effectiveness of TA-Rec, we present the overall recommendation
performance on three datasets in Table 1. To implement, all the methods that leverage diffusion
models are based on DDPM [1] with multiple reverse steps, while PreferDiff is based on DDIM
[35] for acceleration (10-20 steps) according to the original setting in [7]. Our proposed TA-Rec
consistently outperforms leading baselines of three categories across all datasets, demonstrating
its superiority in recommendation effectiveness. As shown in Table 1, TA-Rec achieves the best
performance under both HR@20 and NDCG @20 metrics, with significant improvements over the
strongest baselines (7.14%-31.82% on YooChoose, 4.65%-7.54% on KuaiRec, and 7.52%-9.64%
on Zhihu). DreamRec [4] demonstrates competitive performance but incurs high computational
costs due to its 1,000-step generation process. PreferDiff [7] demonstrates excellent performance by
integrating BPR loss with diffusion reconstruction loss and enabling faster generation (10-20 steps)
through the adoption of DDIM; however, it still trails behind TA-Rec. The superiority of our method
with one-step generation validates the success of our two-stage framework in enhancing both the
efficiency and effectiveness of diffusion-based recommenders.

5.3 Abalation Study (RQ2)

To validate the respective contribution of TCR and APA in TA-Rec, we conduct ablation studies with
experimental results presented in Table 2. Specifically, we design several variants for TCR, where
“DDPM” represents adopting the DDPM [ 1] paradigm to generate items step-by-step (1k steps) to
recommend, guided by user interaction history. “DDIM” refers to leveraging DDIM [35] to accelerate
the multi-step reverse process to just 10-20 steps. “w/o TCR” denotes fine-tuning denosing models
from pretrained DDPM without TCR loss, “w/o APA” denotes pretraining denosing models without
the fine-tuning stage. “w/o t”, “w/o d”, “w/o td” represent conduct preference alignment without



Table 1: Overall performance of different methods of sequential recommendation. The best score and
the second-best score are bolded and underlined, respectively. The last row indicates the performance
improvements of TA-Rec over the best-performing baseline method.

YooChoose KuaiRec Zhihu

HR@20 NDCG@20 HR@20 NDCG@20 HR@20 NDCG@20

GRU4Rec 3.89+0.11 1.62+0.02 3.32+0.11 1.23+0.08 1.78+0.12 0.67+0.03
Caser 4.06+0.12 1.88+0.09 2.88+0.19 1.07+0.07 1.57+0.05 0.59+0.01
SASRec 3.79+0.03 1.71+0.03 4.02+0.09 1.79+0.10 1.85+0.01 0.77+0.03
Bert4Rec 4.96+0.05 2.05+0.03 3.77+0.09 1.73+0.04 2.01+0.06 0.72+0.04
CL4SRec 4.67+0.03 2.12+0.01 4.43+0.07 2.66+0.03 2.11+0.05 0.76+0.04

DiffRec 4.33+0.02 1.84+0.01 3.74+0.08 1.77+0.05 1.82+0.03 0.65+0.09
DiffuRec 4.63+0.03 2.23+0.04 4.51+0.02 3.40+0.06 2.23+0.09 0.81+0.05
DreamRec 4.78+0.06 2.23+0.02 5.16+0.05 4.11+0.02 2.26+0.07 0.79+0.01

DiffuASR 4.48+0.03 1.92+0.02 4.53+0.02 3.30+0.03 2.05+0.02 0.71+0.02

PDRec 5.4340.02 3.08+0.02 4.48+0.02 3.68+0.03 2.12+0.04 0.76+0.03
DimeRec 5.3340.03 3.86+0.08 4.17+0.04 3.644+0.05 2.06=+0.02 0.78+0.06
PreferDiff 5.74+0.07 3.07+0.08 4.87+0.02 3.81+0.07 2.2240.03 0.83+0.01

Ours 6.15+0.03 4.06+0.02 5.40+0.02 4.42+0.04 2.43+0.01 0.91+0.06
improv. 7.14% 31.82% 4.65% 7.54% 7.52% 9.64%

Methods

Table 2: Ablation Study for TCR and APA. The best performance is bolded.
YooChoose KuaiRec Zhihu

HR@20 NDCG@20 HR@20 NDCG@20 HR@20 NDCG@20

DDPM 5.68+0.05 3.81+0.03 5.23+0.02 4.23+0.06 2.33+0.04 0.86+0.03
DDIM 5.3440.04 3.75+0.03 5.05+0.02 3.91+0.05 2.38+0.01 0.81+0.05
w/o TCR 5.72+0.02 3.82+0.03 5.24+0.02 4.2340.04 2.39+0.05 0.87+0.01
w/o APA 5.89+0.02 3.82+0.05 5.33+0.06 4.30+0.02 2.41+0.04 0.89+0.05
w/o td 6.10+0.02 4.04+0.04 5.36+0.04 4.39+0.05 2.28+40.05 0.87+0.02
w/o d 6.11+0.01 4.05+0.04 5.38+0.03 4.40+0.03 2.38+0.01 0.89+0.02
w/ot 6.12+0.03 4.04+0.01 5.39+0.02 4.41+0.03 2.35+0.01 0.89+0.04

Ours 6.15+0.02 4.06-£0.04 5.40+0.02 4.42+0.01 2.43+0.04 0.91+0.02

Methods

considering step ¢ or pair similarity s or both. As shown in Table 2, all the variants surpass the DDPM-
or DDIM-based recommenders, demonstrating the significance of TCR and APA. Additionally, the
superiority of “w/o d”, “w/o t” over “w/o td” validates the necessity of pair- and step-wise adaptation
for APA. More analysis for our ablation study is detailed in Appendix D.1.

5.4 Sensitivity Analysis (RQ3)

We investigate the sensitivity of TA-Rec to the hyperparameters \. (controls the weight of TCR loss
in pertaining stage) and Ag (controls the strength of preference alignment in fine-tuning stage). The
results of A, are shown in Figure 3, where “onestep” and “multistep” refer to TA-Rec using one-step
generation and its extension in a multi-step setting (5-10). We can observe that the performance
peaks when the regularization strength A. € [0.4, 0.8], balancing consistency smoothing and item
reconstruction. Excessive regularization (A, > 0.8) suppresses oracle item modeling, while weak
regularization (A, < 0.3) fails to mitigate discretization errors. The results for Ag are presented in
Figure 4, where “fix_one”, “fix_mul”, “Our_sone”, and “fix_one” refer to fine-tuning TA-Rec with
fixed \g or our adaptive Ag(t, d) with one or multiple steps-generation, respectively. The curves of
“fix_one” and “fix_mul” fluctuate as Ag changes, highlighting the significance of A in performance
optimization. The curves of “Ours_one” and “Ours_mul” lie above those of “fix_one” and “fix_mul”,
validating the superiority of our design of adaptive coefficient Ag(t, d) in aligning user preference.
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Figure 3: Performance of TA-Rec on different )., demonstrating the sensitivity of TA-Rec to the
strength of consistency regularization.
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Figure 4: Performance of TA-Rec on different Ag, demonstrating the sensitivity of TA-Rec on the
strength of preference alignment and the superiority of our Adaptive preference alignment.

5.5 Computational Resource Comparison (RQ4)

To answer RQ4, we compare the training and inference efficiency of TA-Rec with traditional
recommenders (e.g., SASRec [16]) and diffusion-based recommenders (DreamRec [4] with 1k
steps and PreferDiff [7] with 10-20 steps). The time costs are presented in Table 3. We observe
that the computational complexity of TA-Rec for training each epoch is comparable to that of other
diffusion-based and traditional recommenders using the same sequence encoder (i.e., , Transformer
[62]). Moreover, by employing TCR to realize one-step generation, we significantly enhance the
efficiency of TA-Rec during the inference phase. As a result, TA-Rec substantially reduces inference
time compared to DreamRec and PreferDiff, achieving performance levels similar to SASRec.

Table 3: Running time comparison of TA-Rec and other recommenders that use the same sequence
encoder on three datasets.

YooChoose KuaiRec Zhihu
Methods
Traning  Inferencing Training Inferencing Training Inferencing
SASRec 0Im18s 00m 06s 02m 07s 00m 08s 00m 12s 00m Ols
DreamRec  Olm 19s 23m 14s 02m 23s 28m 02s 00m 12s 05m 04s
PreferDiff 0lm 18s 00m 14s 02m 22s 00m 32s 00m 11s 00m 03s
Ours 0lm 18s 00m 06s 02m 21s 00m 07s 00m 12s 00m O1s

The analysis and experiments conducted for RQ5 are detailed in Appendix D.2, demonstrating
that TA-Rec generalizes effectively in multi-step settings (1-5 steps) and that APA can enhance the
performance of other diffusion-based recommenders using DDPM [1] or DDIM [35] backbones.

6 Conclusion

In this paper, we propose a novel two-stage framework, TA-Rec, to address the critical efficiency-
effectiveness trade-off in diffusion-based sequential recommenders. To improve efficiency without
compromising recommendation performance, TA-Rec integrates Temporal Consistency Regulariza-
tion (TCR) in the pretraining stage, smoothing the denoising function to realize one-step generation
with bounded error. To further enhance effectiveness, TA-Rec fine-tunes the denoising model
with Adaptive Preference Alignment (APA) at both pair- and step-wise. Theoretical justification



and extensive experiments validate that TA-Rec can enhance both efficiency and effectiveness of
Diffusion-based recommenders, addressing the discretization error-induced trade-off.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The contributions and scope of the paper are included in the abstract and
Introduction.

Guidelines:

* 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.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have discussed the limitations of our work in Appendix E.3.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate "Limitations" section in their paper.

* 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.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The full set of assumptions and complete proofs for all theoretical results are
provided in Appendix A of our paper.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We introduce the implementation details of the experiment, such as the
information on hardware and software in Section 5.1. Besides, we will release the code to
ease the reproducibility once accepted.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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5. Open access to data and code
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Answer: [Yes]
Justification: We have maken the data and code used in this paper public on GitHub.
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* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ 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.

* 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 URLSs 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, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide the details of the experimental settings, such as the data split,
hyperparameters, etc., in the implementation details of 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
information about the statistical significance of the experiments?

Answer: [Yes]
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Justification: We report the 5-test results with the average performance and corresponding
standard deviation reported in the experimental result tables.

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, confi-
dence 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.

It is 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 com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide the details of the compute resources in the implementation details
in 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.

* 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).

9. 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: We have made sure that our paper conforms with the NeurIPS Code of Ethics.
Guidelines:

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

10. Broader impacts

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

Answer: [Yes]
Justification: We discuss the broader impacts of our framework in Appendix E.2.
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., deployment 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 monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. 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: [Yes]

Justification: There is no risk of misuse of the proposed framework, and the datasets used in
our paper are open datasets.

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.

* 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.

12. Licenses for existing assets
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13.

14.

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: We have cited the original paper or attached the link to the existing assets used
in our paper.

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: [Yes]

Justification: We have introduced the new assets in our implementation details of Section
5.1, and we will attach the introduction of how to run the code and the license in the code
repository on Github once accepted.

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
submissions 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 or research with human subjects.
Guidelines:

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

19


paperswithcode.com/datasets

15.

16.

* Including this information in the supplemental material is fine, but if the main contribu-
tion 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?

Answer: [NA]
Justification: This paper does not involve crowdsourcing or 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
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The LLM is used only for writing, editing, or formatting purposes and does
not impact the core methodology, scientific rigorousness, or originality of the research.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A  Proofs

A.1 Temporal Consistency Regularization

Theorem 1 (Error Bound for One-Step Generation) We assume that: (i) The smooth denoising
function fo(xs,g,t) satisfies Lipschitz continuity with constants L > 0: || fo(Xs, /at, 8, 51/ At) —
Jo(Xsy /a1, 8, 82/ At)||2 < Llsy — sa| for any time sy, 55 € [0,1]. (ii) For any step t € [1,...,T]
and any time s € [tAt, (t + 1)At], there exists a constant C such that the following smooth condition

holds Hf@(xs/Ata g, S/At) - fe(xty g, t) ||2 < Cer(Xt-‘rh g,t+ 1) - f@(xta g, t) H2 Then, since
we minimize Lyye, the error of one-step generation of X from any s is bounded as follows:

Sup”.fe(xs/Atagas/At) _X||2 = O(At) (10)

Proof 1 We estimate the error
||f9(xs/Ataga5/At) - XH2 < ||f9(xs/At7g75/At) - f9(xtag’t)‘|2 + ||f9(xt7g7t) - X”2
= ||f9(xs/At7g7 S/At) - f@(xtagat)HQ + 0.

The second term || fo(x¢, 8, t) — X||2 represents denoising model’s reconstruction error, bounded by
the loss La; 5. This error is inherent to denoising model, regardless of whether a multi-step or our
accelerated one-step inference is used. Since we minimize Lq; ¢y, we have || fo(x¢, 8,t) — x[|2 < 6, 0
is arbitrarily small and negligible. Using the Lipschitz condition, we have

| fo(xs/at, 8,5/ At) — fo(x¢,8,t)||2 < O fo(Xeq1,8,t +1) — fo(xe,8,1)|2
< LO|(t + 1)At — tAt| (12)
= O(Ab).
Thus, we have sup; || fo(Xs a1, 8, 8/At) — x[]2 = O (At).

(1D

A.2 Adaptive Preference Alignment

Theorem 2 Suppose that the preference of fg and f.; have the following relation: s.t.

fref(xjv g, t)/fref(xz7 g, t) < f@(xj7 g, t)/fg(x;, g, t) < k‘fref(xzr7 g, t)/frqf<x;7 g, t)’ where k
is a constant and k < e. Then with increasing \g, the parameter update of 0 from preference
optimization becomes more aggressive, i.e., the norm of gradient ||V g Lpigusion-ppo|| o Ag.

Proof 2 The gradient of Lpjgusion-pro is defined as:

1
||V9£Diﬁusian-DPOH = WVG(AT)a (13)
_ fo(xfg,t) fo(x7 8:t)
where Ar =log ;" Frr(xy 1)

The gradient of V g Lpigision-pPo With respect to \g is:

1+ AT — NgArersAr
VA[gVGEDWusion-DPO = (1 T e)‘BAT)Q Q(A'I"). (14)

Given the initial condition:
Ar — log ( fﬁ(xja g, t)/fg(X;, g, t)
fref(Xj’ g, t)/.fref(xt_y g, t)

) <logk < 1. (15)

Thus, we have:
14 et — AﬁAre)‘/*A’"
(1 + e/\gAT)2

Vo(Ar) > 0. (16)

This implies two cases:
1. IfVOEDiﬂusion-DPO > 0: then VQ(AT) > 0 and V)\B v0ﬁDzﬁ‘usi(m-DPO > 0.
2. vat9£Diﬁusion-DPO <0, then VO(AT) <0 and V)\B v0£Diﬁ”usion-DP0 <0.

That means the norm of gradient ||V9£DWM,-0,1_DPO|| o Ag. The parameters of 6 update slowly when
the coefficient \g is small.
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B Algorithm

Here we list the algorithm of TA-Rec’s pretraining, fine-tuning, and inference phase in Algorithm 1,

Algorithm 2, and Algorithm 3.

Algorithm 1: Pretraining stage of TA-Rec

Input: Interaction sequence xVV~!

fo(+) and Transformer encoder.
Output: optimized den01smg model fy(-).

1: g = Transformer(x'*~1) Encode the guidance.

2t~ [1,...,T] > Sample diffusion step.
3z~ N(0,T) > Sample Gaussian noise.
4 xp = Joux+ (1 — ay)z > Add ¢ steps Gaussian noise.
50 Xp—1 = /@1 x+ (1 —ay—1)z > Add ¢ — 1 steps Gaussian noise.
6: Laig = Ex gt {Hf@ (x¢,8,t) — XH%} > Calculate reconstruction loss.
7: Locr = Ex, gt [Hfg(Xt, g, t) — fo(xi—1,8,t— 1)|\§} > Calculate TCR loss.
8: Lpre = Laitt + Ac - L1cr > Total loss of pertaining stage
9: Update fy(-) and Transformer encoder with Ltcg.

, hext item x, hyperparameters )., initialized denoising model

Algorithm 2: Finetuning stage of TA-Rec

Input: preference pair (x*,x ™), pretrained denoising model fy(-), guidance g.
Output: optimized denoising model fy(-).

Lt~[1,...,T) > Sample diffusion step.
2: z ~ N(0,1I) > Sample Gaussian noise.
3 x; = Vaxt + (1 —ay)z > Add Gaussian noise to positive items.
4: xt =Vax  +(1—a)z > Add Gaussian noise to negative items.
50 Ap(t,d) = Aoase - ((1— %) + ( xT,x7))) > Calculate adaptive coefficient.
6: Lapa < Equation 9 > Adaptive preference alignment loss.
7: Update f@() with Lapa

Algorithm 3: Inference phase of TA-Rec

Input: Interaction sequence x':V—1

Output: Oracle item embedding x.

, optimal denoise model fy(-), Transformer encoder.

1: xg ~ N(0,T) > Sample Gaussian noise.

2: g = Transformer(x!V—1)

# One-step generation
3: x0 = fo(xr,8,7T)
# Multi-step generation
fort=1T,...,1do
z~N(0,I)ift > 1,elsez =0
)A(O = fG(Xtvgv )
= .. R NN

ot

Xt—1 =
end for
return xg

W R Uk

> Encode interaction sequence as guidance.

> Reverse step by step.

C Detailed Experimental Settings

C.1 Details of Datasets

Here, we present the statistics of our datasets in Table 4.
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Table 4: Statistics of the three datasets.

Dataset YooChoose KuaiRec Zhihu
#sequences 128,468 92,090 11,714
#items 9,514 7,261 4,838

#interactions 539,436 737,163 77,712

C.2 Detailed Baselines

Here, we detailed our baseline methods, including traditional Recommender, diffusion-based Recom-
mender, and preference-based Recommender. Traditional Recommender: These methods predict
next items by calculating the similarity between candidate items and the interaction sequences, which
are modeled using GRU and Transformer architectures.

* GRU4Rec [57] uses gated recurrent units (GRUs) to model user behavior sequences, processing
session data sequentially to predict next-item interactions.

» Caser [58] applies horizontal and vertical convolutional filters to capture both point-wise and
union-level sequential patterns from user interaction sequences.

* SASRec [16] employs self-attention mechanisms to weight historical interactions dynamically,
modeling long-range dependencies in user behavior sequences.

» Bert4Rec [59] adapts the bidirectional Transformer architecture with masked item prediction to
learn contextual representations of user behavior sequences.

* CL4SRec [60] incorporates contrastive learning by constructing augmented sequence views through
item cropping, masking, and reordering operations.

Diffusion-based Recommender: These methods leverage diffusion models to formulate the adding
noise and denoising process in generative recommenders, generating item embeddings or item scores
step by step.

* DiffRec [6] optimizes the diffusion model to predict noise in corrupted interactions, where diffusion
steps progressively refine interaction probabilities.

* DiffuRec [5] employs diffusion models for sequential recommendation, which adds Gaussian noise
to next items while preserving historical sequences.

* DreamRec [4] reformulates sequential recommendation as oracle item generation via classifier-free
guidance-based diffusion, where encoded historical interactions serve as condition signals.

Preference-based Recommender: These methods employ diffusion models to enrich user preference
representations or enhance diffusion models’ ability with learned user preferences.

* DiffuASR [26] enhances sequential recommendation by generating high-quality pseudo sequences
using a diffusion model, specifically designed to better capture and align with user preferences.

* PDRec [17] leverages diffusion models to generate comprehensive user preferences on all items,
using strategies like historical behavior reweighting and noise-free negative sampling to enhance
the representation of user preferences.

* DimeRec [61] shifts the recommendation task from generating specific items to generating user
interests, using a multi-interest model to extract stable user preferences and a diffusion model to
reconstruct user embeddings.

* PreferDiff [7] introduces a tailored optimization objective for diffusion-based recommenders,

transforming BPR into a log-likelihood ranking objective and integrating multiple negative samples
to better capture and align with user preferences
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Table 5: Ablation Study for Temporal Consistency Regularization. The best performance is bolded.
YooChoose KuaiRec Zhihu
HR@20 NDCG @20 HR@20 NDCG@20 HR@20 NDCG@20

DDPM 5.68+0.05 3.81+0.03 5.23+0.02 4.23+0.06 2.33+0.04 0.86+0.03
DDIM 5.34+0.04 3.75+0.03 5.05+0.02 3.91+0.05 2.38+0.01 0.81+0.05
w/o TCR 5.72+0.02 3.82+0.03 5.24+0.02 4.23+0.04 2.39+0.05 0.87+0.01
w/ TCR 5.89+0.02 3.82+0.05 5.33+0.06 4.30+0.02 2.41+0.04 0.89+0.05

Ours 6.15+0.02 4.06-0.04 5.40+0.02 4.42+0.01 2.43+0.04 0.91+0.02

Methods

Table 6: Ablation Study for the adaptive strategies for preference Alignment.
YooChoose KuaiRec Zhihu
HR @20 NDCG@20 HR@20 NDCG@20 HR@20 NDCG@20

w/o APA 5.89+0.02 3.8240.05 5.33+0.06 4.30+0.02 2.4140.04 0.89+0.05
w/o td 6.10+0.02 4.04+0.04 5.36+0.04 4.39+0.05 2.28+0.05 0.87+0.02
w/od 6.11+0.01 4.05+0.04 5.38+0.03 4.40+0.03 2.38+0.01 0.89+0.02
wlot 6.12+0.03 4.04+0.01 5.39+0.02 4.41+0.03 2.35+0.01 0.89+0.04

Ours 6.15+0.02 4.06-+0.04 5.40+0.02 4.42+0.01 2.43+0.04 0.91+0.02

Methods

D More Experimental Results

D.1 Detailed Analysis for Ablation Study

We present the ablation study for TCR and APA in Tables 5 and 6. From the results in Table 5,
we observe that “DDPM” achieves moderate performance but incurs high inference costs with a
1,000-step reverse process. In contrast, “DDIM” reduces reverse steps to 10-20 but experiences a
performance drop (e.g., 3.75% for “DDIM” vs. 3.81% for “DDPM” on YooChoose). However, “w/
TCR”, which employs TCR to facilitate one-step generation through a smoothed denoising function,
outperforms both “DDPM” and “DDIM”, underscoring TCR’s advantage in accelerating generation
without sacrificing recommendation performance. Meanwhile, “w/o TCR”, which fine-tunes DDPM-
based recommendations pretrained without TCR loss, surpasses the “DDPM” variant but lags behind
our TA-Rec, further highlighting the importance of TCR loss during the pretraining stage.

Additionally, as shown in Table 6, “w/o td”, “w/o d”, “w/o t”, and our TA-Rec all outperform “w/o
APA” across the three datasets, confirming the effectiveness of APA in aligning user preferences
during the fine-tuning stage. Removing step-wise adaptation (“w/o t”) or pair-wise adaptation (“w/o
d”) degrades the performance of our TA-Rec (e.g., Zhihu HR @20 drops from 2.43% to 2.35% and
2.38%, respectively), demonstrating the necessity of both adaptations for effective alignment. This
further shows that dynamically adjusting the alignment strength A (¢, d) based on both timestep ¢ and
preference pair similarity d can help mitigate overfitting to ambiguous preferences (i.e., preference
pairs with higher similarity d) and noise (noisy inputs with larger ).

D.2 Generalization Ability of TA-Rec

To answer RQ5, we generalize TCR to multi-step reverse process settings. The results are presented
in Figure 5, where the variants “DDPM” and “DDIM” refer to the diffusion-based sequential
recommenders based on DDPM and DDIM backbones, respectively, while “Ours” denotes that based
on TCR training. “Our” consistently outperforms both variants across generation settings of 1-5 steps,
as indicated by the pink column’s superiority over the green and blue columns at various reverse-
step settings. Furthermore, the performance of “Ours” remains stable across different reverse-step
configurations, validating that TCR generalizes effectively in multi-step generation due to its smooth
denoising function.

Additionally, we apply APA to various pre-trained diffusion-based recommenders, with results
detailed in Table 7. This includes DDPM-based, DDIM-based, and TCR-based recommenders. For
TCR-based recommenders, we evaluate outcomes from one-step and multi-step (5-step) generation.
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Figure 5: Performance of TA-Rec on multi-step inference settings, demonstrating the generalization
ability and robustness of TCR in the multi-step reverse process.

Table 7: Performance of TA-Rec on different pretrained diffusion-based recommenders, demonstrat-
ing the generalization ability and effectiveness of APA in enhancing diffusion-based recommenders’
effectiveness.

YooChoose KuaiRec Zhihu
HR @20 NDCG @20 HR @20 NDCG @20 HR @20 NDCG @20

DDPM 5.68+0.05 3.81+0.03 5.23+0.02 4.23+0.06 2.33+0.04 0.86+0.03
+APA 5.72+0.03 3.82+0.01 5.2440.03 4.24+0.05 2.39+0.02 0.87+0.04

DDIM 5.34+0.04 3.75+0.03 5.05+0.02 3.91+0.05 2.38+0.01 0.81+0.05
+APA 5.37+0.03 3.77+0.06 5.1440.04 4.07+0.05 2.40+0.03 0.83+0.03

TCR-1 5.89+0.02 3.82+0.05 5.33+0.06 4.30+0.02 2.41+0.04 0.89+0.05
+APA 6.15+0.02 4.06+0.04 5.40+0.02 4.42+0.01 2.4340.04 0.91+0.02

TCR-m 5.93+0.04 3.88+0.02 5.38+0.03 4.43+0.04 2.37+0.05 0.86+0.05
+APA 6.00+0.03 4.04+0.03 5.40+0.03 4.60+0.04 2.4140.02 0.88+0.04

Methods

As shown in Table 7, applying the APA strategy to these pre-trained diffusion-based recommenders
yields improved recommendation performance across all three datasets. For instance, “DDIM+APA”
enhances the HR@20 performance of “DDIM” from 5.05% to 5.14% on KuaiRec. This illustrates
the generalization capability of APA, which adaptively aligns denoising models with user preferences
to enhance the effectiveness of diffusion-based recommenders.

D.3 Exploration of Different Negative Sampling Strategies of TA-Rec

As presented in Sec 4.4, we randomly sample one item from the item corpus that the user has not
interacted with as the negative to construct a preference pair for each user. Since our main contribution
is the adaptive alignment strength, which can mitigate overfitting to ambiguous preferences and noise,
the random sampling strategy is employed for simplicity.

To explore the impact of different negative sampling strategies, we perform additional experiments on
TA-Rec with results presented in Table 8. The “ours-hard” represents selecting hard negatives based
on high cosine similarity to the positive item. The “ours-popular” denotes selecting negative items
according to item popularity. The slightly superior performance of “ours-popular” and “ours-hard”
over “ours” suggests that adopting different negative sampling strategies can be further considered.

D.4 Analysis on the Diversity of Diffusion-based Recommenders

For diffusion-based recommenders, the mechanism of adding random noise to target items and
generating “oracle items” from stochastic noise inherently enhances the diversity of recommendation
results. Our model, TA-Rec, preserves this fundamental mechanism and accelerates generation by
smoothing the denoising function. The TCR loss is designed to ensure the discretization error remains
bounded during this accelerated generation. It does not eliminate the model’s dependence on the
random noise, so the potential for diverse generation is maintained in TA-Rec.
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Table 8: Experiments on different negative sampling strategies.

YooChoose KuaiRec Zhihu
Methods
HR @20 NDCG@20 HR @20 NDCG @20 HR @20 NDCG@20
w/o APA 5.89 3.82 5.33 4.30 2.41 0.89
ours 6.15 4.06 5.40 4.42 2.43 0.91
ours-popular 6.17 4.07 5.43 4.43 243 0.92
ours-hard 6.16 4.08 5.42 4.40 2.45 0.93

Table 9: Experiments on the diversity (coverage @20) of diffusion recommenders.

Methods YooChoose KuaiRec Zhihu
SASRec 0.1703 0.8368 0.7306
DreamRec 0.2051 0.8426 0.7616
ours 0.2042 0.8416 0.7609

To validate the diversity of diffusion-based recommender and our TA-Rec, we conduct additional
experiments on the coverage metric, which measures the proportion of unique items recommended
across multiple users. The experimental results presented in Table 9 indicate that both TA-Rec
and DreamRec, which leverage diffusion models for generating recommendations, exhibit greater
diversity compared to traditional recommenders like SASRec. This underscores the advantages of
diffusion models in achieving diverse recommendations. Furthermore, the recommendations from
TA-Rec show comparable diversity to those from DreamRec, suggesting that the inherent diversity
benefits of diffusion models are maintained even with the faster inference speed.

D.5 Experiments on More Datasets.

Here, we conduct experiments to validate TA-rec on more diverse datasets (Steam [03], Beauty [64],
and Toys), varying in sizes and domains. The statistics of these datasets are shown in Table 10.
Experimental results are presented in Table R2.

Our method consistently outperforms various baselines on larger dataset (Steam) and diverse datasets
(Amazon-beauty and Amazon-toys), further highlighting the effectiveness of TA-Rec.

E Discussion and Limitation

E.1 Relationship with Consistency models

Our Temporal Consistency Regularization (TCR) shares conceptual similarities with consistency
models [15] in accelerating diffusion-based generation by enforcing self-consistency across timesteps.
However, TCR differs fundamentally in its design and applicability to sequential recommendation
scenarios:

Stochastic vs. Deterministic Trajectories: Consistency models typically enforce consistency along
deterministic ODE trajectories, assuming a smooth and predefined path for generation. In contrast,
TCR operates on the stochastic SDE process [2], which inherently models uncertainty in user behavior
sequences. This is critical for recommendation systems, where user preferences are noisy and non-
deterministic. By regularizing the denoising results of adjacent steps, TCR preserves the stochastic
nature of denoising while smoothing the trajectory, making it more robust to the dynamic and noisy
patterns of real-world user interactions.

With vs. without distillation: Consistency models often require distilling knowledge from a pre-
trained diffusion model, assuming the original model has already captured the data distribution.
However, sequential recommendation tasks lack unified pretrained backbone models, making the
distillation unreliable. In contrast, TCR is jointly optimized with the item reconstruction loss during
pretraining, directly aligning the denoising results with oracle items. This end-to-end approach is
independent of numerical solvers, eliminating the need for distillation with complex solvers and
ensuring the denoising accuracy under consistency regularization.
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Table 10: Statistics of the Steam, Beauty, and Toys datasets.

Dataset Steam Beauty Toys
#sequences 281,428 22,363 19,412
#items 13,044 12,101 11,924

#interactions 3,485,022 198,502 167,597

Table 11: The performance of TA-Rec and baseline methods on more datasets(Steam, Beauty, and
Toys).

Methods Steam Toys Beauty
HR@20 NDCG@20 HR@20 NDCG@20 HR@20 NDCG@20
GRU4Rec 10.13 4.21 5.54 3.45 6.46 3.48
Caser 15.12 6.42 8.53 4.21 8.35 4.21
SASRec 13.61 5.36 9.23 4.33 8.98 3.66
Bert4Rec 12.73 5.20 7.49 4.02 8.59 3.45
CL4SRec 15.06 6.12 9.09 5.08 10.18 4.85
DiffRec 15.09 6.89 9.18 5.25 10.21 5.14
DiffuRec 15.83 7.08 10.06 5.18 10.36 5.21
DreamRec 15.08 6.39 9.88 5.22 10.32 4.88
DiffuASR 15.74 6.59 9.39 5.19 10.03 5.16
PDRec 15.78 6.51 9.08 5.12 10.24 5.02
DimeRec 15.29 6.45 9.15 5.24 10.46 5.44
PreferDiff 15.92 7.12 10.18 5.34 10.69 5.38
Ours 16.25 7.36 10.87 5.81 10.99 5.54
improv. 2.07% 3.37% 6.78% 8.80% 2.81% 1.84%

E.2 Broader Impact

TA-Rec’s one-step generation framework substantially reduces the computational overhead of deploy-
ing diffusion-based recommender systems in industrial settings. By replacing multi-step denoising
with a single-step process while maintaining accuracy, it enables real-time personalization for latency-
critical applications such as live-streaming commerce and instant content delivery platforms. These
efficiency improvements not only enhance recommendation quality but also boost user engagement
and satisfaction in real-world applications.

TA-Rec’s approach to accelerating generation while preserving precision provides methodological
insights for adapting diffusion models to multimodal recommendation tasks (e.g., text, image, and
video hybrids), thereby streamlining their adoption in next-generation Al services. This advance-
ment bridges the gap between theoretical generative models and scalable, industry-ready solutions,
particularly in scenarios requiring seamless integration of heterogeneous data types.

E.3 Limitations and Future Work

Training Cost Limitation: While TA-Rec achieves significant inference efficiency through one-
step generation, its two-stage training framework (pretraining with TCR and fine-tuning with APA)
requires more computational resources compared to end-to-end approaches. Additionally, the TCR
necessitates executing the denoising model twice for the adjacent steps per training iteration, thereby
incurring additional computational overhead during the pretraining stage.

Future Work: We will explore integrating large language model (LLM) scaling laws with diffusion-
based generative recommendation frameworks to develop a diffusion LLM for generative recom-
mendation. Specifically, we aim to investigate how LLM emergent capabilities—such as context
understanding and semantic reasoning—scale with model size, data volume, and computational
resources to enhance the expressive power of diffusion processes in capturing complex user-item
interaction patterns.
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