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ABSTRACT

This work introduces a novel approach to modeling temporal point processes using
diffusion models with an asynchronous noise schedule. At each step of the diffusion
process, the noise schedule injects noise of varying scales into different parts of
the data. With a careful design of the noise schedules, earlier events are generated
faster than later ones, thus providing stronger conditioning for forecasting the
more distant future. We derive an objective to effectively train these models for a
general family of noise schedules based on conditional flow matching. Our method
models the joint distribution of the latent representations of events in a sequence
and achieves state-of-the-art results in predicting both the next inter-event time
and event type on benchmark datasets. Additionally, it flexibly accommodates
varying lengths of observation and prediction windows in different forecasting
settings by adjusting the starting and ending points of the generation process.
Finally, our method shows superior performance in long-horizon prediction tasks,
outperforming existing baseline methods.

1 INTRODUCTION

Event sequences are prevalent in many domains, including commerce, science, and healthcare, with
event data generated by human activities and natural phenomena such as online purchases (Ni, 2018;
Wong, 2014; Xue et al., 2022), social media (Zhou et al., 2013; Leskovec & Krevl, 2014), disasters
(Ogata, 1988; Venzke, 2024), and disease outbreaks (Lorch et al., 2018; Rizoiu et al., 2018). Temporal
point processes (TPPs) have been a powerful tool to model the distribution of event occurrence over
time (Mei & Eisner, 2017; Zuo et al., 2020; Shchur et al., 2020). Diffusion models (DMs) have
emerged as a powerful framework in generative modeling, achieving remarkable success in domains
such as image synthesis (Rombach et al., 2022; Sauer et al., 2024; Peebles & Xie, 2023; Zhang et al.,
2023) and video generation (Ho et al., 2022b;a; Ma et al., 2024; Blattmann et al., 2023; Khachatryan
et al., 2023). Despite these advancements, their application to modeling TPPs remains limited
because the current diffusion paradigm faces several challenges when applied to event sequence data
as follows.

Data heterogeneity. TPPs often consist of mixed data types, combining continuous attributes (e.g.,
timestamps or durations) with discrete variables (e.g., event categories or marks). Though DMs are a
good fit for continuous data, recent work on applying them to discrete data often involve non-trivial
efforts (Austin et al., 2021; Inoue et al., 2023).

Synchronous noise. Existing DMs typically assume the same level of noisiness in different parts of
data at each step of the diffusion or generation process. However, in TPPs, subsequent events could
be triggered by previous ones. Thus, reducing the uncertainty in earlier events could lead to better
predictions of later ones. This can be achieved by denoising earlier events faster than the later ones,
or equivalently diffusing later events faster than the earlier ones. Yet, such asynchronous diffusion
strategies can not be realized given the synchronous noise assumption.

Fixed data dimension. The length of sequential data is inherently variable. For example, both the
context length and prediction horizon in TPP sequences can vary in different problem settings (e.g.,
prediction horizon can be one and many for next event and long horizon predictions respectively).
DMs typically assume a fixed data dimension, which is unsatisfactory for the demands of TPPs.
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Figure 1: Asynchronous Noise Schedule. The size and
blurriness of each blob indicates the scale of noise at
each event. In the diffusion process (bottom to top),
the latent representations of later events are replaced by
Gaussian noise faster than earlier ones. In the generation
process (top to bottom), early events are denoised first,
providing context for the generation of future events.

We present a novel design of DMs for TPPs
that directly addresses the challenges in three
ways. (i) Inspired by latent DMs (Zhang et al.,
2024; Rombach et al., 2022), we first learn con-
tinuous latent representations that can recon-
struct heterogeneous event variables faithfully
using a variational autoencoder (β-VAE, Hig-
gins et al. (2017)). Then, DMs are applied to
model the joint distribution of events in such
a latent space. (ii) We adopt DMs with asyn-
chronous noise schedules which diffuse and
generate events in a sequence with different
speeds (see Figure 1) and derive the training
objectives for a general family of such sched-
ules based on flow matching (Lipman et al.,
2023). Our method enables faster generation
of earlier events in the sequence to provide
stronger guidance for the generation of later
ones. It can be seen as an alternative to autore-
gressive generation or whole sequence diffusion
with synchronous noise schedules (see Figure 2).
(iii) Finally, the asynchronous noise schedules
can also serve the purpose of variable length
future prediction; we can flexibly control the
length of observations and predictions windows
by choosing the starting and ending times of the
denoising process using one DM. Our approach demonstrates performance superior to existing
methods on both next event predictions and long horizon predictions using TPP benchmark datasets.
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Figure 2: Synchronous Noise Schedule. This figure
visualizes the synchronous diffusion process when being
applied to model TPPs. At each intermediate step in the
diffusion or generation process, the model assumes the
same scale of noise for each event.

Our approach uses asynchronous DMs to model
temporal point processes in a latent space. We
use this section to introduce the problem of tem-
poral point process modeling. It also covers the
basics of flow matching (Lipman et al., 2023)
upon which our derivation of DM training ob-
jectives is based.

2.1 TEMPORAL POINT PROCESSES

Temporal point process (TPP) is a random pro-
cess whose realization describes a sequence of
discrete event occurrences. A typical sequence
of N events sampled from a TPP can be char-
acterized as z = {z(1), z(2), ...z(N)} with each
event z(i) = (τ (i), k(i)) where i is an index indi-
cating the chronological order of events, τ (i) is the duration between the ith event and its predecessor,
and k(i) denotes the event semantic category (or mark).

Traditionally, TPP models estimate intensity functions for predicting the next event occurrence, and
are optimized by maximizing the log-likelihood of event sequences (Mei & Eisner, 2017). Recent
works directly approach the problem by learning the conditional distribution of the next event’s time
and mark (Shchur et al., 2020). TPP models are commonly evaluated on two tasks:

• Next event prediction. Given {z(1), ..., z(i−1)} from the test set, a TPP model predicts the
immediate next event z(i) = (τ (i), k(i)) for 1 < i ⩽ N .

• Long horizon prediction. Given the preceding m events {z(0), ..., z(m)}, a model predicts
the next h events {z(m+1), ..., z(m+h)}.
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Our approach can be seen as part of the broader intensity-free family of TPP models, which aim
to capture the underlying event dynamics without explicitly parameterizing an intensity function
(Shchur et al., 2020). We grounded our work on the existing literature on TPPs and refer to Appendix
C for a discussion on the distributional characteristics of our proposed method.

2.2 FLOW MATCHING

Flow matching (Lipman et al., 2023; Liu et al., 2023) are variants of DMs with close ties to neural
ordinary differential equations (ODEs) (Chen et al., 2018). Compared to discrete time or stochastic
differential equation (SDE)-based formulation of DMs (Ho et al., 2020; Song et al., 2021), they enjoy
the benefits of simple forward process, simulation-free training, and efficient sampling using ODE
solvers. This family of methods form the backbone of notable DMs like Stable Diffusion 3 (Esser
et al., 2024).

It can transform simple distributions (e.g., Gaussian noise) to complex ones (e,g., real world data)
through solving the ODE ẋs = vθ(xs, s), from s = 1 to s = 0 where vθ(xs, s) is a vector field that
generates the probability paths interpolating between data x0 and Gaussian noise x1,

xs(x0, ϵ) = α(s) x0 + γ(s) ϵ, (1)

where α(s) : [0, 1] → [0, 1] and γ(s) : [0, 1] → [0, 1] are monotonic and differentiable functions
satisfying α(0) = 1, α(1) = 0, γ(1) = 1, and γ(0) = 0. Conditional Flow Matching (CFM) defines
a conditional flow, ψs(·|ϵ) := xs(x0, ϵ), that models the evolution of the underlying distribution xs,
and derives the conditional vector field, us(xs|ϵ) = ψ′(ψ−1(xs|ϵ)|ϵ), which generates probability
paths from data x0 to a given sample of ϵ. Then, vθ(xs, s) can be trained with the objective

Es∼U(0,1],ϵ,x0

[
||vθ(xs(x0, ϵ), s)− us(xs(x0, ϵ)|ϵ)||2

]
. (2)

Notably, in the case of α(s) = 1− s, γ(s) = s, FM Equation 1 is equivalent to rectified flow (Liu
et al., 2023).

Discussion. In the original FM work (Lipman et al., 2023), α(s) and γ(s) are scalar-valued func-
tions. In Section 4, we derive noise schedules with theoretical guarantees that can diffuse data in
asynchronous paces by extending the scalar coefficients α(s) and γ(s) to matrices.

3 ASYNCHRONOUS DIFFUSION FOR EVENT SEQUENCE

In this section, we provide details on our methods to perform generation and prediction with asyn-
chronous noise schedules in the presence of mixed data types. We approach this challenge by training
a VAE that maps events to a latent space, where we perform diffusion. We introduce diffusion
models with a piecewise linear asynchronous noise schedule and provide the training objectives
for the DMs. A modified diffusion transformer (DiT) takes an asynchronous noise schedule A(s)
as an input instead of the timestep s that is usually used. The entire pipeline of our approach is
presented in Figure 1. Finally, we show how we adapt the generative ODEs in asynchronous DMs
for different future event prediction tasks. Our pipeline and code for ADiff4TPP is adapted from the
implementation of rectified flow by Lee et al. (2024). This bridges the work of Liu et al. (2023) and
EDM (Karras et al., 2022) to improve the quality of generated images with fewer function evaluations.

3.1 EVENT LATENT SPACE REPRESENTATIONS

To ease the diffusion model learning, we map the heterogeneous event data into continuous latent rep-
resentations. Specifically, we train a β-VAE with an encoder Eϕ(·) mapping each z(i) = (τ (i), k(i))

to a Gaussian distribution X(i) = Eϕ(z
(i)) defined in the latent space with mean value denoted

by x(i). Its variance is used only in the training of the VAE, within the KL divergence term to
regularize the latent distribution. A decoder Dϕ(·) is trained to decode x(i) into a reconstructed event
z̃(i) := (τ̃ (i), k̃(i)) = Dϕ(x

(i)). The whole β-VAE is trained with an objective as

LV AE(z(i)) =Lrecon(z(i), z̃(i)) + βLKL,
=(τ (i) − τ̃ (i))2 + CrossEntropy(k(i), k̃(i)) + βLKL,

(3)
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where Lrecon(·, ·) consists of a mean square error loss for reconstructing the inter-event time τ (i),
and a cross-entropy loss for reconstructing the event mark k(i). β is a hyper-parameter tuning the
strength of regularization by KL divergence between X(i) and a standard Gaussian distribution. In
practice, β could vary in a range [βmin, βmax] during training to achieve a better balance between a
compact latent space and encoding faithfulness (Zhang et al., 2024).

The encoder and decoder weights are frozen after training and each event z(i) in the training data
is encoded into its latent representation x(i). Then, DMs are trained to model the joint distribution
of x = {x(1),x(2) . . . ,x(n)} ∈ Rn×d, where n is the number of events in the sequence and d is the
latent vector size. When n < N , we pad zeros to x, where N is a hyperparameter of the maximum
length, as RN×d.

3.2 ASYNCHRONOUS DIFFUSION MODELS
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A(
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Asynchronous Matrix
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A(s)[5,5]
A(s)[6,6]

Figure 3: Asynchronous noise schedule for
an event sequence of length 6. The noise
schedule shows that Event 6 (the latest event
in the sequence) is the first to be completely
diffused (at flow time s = 6

11
). Event 1 (the

earliest event) is the last to start diffusing (at
s = 5

11
) and be completely diffused (at s =

1). Thus, in reverse-flow time (generation),
Event 1 is the first to be restored, and Event
6 is the last to be restored.

Given a sequence of encoded latent representations, we
define the matrix-valued interpolation between data and
noise as

xs(x0, ϵ) = A(s) x0 + (I −A(s)) ϵ, (4)

where x0 := x ∈ RN×d is an event sequence in latent
space and ϵ is a Gaussian noise of the same dimension. N
is assumed to be the maximum possible length of event
sequences and A(s) ∈ RN×N is a matrix-valued function
controlling the diffusion speeds for different parts of the
data, i.e., the noise schedule. We make the following
choice of a diagonal asynchronous matrix A(s):

[A(s)]ii = clip

(
s
(i)
end − s

s
(i)
end − s

(i)
start

,min = 0,max = 1

)
,

where s
(i)
start =

N − i
2N − 1

, s
(i)
end =

2N − i
2N − 1

,

(5)

and [A(s)]ij ≡ 0 for i ̸= j. Such choice of noise schedule
indicates that when s is between s(i)start and s(i)end, the latent

representation of the ith event is being diffused from data to Gaussian noise. An example of the
asynchronous noise schedule when diffusing a sequence with N = 6 can be seen in Figure 3. Given
a matrix-valued noise schedule A(s), we define our generative process using the following ODE

ẋs = A′(s)vθ(xs, A(s)). (6)

During training, we sample xs at an arbitrary time s ∈ [0, 1] based on Equation 4 and minimize
a CFM objective (Equation 11). We discuss the sufficient conditions for a general family of A(s)
which not only ensures we can perform asynchronous generation effectively but also complies with
the desirable properties of existing synchronous diffusion models in Section 4 and derive the above
training objective. In addition, different types of noise schedules are studied and compared empirically
in the ablation study (Section 5.3) to justify our design of the asynchronous noise schedule.

3.3 DIFFUSION TRANSFORMER (DIT)

Following Peebles & Xie (2023), we implement vθ(·, A(s)) using a DiT architecture with minor
modification: Swapping the patchify and patch embedding components with the latent event repre-
sentations from Eϕ(·). Upon initializing the model, we provide a hyperparameter N that decides
the maximum length of the sequence of events that the model can generate. The modified embed-
ding function processes A(s) ∈ RN×N by broadcasting its elements with sinusoidal frequencies to
generate embeddings that encode the matrix’s temporal and structural dynamics. During training or
generation of events with sequence length n < N , we apply a mask to the multihead self-attention.
The choice of masked attention, together with the asynchronous noise schedule, reflects the sequential
order of data and also allows the model to flexibly handle variable prediction window length.

4
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3.4 FUTURE EVENT PREDICTION AS CONDITIONAL GENERATION

Event forecasting can be characterized by an observation window O = {1, ..., n} that precedes a
prediction window P = {n+ 1, ..., n+ h}, where h, satisfying n+ h ≤ N , represents the number
of events we want to predict. The goal of the model is to predict events in the prediction window
conditioned on events in the observation window. Let ϵ = {ϵ(i)}Ni=1 be an initial Gaussian noise, and
let y = {y(i)}i∈O be a latent space representation of the event sequence in an observation window.

ADiff4TPP introduces a simple and intuitive method for event forecasting by leveraging the asyn-
chronous flow matching objective, which frames event forecasting as a generative process for future
events. This objective enables the derivation of a simple ODE to reconstruct preceding latent events.
The vector field f(xs, s) is defined element-wise as:

fi(xs, s) =

{
[A′(s)]ii(y

(i) − ϵ(i)) i ∈ O
[A′(s)]ii[vθ(xs, A(s))]i i ∈ P. (7)

Since [A′(s)]ii(y
(i) − ϵ(i)) remains constant along [s

(i)
start, s

(i)
end], ODE solvers such as Euler’s

method or Runge-Kutta (RK4) can solve the equation within this domain with zero numerical error.
Theoretical insights justifying this vector field and connections to the TPP literature are provided
in Appendix C. This ODE is solved from s = send to s = sstart, where send = max{s(i)end : i ∈
P}, sstart = min{s(i)start : i ∈ P} with initial condition xsend

= A(send)x
∗ + (1 − A(send))ϵ,

where x∗ = [y(1), ...,y(n), ϵ(n+1), ..., ϵ(N)]. This ensures that all the events in P are initialized to
Gaussian noise.

The asynchronous nature of ADiff4TPP allows the ODE to be solved over the shorter timespan
[sstart, send] instead of the full interval [0, 1], improving computational efficiency. The indices of the
event sequence that proceed the prediction window are masked out. Furthermore, both short and long
horizon forecasting is performed by solving the same ODE. This eliminates the need for repetitive
next event predictions, which are typically required in existing TPP methods. By avoiding the
sequential appending of predicted events to the tensor of preceding events, ADiff4TPP significantly
reduces evaluation time, making it a more efficient and scalable solution for TPP forecasting tasks.
Furthermore, we refer to Algorithm 3 in Appendix K for a way to generate sequences longer than N .

4 NOISE SCHEDULES AND TRAINING OBJECTIVES

Our proposed approach leverages asynchronous noise schedules to enable more flexible and efficient
conditional generation, wherein the model generates future events based on partial observations of
preceding data. While generative models with asynchronous noise schedules have been explored
in prior works such as Lee et al. (2023) and Chen et al. (2024), our formulation introduces greater
flexibility by allowing for customizable noise schedules. To support this, we establish a set of
sufficient conditions that the noise schedule must satisfy to ensure the model’s ability to perform
asynchronous generation effectively. Our contributions in this section are summarized as follows:

1. We extend FM to asynchronous noise schedules and derive conditions on the noise schedule
for the flow to remain valid.

2. We relax the conditions on invertibility and differentiability of the flow and show that they
still preserve the essential properties of FM.

3. We derive objective functions for the more flexible FM method and establish their mathe-
matical equivalence.

4.1 CONDITIONS ON THE NOISE SCHEDULE

Extending the approach of Lee et al. (2023), we introduce a positive semi-definite matrix-valued
time-varying coefficient A(s) ∈ (H1[0, 1])n×n (i.e. every scalar element of A(s) is in the Sobolev
space H1[0, 1]), satisfying A(0) = I and A(1) = 0, to parameterize the interpolation in the FM
formulation as shown in Equation 4.

The extension of a single scalar α(s) to A(s) allows us to apply more fine-grained control on the
speed of interpolation between data and noise to different parts of data. To derive an objective

5
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function, we extend the continuous FM framework by first defining a flow ψs(·|ϵ) := xs(x0, ϵ). Our
notation is based on the work of Esser et al. (2024), where the flow is conditioned on the noise ϵ.
We first consider some sufficient conditions for α(s) to satisfy for FM, like boundary conditions,
non-negativity, monotonicity, and continuity. Similarly, we introduce the following conditions for
A(s).

Assumption 4.1. The noise schedule A(s) ∈ (H1[0, 1])n×n satisfies the following conditions:

1. A(s) satisfies the boundary conditions: A(0) = I, A(1) = 0.

2. A(s) is positive semi-definite for all s ∈ [0, 1]

3. A(s) is monotone non-increasing in the Löwner order (Löwner, 1934). This means A(s)−
A(s′) is negative semi-definite if s ≥ s′, also denoted as A(s) ⪯ A(s′).

4. A(s) is continuous for all s ∈ [0, 1].

This set of conditions ensure our asynchronous DM aligns with the desirable properties of existing
DMs. Please refer to Appendix A.1 for a more detailed discussion on physical interpretability.
Subsequently, we introduce a lemma that verifies the validity of the flow provided the conditions.

Lemma 4.2 (Informal). The flow ψ(xs|ϵ) in Equation 4 governed by a matrix-valued coefficient
A(s) ∈ (H1[0, 1])n×n remains valid as long as A(s) satisfies condition (4) from Assumption 4.1.

The lemma shows that the FM is well-posed even for asynchronous noise schedules, as the trans-
formation A(s) preserves the essential properties of FM. We refer the reader to Appendix A.4 for a
proof of the formal lemma.

4.2 INVERTIBILITY AND DIFFERENTIABILITY OF THE NOISE SCHEDULE

Conditional FM (Lipman et al., 2023) characterizes diffusion processes by defining a flow ψs(·|ϵ)
and the corresponding vector field. This framework operates on the assumption that the interpolation
is governed by a known function of s. A critical assumption in the FM framework is that the flow
is invertible. However, this assumption is not always satisfied in the asynchronous formulation,
presenting a significant challenge when extending FM to the asynchronous setting. To address
this, we introduce theoretical results that relax this assumption, ensuring the framework remains
applicable in scenarios where invertibility does not hold. To characterize the flow ψs(·|ϵ) as an
ODE, we consult the conditional probability path formula (Lipman et al., 2023, Equation 13),
us(xs|ϵ) = ψ′

s(ψ
−1
s (xs|ϵ)|ϵ). We compute ψ′

s(·|ϵ) and define ψ−1
s (·|ϵ) as follows:

ψ′
s(x|ϵ) = A′(s)x−A′(s)ϵ, ψ−1

s (xs|ϵ) := A(s)†(xs − ϵ) + ϵ, (8)

where A(s)† is the Moore-Penrose Pseudo-Inverse of A(s) (Moore, 1920). We refer to Lemma A.3
for a discussion on the validity of ψ−1

s (·|ϵ), notably that it recovers partially diffused components of
xs.
Remark 4.3. A(s) may not be differentiable at finitely many points in [0, 1]. Throughout this paper,
we interpret A′(s) as the weak derivative of A(s), which is guaranteed to exist if A(s) is continuous
and piecewise-differentiable.

4.3 EQUIVALENCE OF OBJECTIVE FUNCTIONS

Plugging the derivative and inverse terms into the FM formulation gives us the desired conditional
vector field:

us(·|ϵ) = A′(s)A(s)†[xs − ϵ] (9)

≡ A′(s)[x0 − ϵ]. (10)

Because A(s)† has multiple asymptotes in s ∈ [0, 1], Equation 9 is ill-posed, so we prefer to solve
Equation 10. We refer to Proposition A.5 for a discussion on the equivalence of the vector fields.
For verification, we also explore a family of invertible noise schedules that satisfy conditions (2)–(4)
in Assumption 4.1, and show that they yield the same marginal vector field as we approach the
”non-invertible limit” in Appendix B. Since the asynchronous noise schedule A(s) is decided prior to

6
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training, we can simplify the training of our flow model vθ(xs, A(s)) to predict x0 − ϵ. This model
is trained by minimizing the CFM objective:

LCFM (θ) = Es,x0,ϵ∼N(0,I)∥A′(s)[(x0 − ϵ)− vθ(xs(x0, ϵ), A(s))]∥2. (11)

Data is generated by solving the ODE in Equation 6 from s = 1 to s = 0 with initial condition x1

sampled from N (0, I).
Remark 4.4. For numerical methods, we defineA′(s) at points of non-differentiability as the left-hand
derivative lims′→s− A

′(s′), ensuring consistency with the piecewise-defined nature of A(s). For
piecewise-linear continuous functions A(s) (e.g. the schedule in section 3.2), solving the ODE in
Equation 10 with known x0 and ϵ with this method using Euler’s method or RK4 restores x0 with
zero numerical error.

5 EXPERIMENTS

In this section, we evaluate the performance of ADiff4TPP on prediction tasks for TPP datasets,
focusing on two commonly studied tasks: Next event prediction and long horizon prediction. We
compare against a selection of baseline methods (details in Appendix D). Note that their numbers are
reproduced using the official EasyTPP repository1.

5.1 NEXT EVENT PREDICTION

Table 1: Metrics of next event prediction (RMSE of inter-arrival time / Error Rate of mark). Standard
deviations over five seeds are posted below. Bold indicates state-of-the-art results in either RMSE or
Error Rate. The hyperparameters for ADiff4TPP are: dlatent = 32, βmax = 0.01.

Model Amazon Retweet Taxi Taobao StackOverflow

RMTPP 0.559/70.4% 26.207/48.4% 0.351/11.5% 0.257/56.4% 1.246/57.6%
(0.014/0.008) (5.650/0.030) (0.042/0.002) (0.073/0.000) (0.293/0.002)

NHP 0.640/70.0% 22.511/46.1% 0.342/13.0% 0.168/50.7% 1.324/73.2%
(0.002/0.001) (0.033/0.001) (0.075/0.007) (0.098/0.012) (0.359/0.146)

SAHP 0.517/68.0% 21.708/46.0% 0.335/11.9% 0.154/53.6% 1.327/57.7%
(0.008/0.005) (0.001/0.001) (0.175/0.016) (0.083/0.009) (0.002/0.002)

THP 0.550/65.4% 26.176/40.5% 0.375/12.7% 0.314/54.4% 1.424/58.0%
(0.016/0.002) (0.059/0.001) (0.065/0.011) (0.044/0.017) (0.012/0.013)

AttNHP 0.755/68.1% 22.296/42.8% 0.429/14.8% 0.280/52.9% 1.350/55.4%
(0.185/0.011) (1.135/0.041) (0.012/0.027) (0.085/0.019) (0.018/0.001)

IFTTPP 0.465/64.9% 22.198/40.0% 0.357/8.56% 0.598/44.1% 1.884/54.5%
(0.001/0.001) (0.234/0.002) (0.013/0.0004) (0.103/0.003) (0.043/0.008)

DTPP 0.619/65.5% 24.680/40.3% 0.302/12.10% 0.587/53.3% 1.780/60.7%
(0.104/0.002) (6.364/0.003) (0.043/0.012) (0.031/0.003) (0.167/0.002)

Add-Thin 0.461/N.A. 22.914/N.A. 0.368/N.A. 0.440/N.A. 1.469/N.A.
(0.017/N.A.) (0.348/N.A.) (0.015/N.A.) (0.035/N.A.) (0.238/N.A.)

HYPRO 0.583/66.2% 20.562/40.0% 0.383/13.46% 0.307/44.9% 1.417/55.1%
(0.012/0.004) (1.633/0.049) (0.008/0.018) (0.029/0.004) (0.253/0.002)

ADiff4TPP 0.407/67.5% 17.880/39.3% 0.299/8.46% 0.140/42.6% 1.226/61.3%
(0.002/0.002) (0.051/0.001) (0.0002/0.0005) (0.054/0.011) (0.035/0.011)

We evaluate the next event prediction of the model by comparing the predicted events against the
true events in the test set. Our model predicts the event z̃n = (τ̃n, k̃n) provided events z1, ..., zn−1

for n = 2, ..., N , where N is the length of the event sequence, τ̃n is the predicted inter-arrival time,
and k̃n is the predicted mark. Similarly to the work of Xue et al. (2024), we evaluate our model

1https://github.com/ant-research/EasyTemporalPointProcess
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by comparing the predicted inter-arrival time against the true inter-arrival time using the root mean
square error (RMSE) metric, and by comparing the predicted mark against the true mark using the
error rate metric. The results are presented in Table 1. ADiff4TPP excels previous methods in next
event time prediction across all datasets. Specifically, it improves the Retweet RMSE by 13% (e.g.,
17.880 vs. 20.562). On next mark prediction, ADiff4TPP surpasses the previous state-of-the-art on
three datasets (i.e., Retweet, Taxi, and Taobao) and yields competitive results on others.

5.2 LONG HORIZON PREDICTION

Next, we evaluate ADiff4TPP for long horizon prediction using the optimal transport distance (OTD)
between the predicted events and the true events in the prediction interval using the implementation
by Mei et al. (2019). Long horizon predictions are generated by solving the ODE with the vector
field provided in Equation 7. The observation window consists of indices O = {1, ..., N − h}, and
the prediction window consists of the index P = {N − h+ 1, ..., N}, where h is the horizon. We
refer to Appendix G.2 for the algorithm used for long horizon prediction. The results are summarized
in Figure 4 with the complete results deferred to Appendix H. ADiff4TPP achieves state-of-the-art
results in long horizon prediction in every dataset over 5, 10, 20, and 30 steps, achieving an average
improvement of 14.0% from HYPRO. Furthermore, the performance gap widens as the horizon
increases. We attribute the effectiveness of ADiff4TPP on long horizon prediction to the fact that our
asynchronous diffusion design enable the DMs to directly model the joint distribution of multiple
events while preserving the sequential structure of the data.
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Figure 4: Plots of long horizon prediction conducted on three datasets. ADiff4TPP outperforms the
baseline methods in each dataset with respect to the OTD metric. The y-axis is scaled to show the
difference between baseline methods.

5.3 ABLATION STUDIES

Table 2: Ablation study results on Next Event prediction.

Model Amazon Retweet Taobao StackOverflow
Disjoint Diffusion 0.492/69.9% 18.813/47.3% 0.506/48.2% 1.123/65.7%
dlatent = 32, βmax = 0.01 (0.009/0.006) (0.096/0.008) (0.069/0.027) (0.042/0.002)

Synchronized Diffusion 0.432/68.5% 18.358/45.8% 0.436/45.7% 1.285/61.7%
dlatent = 32, βmax = 0.01 (0.002/0.003) (0.103/0.003) (0.139/0.022) (0.041/0.004)

Unmasked Diffusion 0.408/68.0% 19.513/45.6% 0.221/54.3% 1.249/60.6%
dlatent = 32, βmax = 0.01 (0.001/0.002) (0.964/0.024) (0.028/0.030) (0.019/0.014)

ADiff4TPP 0.440/68.7% 19.383/53.2% 0.354/54.9% 1.090/57.7%
dlatent = 16, βmax = 0.01 (0.004/0.002) (0.041/0.003) (0.155/0.015) (0.012/0.006)

ADiff4TPP 0.407/67.5% 17.880/39.3% 0.140/42.6% 1.226/61.3%
dlatent = 32, βmax = 0.01 (0.002/0.002) (0.051/0.001) (0.054/0.011) (0.035/0.011)

ADiff4TPP 0.436/67.4% 17.271/39.4% 0.177/44.1% 1.169/63.5%
dlatent = 32, βmax = 0.001 (0.003/0.0003) (0.010/0.002) (0.022/0.010) (0.078/0.015)
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We conduct ablation studies to evaluate the contributions of key design choices in ADiff4TPP.
First, we examine the role of the latent space by varying the β-VAE hyperparameters. We observe
that setting βmax ∈ {0.01, 0.001} and dlatent ∈ {16, 32} yields near-perfect event reconstruction,
with better downstream performance when using 32 dimensions—except on the StackOverflow
dataset. Full reconstruction results are reported in Appendix F. We also compare three noise
schedules: our proposed asynchronous schedule, a synchronous (rectified flow) variant, and a disjoint
(autoregressive-like) schedule. The schedules are detailed in Appendix I. As shown in Table 2, the
asynchronous schedule consistently outperforms the alternatives, confirming its effectiveness for
event generation. Additionally, we study the impact of masking in the DiT transformer. Without
masking, all events—including future ones—are visible to each token during attention, regardless
of their noise levels. As shown in Row 3 of Table 2, masked models outperform their unmasked
counterparts, supporting the idea that masking helps isolate informative signals during generation.

6 RELATED WORKS

Following the work of Rombach et al. (2022), performing diffusion in latent spaces has been of high
interest to the DM community. Text-to-image models like Stable Diffusion (Esser et al., 2024) have
continued to use latent spaces to generate high resolution realistic images. The work of TabSyn
(Zhang et al., 2024) extends latent diffusion models to the generation of tabular data. The authors
trained a β-VAE to transform each table row into latent vectors and then trained a score-based
diffusion model (Song et al., 2021) to generate latent rows. TabSyn excels at filling in missing data
and creating high-quality synthetic data.

DMs with asynchronous noise schedules are a recent area of interest. Groupwise diffusion models
(Lee et al., 2023) divide an image into groups and diffuse each group separately to perform cascaded
generation of images in pixel and frequency space. In the work of Diffusion Forcing (Chen et al.,
2024), each time step is assigned a randomly sampled noise level, and the diffusion model is trained
to denoise data according to arbitrary noise schedules. This is applied to video generation, motion
planning, and robotics.

Add-Thin (Lüdke et al., 2023) is one of the first papers to use DMs for TPPs by learning the
intensity function. The reverse diffusion process is motivated by algorithms such as thinning and
superposition that are used in prior intensity-based TPP approaches. Event Flow (Kerrigan et al.,
2024) extends DMs to TPPs by conditioning on preceding events. The method predicts future events
in a prediction horizon through a single denoising process rather than by cascadedly performing next
event predictions.

Recent advances in generative modeling for point processes have expanded to include diverse neural
and diffusion-based approaches. The work of Yuan et al. (2023) introduces a framework for jointly
modeling temporal and spatial point process data using a DM, addressing conditional independence
between temporal and spatial dynamics. In contrast, Lüdke et al. (2024) models point processes
as unordered sets via point cloud denoising, enabling permutation-invariant generation and direct
likelihood evaluation.

7 CONCLUSION

We present an approach for modeling TPPs using DMs that overcomes challenges such as handling
both continuous and categorical features, conditioning on variable-length histories, and efficiently
generating long-horizon predictions. To tackle these challenges, we introduce ADiff4TPP, a variant of
DMs that assumes different noise scales on the latent representations of different events in a sequence.
This enables the model to prioritize near-future events before generating more distant future ones,
offering an efficient alternative to autoregressive generation. Furthermore, the asynchronous noise
schedule allows flexible control over the prediction window length, enabling both short and long
horizon predictions within a single framework. We train a DiT with a conditional flow matching
objective and evaluate it on five different datasets. Our proposed method significantly outperforms
baselines in short and long horizon prediction tasks. These results highlight the potentials of
ADiff4TPP as a powerful tool for event sequence modeling and forecasting.
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A PROOFS ON THE FLOW MATCHING OBJECTIVE

A.1 PHYSICAL INTERPRETABILITY OF THE FLOW

Remark A.1. Assume the noise schedule A(s) satisfies conditions (1)–(3) in Assumption 4.1. The
evolution of the distribution at flow time s due to the flow ψs(·|·) is:

ps(xs|x0) = N
(
xs;A(s)x0, (I −A(s))T (I −A(s))

)
. (12)

The expectation term A(s)x0 governs how much of the clean data x0 is retained as the distribution
evolves. The covariance term (I −A(s))T (I −A(s)) reflects the increasing uncertainty introduced
by Gaussian noise.

The following properties must be satisfied for the flow to have physical interpretability. These
properties are observed, not only in flow matching, but also in score-based diffusion models (Song
et al., 2021) and rectified flows (Liu et al., 2023).

Firstly, at s = 0, the clean data x0 is completely retained, and the covariance term is at a minimum.
Consequently, at s = 1, the clean data x0 is no longer retained, and the covariance term is at a
maximum. To align with the dissipative nature of diffusion processes (Planck, 1926), it suffices for the
mean term to be monotone non-increasing with s, and the covariance to be monotone non-decreasing
with s. This ensures that the clean data loses retention and the uncertainty increases.

Lastly, the flow needs to be continuous in order for us to model it as an ODE. It suffices for us to
show that the conditions met by A(s) satisfy physical interpretability.

• It is sufficient for A(s) to satisfy the boundary conditions shown in condition (1) as
E[x0|x0] = x0,E[x1|x0] = 0 is a sufficient condition for the clean data x0 to be obtainable
at s = 0 and unobtainable at s = 1 due to the evolution of the distribution.

• Conditions (2) and (3) are sufficient to show that E[xT0 xs|x0] = xT0 A(s)x0 is non-negative
and non-increasing with respect to s (Löwner, 1934). As a result, A(s) does not amplify
any components of x0. They also show that Cov[xs|x0] = (I − A(s))T (I − A(s)) is
non-negative and non-decreasing with respect to s.

As a result, the conditions show that A(s) aligns with the dissipative nature of diffusion processes.

A.2 VALIDITY OF INVERSE FLOWS

Definition A.2. The inverse flow ψ−1
s (xs|ϵ) is considered to be ”well-posed” if all partially diffused

elements of xs at flow time s can be reconstructed. Instead of returning a deterministic variable x0,
it returns a distribution of values x0 can take based on partial observations. Sufficiently, the flow
ψ(xs|ϵ) pushed the distribution of ψ−1

s (xs|ϵ) back to the original distribution of xs.

We observe that E[ψ−1
s (xs|ϵ)|ϵ] = A(s)†A(s)x0, where A(s)†A(s) acts as a projection matrix,

projecting x0 onto the rank space of A(s). The components of xs lying in the null space of A(s) are
replaced by Gaussian noise during the process.

By aligning the distribution of the generated samples with the forward flow ψs(·|·), we aim to recover
the distribution of xs. Particularly, we find that E[ψs(ψ−1

s (xs|ϵ)|ϵ)|ϵ] = A(s)A(s)†A(s)x0 =
A(s)x0, which demonstrates consistency with the projection behavior of A(s). This observation
motivates the need to rigorously establish that ps(ψ(ψ−1

s (xs|ϵ)|ϵ)|ϵ) = ps(xs|ϵ), ensuring that the
reconstructed distribution matches the original one.

Lemma A.3 (Validity of ψ−1
s ). The inverse flow ψ−1

s (xs|ϵ) = A(s)†(xs − ϵ) + ϵ is well-posed and
reconstructs all of the partially-diffused elements of xs if A(s) satisfies the conditions in Assumption
4.1 for all s ∈ [0, 1]. Formally, ψ−1

s (xs|ϵ) is left-invertible i.e. ψs(ψ−1
s (xs|ϵ)|ϵ) = xs.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Proof. To prove that our choice of ψ−1
s is valid, we need to show that ψs(ψ−1

s (xs|ϵ)|ϵ) = xs.
ψs(ψ

−1
s (xs|ϵ)|ϵ)

= A(s)ψ−1
s (xs|ϵ) + (I −A(s))ϵ

= A(s)A(s)†(xs − ϵ) +A(s)ϵ+ (I −A(s))ϵ
= A(s)A(s)†xs + (I −A(s)A(s)†)ϵ.

(13)

We expand x0 and use the property of the Moore-Penrose Pseudo-Inverse that A(s)A(s)†A(s) =
A(s) to restore xs.

ψs(ψ
−1
s (xs|ϵ)|ϵ)

= A(s)A(s)†[A(s)x0 + (I −A(s))ϵ] + (I −A(s)A(s)†)ϵ
= A(s)x0 +A(s)A(s)†ϵ−A(s)ϵ+ (I −A(s)A(s)†)ϵ
= A(s)x0 + (I −A(s))ϵ
= xs.

(14)

This completes the proof.

A.3 EQUIVALENCE OF FLOW MATCHING OBJECTIVES

To show that the flow matching objectives in Equations 9 and 10 are equivalent, we first prove the
following property about projection matrices.
Lemma A.4. Let P (s) ∈ (H1[0, 1])n×n be a family of orthogonal projection matrices i.e. P (s)2 =
P (s) = P (s)T . Then its derivative P ′(s) exists in the weak sense and is orthogonal to P (s) for
every s ∈ (0, 1).

Proof. We start from P (s)2 = P (s) and take the weak derivative of both sides. Note that the product
rule holds in the weak sense.

P (s)P ′(s) + P ′(s)P (s) = P ′(s). (15)
We then left- and right- multiply both sides by P (s) and use P (s)2 = P (s) to obtain

P (s)P ′(s)P (s) + P (s)P ′(s)P (s) = P (s)P ′(s)P (s), (16)
which simplifies to P (s)P ′(s)P (s) = 0. Since P (s) is symmetric for all s ∈ [0, 1], this means P ′(s)
is symmetric for all s ∈ (0, 1). We exploit this property to show that

P (s)P ′(s)P (s) = 0 =⇒ P ′(s)P (s) = P (s)P ′(s) = 0 for all s ∈ (0, 1), (17)
which is a well-known result in linear algebra.

Proposition A.5. Let A(s) ∈ (H1[0, 1])n×n satisfy the conditions of Assumption 4.1. Then the
vector fields A′(s)A(s)†[xs − ϵ] and A′(s)[x0 − ϵ] are equivalent.

Proof. Expanding xs gives
A′(s)A(s)†[xs − ϵ]

= A′(s)A(s)†[A(s)x0 + (1−A(s))ϵ− ϵ]

= A′(s)A(s)†A(s)[x0 − ϵ].

(18)

To simplify this expression, we need to interpret A′(s)A(s)†A(s), where A′(s) is the weak derivative
of A(s). Let ξ(s) be a scalar function that is zero outside of [0, 1].∫ 1

0

A′(s)A(s)†A(s)ξ(s)ds

=−
∫ 1

0

A(s)
d

ds
[A(s)†A(s)]ξ(s)ds−

∫ 1

0

A(s)A(s)†A(s)ξ′(s)ds

=−
∫ 1

0

A(s)
d

ds
[A(s)†A(s)]ξ(s)ds−

∫ 1

0

A(s)ξ′(s)ds

=−
∫ 1

0

A(s)
d

ds
[A(s)†A(s)]ξ(s)ds+

∫ 1

0

A′(s)ξ(s)ds.

(19)
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By definition, P (s) = A(s)†A(s) is a projection matrix that projects vectors to the row space of
A(s). Using Lemma A.4 and the fact that A(s) = A(s)P (s), we conclude that

A(s)P ′(s) = A(s)P (s)P ′(s) = 0 for all s ∈ (0, 1), (20)

which follows from P (s)P ′(s) = 0. Finally, since ξ(s) vanishes at s ∈ {0, 1}, we conclude that∫ 1

0

A(s)
d

ds
[A(s)†A(s)]ξ(s)ds = 0. (21)

Since this holds for all ξ(s) with compact support, it shows that A′(s)A(s)†A(s) = A′(s), which
completes the proof.

A.4 ESSENTIAL PROPERTIES OF FLOW MATCHING

Lemma 4.2. We argue that the properties of the conditional vector field us(xs|ϵ) still hold even if
we relax the invertible assumptions of A(s) as long as the conditions of Assumption 4.1 hold. We
characterize the essential properties of flow matching as follows:

1. The conditional vector field us(xs|ϵ) can be derived in closed form.
2. The marginal vector field us(xs) can be constructed by marginalizing over the conditional

vector field us(xs|ϵ) that generates the flow. In other words: Eϵ∼N (0,I)[
ps(xs|ϵ)
ps(xs)

us(xs|ϵ)] =
us(xs).

3. The training objective for the marginal vector field A′(s)vθ(xs, A(s)) can be expressed in
terms of the conditional vector field us(xs|ϵ).

The flow ψ(xs|ϵ) in Equation 4 governed by a matrix-valued coefficient A(s) ∈ (H1[0, 1])n×n

remains valid as long as the following conditions are met:

1. A(s) satisfies the boundary conditions: A(0) = I, A(1) = 0.
2. A(s) is positive semi-definite for all s ∈ [0, 1]

3. A(s) is monotone non-increasing in the Löwner order i.e. A(s) ⪯ A(s′) if s ≥ s′.
4. A(s) is continuous for all s ∈ [0, 1].

Proof. We will proceed to show that these conditions are still satisfied. We can expand the conditional
vector field as us(xs|ϵ) := A′(s)νs(xs|ϵ) and us(xs) := A′(s)νs(xs). While condition (1) is
straightforward, the demonstration of conditions (2) and (3) is remarkably identical to Esser et al.
(2024, Appendix B.1).

1. This condition is trivially satisfied as shown in Proposition A.5.

2. The continuity equation provides a sufficient condition to determine if us(xs) models the
evolution of the distribution ps(xs):

d

ds
ps(xs) = −∇ · [ps(xs)us(xs)] = −∇ · [ps(xs)A′(s)νs(xs)]. (22)

This equation can be expanded to show that the marginal vector field us(xs|ϵ) models the
evolution of the marginal distribution ps(xs|ϵ):

∇ · [ps(xs)A′(s)νs(xs)] = ∇ · [Eϵ∼N (0,I)[A
′(s)νs(xs|ϵ)

ps(xs|ϵ)
ps(xs)

ps(xs)]]

= Eϵ∼N (0,I)[∇ · [A′(s)νs(xs|ϵ)
ps(xs|ϵ)
ps(xs)

ps(xs)]]

= Eϵ∼N (0,I)[−
d

ds
ps(xs|ϵ)]

= − d

ds
ps(xs)

(23)
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3. To prove this condition, it is first sufficient to show that ⟨A′(s)vθ(xs, A(s)), us(xs)⟩ can be
constructed from ⟨A′(s)vθ(xs, A(s)), us(xs|ϵ)⟩.

Es,ps(xs|ϵ),p(ϵ)⟨A
′(s)vθ(xs, A(s)), A

′(s)νs(xs|ϵ)⟩

=

∫∫
⟨A′(s)vθ(xs, A(s)), A

′(s)νs(xs|ϵ)⟩ps(xs|ϵ)p(ϵ)dxsdϵ

=

∫
⟨A′(s)vθ(xs, A(s)), A

′(s)

∫
ps(xs|ϵ)p(ϵ)
ps(xs)

νs(xs|ϵ)dϵ⟩ps(xs)dxs

=

∫
⟨A′(s)vθ(xs, A(s)), A

′(s)νs(xs)⟩ps(xs)dxs

= Es,ps(xs)⟨A
′(s)vθ(xs, A(s)), A

′(s)νs(xs)⟩.

(24)

We can then derive the conditional flow matching objective, LCFM (θ), from the flow
matching objective, LFM (θ).

LFM (θ) = Es,ps(xs)∥A
′(s)[vθ(xs, A(s))− us(xs)]∥2

= Es,ps(xs)∥A
′(s)vθ(xs, A(s))∥2 − 2Es,ps(xs)⟨A

′(s)vθ(xs, A(s)), A
′(s)us(xs)⟩+ c

= Es,ps(xs)∥A
′(s)vθ(xs, A(s))∥2 − 2Es,ps(xs|ϵ),p(ϵ)⟨A

′(s)vθ(xs, A(s)), A
′(s)us(xs|ϵ)⟩+ c

= Es,ps(xs|ϵ),p(ϵ)∥A
′(s)[vθ(xs, A(s))− us(xs|ϵ)]∥2 + c′

= LCFM (θ) + c′,
(25)

where c, c′ are constants that do not depend on θ.

B AN INVERTIBLE NOISE SCHEDULE

In this section, we will consider analogs to the asynchronous flow matching by strictly enforcing
invertibility in the flow. Let σmin ∈ (0, 1) be a small constant. Consider a family of noise schedules
Aσmin(s) ∈ (H1[0, 1])n×n that satisfies the following conditions for σmin, modified from Assumption
4.1:

1. Aσmin
(s) satisfies the boundary conditions: Aσmin

(0) = I, Aσmin
(1) = σminI .

2. Aσmin
(s) is positive definite for all s ∈ [0, 1]

3. Aσmin
(s) is monotone non-increasing in the Löwner order i.e. Aσmin

(s) ⪯ Aσmin
(s′) if

s ≥ s′.
4. Aσmin

(s) is continuous for all s ∈ [0, 1].

Without loss of generality, we can let Aσmin(s) be continuous with respect to σmin ∈ [0, 1] in the
(H1[0, 1])n×n norm i.e. for all ϵ > 0, there exists a δ > 0 such that

|σmin − σ′
min| < δ =⇒ ∥Aσmin

(s)−Aσmin
(s)∥(H1[0,1])n×n

= ∥Aσmin
(s)−Aσmin

(s)∥(L2[0,1])n×n + ∥A′
σmin

(s)−A′
σmin

(s)∥(L2[0,1])n×n < ϵ.

Note that the (L2[0, 1])
n×n norm is defined as

∥A(s)∥2(L2[0,1])n×n =

n∑
i=1

n∑
j=1

∫ 1

0

|Aij(s)|2ds.

An example of a family Aσmin
(s) is:

Aσmin(s) = (1− σmin)A(s) + σminI,

where A(s) satisfies the conditions in Assumption 4.1. We define the flow ψ(·|ϵ) as

ψs(·|ϵ) = Aσmin(s)x0 + (1−Aσmin(s))ϵ, ϵ ∼ N (0, I).
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It’s derivative is
ψ′
s(x|ϵ) = A′

σmin
(s)[x− ϵ]

The inverse flow is
ψ−1
s (xs|ϵ) = Aσmin

(s)−1(xs − ϵ) + ϵ,

since Aσmin
(s) is invertible for σmin > 0. The marginal vector field u(xs|ϵ) is now defined as

us(·|ϵ) = A′
σmin

(s)Aσmin
(s)−1[xs − ϵ] (26)

≡ A′
σmin

(s)[x0 − ϵ], (27)

where we trivially use the result A(s)−1A(s) = I . This vector field holds for all σmin ∈ (0, 1),
which is the domain in which Aσmin

(s)−1 is defined.

We note that (H1[0, 1])n×n is a Hilbert space, meaning it is complete with respect to the
∥ · ∥(H1[0,1])n×n norm. Because Aσmin

(s) is continuous in σmin in this norm, the family of func-
tions {Aσmin

(s)}σmin∈(0,1) is Cauchy in (H1[0, 1])n×n. As a result, there exists a limit function
limσmin→0Aσmin

(s) = A0(s) ≜ A(s) with convergence in the ∥ · ∥(H1[0,1])n×n norm.

By extension, we conclude that limσmin→0A
′
σmin

(s) = A′(s). Thus, the marginal vector field at
σmin = 0 is

us(·|ϵ) = A′(s)[x0 − ϵ].

C MODEL SEMANTICS AND CONDITIONAL CONTINUITY EQUATION

TPPs traditionally define distributions over event sequences through a conditional intensity function
(Zuo et al., 2020; Mei et al., 2021; Zhang et al., 2020), or a probability density function (PDF) over
inter-event times (Shchur et al., 2020). These views allow one to compute the likelihood of a new
event given the history, forming the foundation for parametric and neural TPP models. However,
in our approach, we adopt a generative perspective: we define a model that implicitly captures the
distribution of sequences by learning a transport vector field in latent space. This framework naturally
connects to the probabilistic structure of TPPs via the continuity equation.
Theorem C.1. Let xs = [ys, zs] denote the concatenation of latent variables for observation (y)
and prediction (z) windows with initial conditions y1 = ϵy, z1 = ϵz. Suppose the joint variable
evolves under the ODE

dxs
ds

= f(xs, s), (28)

where f(xs, s) is defined in Equation 7 element-wise:

fi(xs, s) =

{
[A′(s)]ii(y

(i) − ϵ(i)) i ∈ y

[A′(s)]ii[vθ(xs, A(s))]i i ∈ z,
(29)

and A(s) satisfies the conditions in Assumption 4.1. Then the likelihood of predicted events y0

conditioned on observed events z0 is given by

log p0(z0|y0) = log p1(z1)−
∫ 1

0

∇z · fz(xs, s)ds, (30)

where fz is the slice of f in the prediction window.

Proof. We denote fy and fz as slices of f in the observation and prediction windows, respectively.
The time-evolving joint density ps(xs) = ps(ys, zs) is governed by the continuity equation derived
in the proof of Lemma 4.2. Performing a change of variables ps(xs) → log ps(xs) gives us the
following equation, well known in the works of normalizing flows (Grathwohl et al., 2018; Bol’shev,
1967):

log p0(y0, z0) = log p1(y1, z1)−
∫ 1

0

∇ · f(xs, s)ds. (31)

Applying the chain rule to the log of the joint density

log ps(ys, zs) = log ps(zs|ys) + log ps(ys), (32)

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

we write

log p0(z0|y0) = log p1(z1|y1)−
∫ 1

0

∇ · f(xs, s)ds− [log p0(y0)− log p1(y1)]. (33)

Since f(xs, s) at the observation window y is independent of the variables in the prediction window
z, the evolution of log ps(zs) is also governed by the change of variables formula:

log p0(y0) = log p1(y1)−
∫ 1

0

∇y · fy(ys, s)ds. (34)

Substituting this gives

log p0(z0|y0) = log p1(z1|y1)−
∫ 1

0

∇ · f(xs, s)−∇y · fy(ys, s)ds

= log p1(z1|y1)−
∫ 1

0

∇z · fz(xs, s)ds.
(35)

Since z1 is sampled fromN (0, I), it is independent of y1, thus giving us log p1(z1|y1) = log p1(z1),
which gives the desired likelihood.

D SUMMARY OF BASELINE MODELS

We demonstrate strong performance against a wide range of TPP benchmarks. The authors of (Xue
et al., 2024) provide implementations and evaluations for widely cited models in the field:

1. Recurrent marked temporal point process (RMTPP) (Du et al., 2016)
2. Neural Hawkes Process (NHP) (Mei & Eisner, 2017)
3. Self-attentive Hawkes process (SAHP) (Zhang et al., 2020)
4. Transformer Hawkes process (THP) (Zuo et al., 2020)
5. Attentive neural Hawkes process (AttNHP) (Mei et al., 2021)
6. Intensity-free TPP (IFTPP) (Shchur et al., 2020)

Another baseline method we include is Decomposable Transformer Point Processes (DTPP) (Panos,
2024). To ensure fairness in our comparisons, we modify its implementation by training the model to
predict the inter-event time directly, rather than its logarithm, aligning it with the prediction approach
used by other methods.

As the first paper to use diffusion models for TPPs, we included Add and Thin (Lüdke et al., 2023) to
our baselines. Since Add and Thin only predicts the inter-event time instead of event type, we only
reported the RMSE in Table 1. Consequently, we did not compute the OTD since event types are
missing.

Since HYPRO (Xue et al., 2022) is an important baseline for long-horizon prediction in the TPP
literature, we also included it in our baselines.

We have showcased the performance of our proposed method by comparing it against these bench-
marks.

E REPRODUCIBILITY DETAILS

We train the DiT model using a single NVIDIA P100 GPU. Despite the simplicity of the hardware
setup, training remains computationally feasible: the full training process takes approximately one
day to complete. We implement our model in PyTorch and use the Adam optimizer with a fixed
learning rate of 1× 10−4. The model is trained with a batch size of 4, and all models are evaluated
using the same random seed for reproducibility.

The DiT is configured with 7 layers (depth), 16 attention heads, and a hidden size of 1152. The
latent representations output by the VAE encoder and decoded by the DiT have a dimensionality of

18
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32. Each model is trained for 1,000,000 iterations, which ensures convergence for both short and
long horizon prediction tasks across datasets of varying complexity. We define a diffusion temporal
range Tr = 10, 000 and a temporal context length Tc = 128. We define the argument a ∈ RN×Tc

elementwise as [a]ij = [A(s)]iiT
− j−1

Tc
r and construct the timestep embedding e ∈ RN×(2Tc) by

e = [cos a, sin a].
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F VAE TRAINING RESULTS

We provide an ablation study on our choice for latent dimensions and regularization strengths βmax
by assessing the performance of a trained VAE on the TPP datasets. We evaluate the inter-event
time reconstruction of the VAE using the mean squared error (MSE) metric, and the event type
reconstruction using the accuracy metric.

We provide a separate table for the ablation study on the Retweet dataset. This is because the
inter-event times take significantly larger values than the other datasets, which is why the MSE also
takes larger values.

For our experiments, we decided on latent dimensions of size 16 and 32 and βmax of 0.01 and 0.001,
as they gave the best results in this study.

Dataset dlatent βmax Test MSE (Time) Test Accuracy (Mark) KL Divergence
Taxi 8 0.01 0.000008 1.00 1.422255

Taobao 8 0.01 0.000007 1.00 2.675954
Stackoverflow 8 0.01 0.000007 1.00 1.302106

Amazon 8 0.01 0.000004 1.00 0.546956
Taxi 8 0.001 0.000066 1.00 1.595017

Taobao 8 0.001 0.000307 1.00 1.727479
Stackoverflow 8 0.001 0.000006 1.00 1.618665

Amazon 8 0.001 0.000003 1.00 1.749470
Taxi 16 0.01 0.000004 1.00 0.660862

Taobao 16 0.01 0.000001 1.00 0.510525
Stackoverflow 16 0.01 0.000006 1.00 0.972457

Amazon 16 0.01 0.000001 1.00 0.431824
Taxi 16 0.001 0.000002 1.00 1.175252

Taobao 16 0.001 0.000002 1.00 1.826852
Stackoverflow 16 0.001 0.000003 1.00 2.593421

Amazon 16 0.001 0.000001 1.00 0.486753
Taxi 32 0.01 0.000005 1.00 0.847024

Taobao 32 0.01 0.000001 1.00 1.100021
Stackoverflow 32 0.01 0.000006 1.00 0.969485

Amazon 32 0.01 0.000001 1.00 0.226177
Taxi 32 0.001 0.000002 1.00 2.596737

Taobao 32 0.001 0.000009 1.00 3.441910
Stackoverflow 32 0.001 0.000003 1.00 2.321191

Amazon 32 0.001 0.000004 1.00 0.286039
Taxi 8 0.1 0.000036 1.00 0.464769

Taobao 8 0.1 0.000040 1.00 0.367910
Stackoverflow 8 0.1 0.000029 1.00 0.639186

Amazon 8 0.1 0.000019 1.00 0.348057
Taxi 4 0.01 0.000114 0.999865 1.591100

Taobao 4 0.01 0.000279 1.00 1.710422
Stackoverflow 4 0.01 0.000169 1.00 2.114793

Amazon 4 0.01 0.000013 0.999988 1.121674
Taxi 8 1.0 0.000106 1.00 0.282435

Taobao 8 1.0 0.000076 1.00 0.337149
Stackoverflow 8 1.0 0.000363 1.00 0.645850

Amazon 8 1.0 0.000102 1.00 0.270750

Table 3: Overview of the training results of VAEs in four TPP benchmark datasets with different
hyperparameters. βmax corresponds to the weight we placed on the KL Divergence term.
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Dataset dlatent βmax Test MSE (Time) Test Accuracy (Mark) KL Divergence
Retweet 2 1.0 0.002049 1.00 3.173542
Retweet 2 0.1 0.014252 0.999804 3.082116
Retweet 2 0.01 0.134966 0.591000 55.257951
Retweet 2 0.001 0.004303 0.542401 158.649788
Retweet 4 1.0 0.029607 0.999640 1.486775
Retweet 4 0.1 NaN 0.519590 NaN
Retweet 4 0.01 0.000839 0.999967 8.499786
Retweet 4 0.001 NaN 0.488553 NaN
Retweet 8 1.0 0.001032 1.00 0.667470
Retweet 8 0.1 0.004570 1.00 1.273117
Retweet 8 0.01 0.000254 1.00 1.857849
Retweet 8 0.001 0.000138 1.00 4.784689
Retweet 16 1.0 0.000290 1.00 0.276919
Retweet 16 0.1 0.000208 1.00 0.810816
Retweet 16 0.01 0.000250 1.00 1.547005
Retweet 16 0.001 0.000031 1.00 2.757766
Retweet 32 1.0 0.000648 1.00 0.185612
Retweet 32 0.1 0.000036 1.00 0.560295
Retweet 32 0.01 0.000081 1.00 1.235596
Retweet 32 0.001 0.000015 1.00 2.917406

Table 4: Training results of VAEs on the Retweet dataset. This table is posted separately because the
time between events takes a larger range of values.
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G ALGORITHMS FOR TESTING

In this section, we provide the method we used for forecasting future events conditioned on preceding
events in an algorithmic format. We refer the reader to section 3.4 for a discussion that motivates our
algorithms.

G.1 NEXT EVENT PREDICTION EVALUATION

We present our methods for next event prediction. This is obtained by solving the ODE defined
element-wise in Equation 7. The observation window is O = {1, ..., n − 1} and the prediction
window is P = {n}. This ensures that preceding events are reconstructed exactly and the model
generates the n-th event. This is repeated for n = 2, ..., N .

The ODE is solved from s = s
(n)
end to s = s

(n)
start, where s(n)end and s(n)start are defined in Equation 5.

The initial condition is x(s
(n)
end) = A(s

(n)
end)x0 + (I − A(s(n)end))ϵ, where ϵ is Gaussian noise. We

provide the detailed method in Algorithm 1.

Additionally, we want the prediction of the n-th event to depend only on events 1, ..., n− 1. For this
reason, we mask out events n+1, ..., N so that the importance of proceeding events on the prediction
of the n-th event is minimized.

Algorithm 1 Next Event Prediction Evaluation

Require: Asynchronous noise schedule A(s), pre-trained diffusion model vθ(xs, A(s)), pre-trained
VAE (Eϕ(·), Dψ(·)), test event sequence {z(1), ..., z(N)}.
Get latent event sequence y = {y(1), ...,y(N)} where y(i) = Eϕ(z

(i)) for i = 1, ..., N .
for n=2,...,N do

Sample noise ϵ = {ϵ(1), ..., ϵ(N)} where the dimension of ϵ(i) matches the dimension of y(i)

for all i.
Initiate mask (shape: [1, 1, N,N ]) where mask[:,:,:n,:]=1 and mask is zero elsewhere.
Define a vector field f(xs, s) elementwise:

fi(xs, s) =

{
[A′(s)]ii(y

(i) − ϵ(i)) i < n (Ensuring preceding events converge to y(i))
[A′(s)]ii[vθ(xs, A(s),mask)]i i = n (Predicting event y(n))

(36)
Solve the ODE ẋs = f(xs, s) from s = s

(n)
end to s = s

(n)
start using an ODE solver with the initial

condition x
s
(n)
end

= A(s
(n)
end)y + (I −A(s(n)end))ϵ.

Obtain sequence {y(1), ...,y(n−1), ỹ(n)} consisting of preceding latent events
{y(1), ...,y(n−1)} and predicted latent event ỹ(n).
Decode ỹ(n): Dψ(ỹ

(n)) = z̃(n) = (τ̃ (n), k̃(n)).
end for
Return RMSE({τ̃ (i), τ (i)}Ni=2), ErrorRate({k̃(i), k(i)}Ni=2)

G.2 OPTIMAL TRANSPORT DISTANCE

We use the optimal transport distance (OTD) to assess the long horizon evaluation ADiff4TPP. We use
the distance between event seq(.) function posted in the GitHub repository of (Mei et al.,
2019). We use the following hyperparameters: del cost=1,trans cost=1. To generate events
in a prediction horizon h, we solve the ODE defined element-wise in Equation 7. The observation
window is O = {1, ..., N − h} and the prediction window is P = {N − h+ 1, ..., N}. Our detailed
method is posted in Algorithm 2.
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Algorithm 2 Long Horizon Prediction Evaluation

Require: Asynchronous noise schedule A(s), pre-trained diffusion model vθ(xs, A(s)), pre-trained
VAE (Eϕ(·), Dψ(·)), test event sequence {z(1), ..., z(N)}, prediction horizon h.
Get latent event sequence y = {y(1), ...,y(N)} where y(i) = Eϕ(z

(i)) for i = 1, ..., N .
Sample noise ϵ = {ϵ(1), ..., ϵ(N)} where the dimension of ϵ(i) matches the dimension of y(i) for
all i.
Define a vector field f(xs, s) elementwise:

fi(xs, s) =

{
[A′(s)]ii(y

(i) − ϵ(i)) i ≤ N − h (Ensuring preceding events converge to y(i))
[A′(s)]ii[vθ(xs, A(s))]i i > N − h (Predicting events ỹ(N−h+1), ..., ỹ(N))

(37)
Solve the ODE ẋs = f(xs, s),x1 = ϵ from s = 1 to s = 0 using an ODE solver.
Obtain sequence {y(1)), ...,y(N−h), ỹ(N−h+1), ..., ỹ(N)} consisting of preceding latent events
{y(1)), ...,y(N−h)} and predicted latent events {ỹ(N−h+1), ..., ỹ(N)}.
Decode ỹ(i): Dψ(ỹ

(i)) = z̃(i) = (τ̃ (i), k̃(i)), for i = N − h+ 1, ..., N .
Return distance between event seq({z̃(i)}Ni=N−h+1, {z(i)}Ni=N−h+1)

G.3 HIGHER LENGTH SEQUENCE GENERATION

Sequence modeling naturally differs from image generation as sequences have varying lengths, so
there is no fixed dimension. Subsequently, it is important to show that the hyperparameter N does
not limit the length of the sequence that can be generated using our proposed method. Our model can
also be applied to scenarios where the sequence length is larger than N through a sliding window
approach, which is detailed in Algorithm 3.

Algorithm 3 Higher Length Sequence Generation

Require: Asynchronous noise schedule A(s), pre-trained diffusion model vθ(xs, A(s)) initiated
with maximum length N , pre-trained VAE (Eϕ(·), Dψ(·)), generation length L.
Initiate x1, ...,xL to Gaussian noise, each with length equal to the latent dimension.
[x1, ...,xN ]← odesolve(A′(s)vθ(·, A(s)), initial condition=[x1, ...,xN ], s = [s

(i)
end]i=1,...,N )

for j = 1, ..., L−N do
[xj , ...,xj+N ] ← odesolve(A′(s)vθ(·, A(s)), initial condition=[xj , ...,xj+N ], s =

[s
(N)
end , s

(1)
start])

end for
Decode x̃(i): Dψ(x̃

(i)) = z̃(i) = (τ̃ (i), k̃(i)), for i = 1, ..., L.
Return {z̃(i)}Li=1

H LONG HORIZON PREDICTION RESULTS

In this section, we compare the long horizon prediction of ADiff4TPP with existing baselines. We
report the results of ADiff4TPP with 32 latent dimensions and βmax = 0.01. We set the horizon
length to 5, 10, 20, and 30, and report the mean and standard deviation of the OTD over all the
datasets and models in five seeds. The results show that ADiff4TPP significantly outperforms all
the other models. This is because ADiff4TPP initiates the generation of events in the more distant
future before it completely generates events in the near future, thus sequentially providing stronger
conditioning for future events.
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Table 5: OTD (5 Events / 10 Events). Standard deviations are posted below. Bold indicates state-of-
the-art results.

Model Amazon Retweet Taxi Taobao StackOverflow

RMTPP 9.880/19.671 9.991/19.983 4.012/5.961 8.692/15.808 9.463/18.735
(0.016/0.035) (0.003/0.004) (0.136/0.196) (0.097/0.237) (0.075/0.160)

NHP 9.881/19.670 9.992/19.954 4.007/5.915 8.498/15.202 9.482/18.762
(0.015/0.035) (0.003/0.008) (0.137/0.199) (0.099/0.248) (0.073/0.156)

SAHP 9.874/19.657 9.998/19.977 5.458/7.566 8.615/15.546 9.490/18.790
(0.016/0.035) (0.002/0.006) (0.113/0.162) (0.101/0.247) (0.072/0.156)

THP 9.869/19.642 9.991/19.937 6.023/10.816 8.698/15.826 9.498/18.808
(0.017/0.037) (0.003/0.010) (0.094/0.163) (0.095/0.234) (0.069/0.148)

AttNHP 9.862/19.624 9.981/19.925 3.970/5.794 8.216/14.659 9.443/18.682
(0.018/0.039) (0.005/0.012) (0.127/0.166) (0.105/0.247) (0.073/0.157)

IFTPP 9.859/19.603 9.989/19.927 4.461/5.573 8.030/14.212 9.406/18.626
(0.018/0.042) (0.003/0.011) (0.098/0.162) (0.104/0.245) (0.077/0.164)

DTPP 6.848/13.734 9.916/19.433 2.983/6.773 6.844/15.127 7.554/14.946
(0.010/0.024) (0.004/0.009) (0.013/0.019) (0.019/0.032) (0.020/0.036)

HYPRO 6.976/12.988 9.491/19.653 3.403/5.781 5.786/11.367 7.330/12.246
(0.016/0.055) (0.003/0.005) (0.023/0.034) (0.028/0.047) (0.017/0.028)

ADiff4TPP 6.219/12.419 9.119/17.738 2.332/3.979 5.398/10.255 6.452/11.972
(0.049/0.115) (0.017/0.051) (0.022/0.015) (0.086/0.065) (0.400/0.922)

Table 6: OTD (20 Events). Standard deviations are posted below. Bold indicates state-of-the-art
results.

Model Amazon Retweet Taxi Taobao StackOverflow

RMTPP 39.156 39.906 9.203 28.727 37.046
(0.075) (0.012) (0.326) (0.506) (0.320)

NHP 39.161 39.745 9.170 28.056 37.188
(0.075) (0.028) (0.327) (0.530) (0.306)

SAHP 39.065 39.874 12.784 28.262 37.232
(0.080) (0.020) (0.231) (0.523) (0.304)

THP 39.069 39.691 14.308 28.774 37.116
(0.082) (0.032) (0.318) (0.499) (0.306)

AttNHP 39.051 39.694 9.029 27.046 36.847
(0.083) (0.032) (0.240) (0.499) (0.323)

IFTPP 38.971 39.705 8.566 26.243 36.763
(0.091) (0.031) (0.221) (0.503) (0.331)

DTPP 27.603 29.762 13.830 32.275 29.188
(0.064) (0.003) (0.145) (0.136) (0.036)

HYPRO 26.103 30.749 9.955 20.805 29.224
(0.140) (0.063) (0.056) (0.074) (0.454)

ADiff4TPP 24.645 28.028 6.672 19.152 22.334
(0.141) (0.170) (0.049) (0.149) (2.142)
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Table 7: OTD (30 Events). Standard deviations are posted below. Bold indicates state-of-the-art
results.

Model Amazon Retweet Taxi Taobao StackOverflow

RMTPP 58.378 59.792 12.178 40.602 54.829
(0.120) (0.021) (0.449) (0.746) (0.487)

NHP 58.390 59.315 12.108 39.336 55.191
(0.119) (0.056) (0.452) (0.766) (0.462)

SAHP 58.270 59.618 17.474 39.928 55.226
(0.124) (0.038) (0.413) (0.770) (0.459)

THP 58.233 59.203 17.553 40.696 54.905
(0.130) (0.063) (0.388) (0.735) (0.469)

AttNHP 58.193 59.171 11.719 38.404 54.420
(0.130) (0.065) (0.307) (0.723) (0.492)

IFTPP 58.119 59.200 11.592 37.587 54.311
(0.140) (0.064) (0.337) (0.703) (0.500)

DTPP 41.745 39.602 20.669 50.039 43.399
(0.161) (0.063) (0.482) (0.684) (0.486)

HYPRO 34.134 38.952 13.914 30.686 36.769
(0.155) (0.037) (0.072) (0.198) (0.563)

ADiff4TPP 32.866 31.653 8.903 29.181 30.660
(0.477) (0.208) (0.012) (1.131) (1.789)
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I ABLATION STUDIES ON DIFFUSION PROCESSES

I.1 DIFFERENT NOISE SCHEDULES

It is naturally important to assess whether diffusion models with asynchronous noise schedules
outperform diffusion models without asynchronous noise schedules, and furthermore, whether there
are noise schedules that outperform our choice of A(s) in Equation 5. To evaluate this, we compare
ADiff4TPP with diffusion models trained on two different noise schedules:

1. A disjoint noise schedule, where one event is diffused at a time. This is identical to
autoregressive modeling of event sequences. The noise schedule is given as:

[A(s)disjoint]ii = clip

(
s
(i,disjoint)
end − s

s
(i,disjoint)
end − s(i,disjoint)start

,min = 0,max = 1

)
,

where

s
(i,disjoint)
start =

N − i
N

, s
(i,disjoint)
end =

N − i+ 1

N
.

2. A synchronous noise schedule, where all events are diffused at the same time. This is
identical to rectified flow. The noise schedule is given as:

A(s)sync = (1− s)I.

0.0 0.2 0.4 0.6 0.8 1.0
s

0.0

0.2

0.4

0.6

0.8

1.0

A(
s)

Disjoint Matrix

A(s)[1,1]
A(s)[2,2]
A(s)[3,3]
A(s)[4,4]
A(s)[5,5]
A(s)[6,6]

(a) An example of disjoint noise schedule with 6 events.
The noise schedule shows that the event sequence dif-
fuses one event at a time. Event i starts diffusing after
event i+ 1 is completely diffused.

0.0 0.2 0.4 0.6 0.8 1.0
s

0.0

0.2

0.4

0.6

0.8

1.0

A(
s)

Synchronous Matrix
A(s)[1,1]
A(s)[2,2]
A(s)[3,3]
A(s)[4,4]
A(s)[5,5]
A(s)[6,6]

(b) An example of synchronous noise schedule with
6 events. The noise schedule shows that every event
starts diffusing at s = 0 and ends at s = 1.

Figure 5: Different noise schedules

Examples of A(s)disjoint and A(s)sync with 6 events are plotted in Figure 5. We train diffusion
models with 32 latent dimensions and βmax = 0.01, 0.001 on the five TPP datasets for both of these
noise schedules and compare them with ADiff4TPP in next event prediction tasks.

I.2 ABSENCE OF MASKING

We assessed the importance of masking by comparing the results of ADiff4TPP in next event
prediction tasks with and without masking.

The removal of masking is trivally done by modifying Algorithm 1 so that the vector field f(x(s), s)
from equation 36 is instead defined elementwise as:

fi(x(s), s) =

{
A′(s)(ϵi − xi) i < n

A′(s)vθ(x(s), A(s)) i ≥ n, (38)
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thus removing the masking in the computation of vθ(x(s), A(s)). After solving the ODE, we then
obtain a sequence {x1, ...,xn−1, x̃n, ..., x̃N} consisting of preceding latent events {x1, ...,xn−1}
and predicted latent events {x̃n, ..., x̃N} along the entire prediction horizon. We only decode x̃n.

The main difference is that the prediction of x̃n is dependent only on past events if we use masking.
If we remove masking, then the prediction of x̃n depends on observations of past and future events.

I.3 RESULTS

Table 8: Ablation Study Results on Next Event prediction (Complete). We compared ADiff4TPP
with different choices of noise schedules as well as different latent dimensions and βmax for training
the VAE. Bold indicates state-of-the-art results in either RMSE or Error Rate.

Model Amazon Retweet Taobao StackOverflow
Disjoint Diffusion 0.492/69.9% 18.813/47.3% 0.506/48.2% 1.123/65.7%
dlatent = 32, βmax = 0.01 (0.009/0.006) (0.096/0.008) (0.069/0.027) (0.042/0.002)

Disjoint Diffusion 0.483/69.5% 20.054/49.4% 0.461/49.3% 1.544/69.4%
dlatent = 32, βmax = 0.001 (0.007/0.001) (0.099/0.007) (0.054/0.008) (0.038/0.008)

Synchronized Diffusion 0.432/68.5% 18.358/45.8% 0.436/45.7% 1.285/61.7%
dlatent = 32, βmax = 0.01 (0.002/0.003) (0.103/0.003) (0.139/0.022) (0.041/0.004)

Synchronized Diffusion 0.424/68.0 18.085/45.4% 0.422/46.9% 1.336/62.3%
dlatent = 32, βmax = 0.001 (0.001/0.002) (0.062/0.004) (0.063/0.010) (0.011/0.005)

Unmasked Diffusion 0.408/68.0% 19.513/45.6% 0.221/54.3% 1.249/60.6%
dlatent = 32, βmax = 0.01 (0.001/0.002) (0.964/0.024) (0.028/0.030) (0.019/0.014)

Unmasked Diffusion 0.495/71.8% 19.803/46.0% 0.174/53.1% 1.094/59.9%
dlatent = 32, βmax = 0.001 (0.013/0.057) (0.269/0.036) (0.025/0.023) (0.015/0.019)

ADiff4TPP 0.440/68.7% 19.383/53.2% 0.354/54.9% 1.090/57.7%
dlatent = 16, βmax = 0.01 (0.004/0.002) (0.041/0.003) (0.155/0.015) (0.012/0.006)

ADiff4TPP 0.421/68.5% 17.857/41.6% 0.326/46.2% 1.310/59.8%
dlatent = 16, βmax = 0.001 (0.001/0.002) (0.030/0.0003) (0.017/0.03) (0.058/0.012)

ADiff4TPP 0.407/67.5% 17.880/39.3% 0.140/42.6% 1.226/61.3%
dlatent = 32, βmax = 0.01 (0.002/0.002) (0.051/0.001) (0.054/0.011) (0.035/0.011)

ADiff4TPP 0.436/67.4% 17.271/39.4% 0.177/44.1% 1.169/63.5%
dlatent = 32, βmax = 0.001 (0.003/0.0003) (0.010/0.002) (0.022/0.010) (0.078/0.015)

We posted our ablation results in Table 8. ADiff4TPP with 32 latent dimensions outperforms all the
other methods in next event predictions in the Amazon, Retweet, and Taobao datasets. ADiff4TPP
with 16 latent dimensions and βmax = 0.01 achieves the best results in the Stackoverflow dataset.

While Unmasked Diffusion shows comparable results to ADiff4TPP on a few datasets, it fails to
match the consistency of ADiff4TPP across all metrics and datasets. In contrast, Synchronized
Diffusion and Disjoint Diffusion perform significantly worse, with higher RMSEs and error rates.
These results showcase the reliability of masking and asynchronous noise schedules in ADiff4TPP
for prediction tasks in temporal point processes.

J RUNTIME COMPARISON

We computed runtimes for long horizon prediction in ADiff4TPP and IFTPP (in seconds) divided
by the number of sequences in the test set. We posted the expectations and standard deviation over
five runs. The table shows that the amount of time taken for long horizon prediction per sequence in
ADiff4TPP remains relatively stable over all the horizons, while it linearly increases for IFTPP. This
is to be expected because as the horizon increases, the number of function evaluations increases for
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IFTPP while it does not change for ADiff4TPP. Thus, for longer horizons, ADiff4TPP outperforms
IFTPP in runtime.

Table 9: Runtime (seconds) for ADiff4TPP across prediction horizons. Mean and standard deviation
over 5 runs.

Horizon Amazon Retweet Taxi Taobao Stackoverflow
5 0.062 (0.005) 0.064 (0.007) 0.041 (0.003) 0.047 (0.005) 0.067 (0.003)
10 0.063 (0.007) 0.065 (0.009) 0.041 (0.005) 0.048 (0.009) 0.068 (0.008)
20 0.063 (0.009) 0.065 (0.004) 0.042 (0.005) 0.048 (0.011) 0.069 (0.002)
30 0.064 (0.009) 0.065 (0.012) 0.043 (0.003) 0.050 (0.009) 0.069 (0.010)

Table 10: Runtime (seconds) for IFTPP across prediction horizons. Mean and standard deviation
over 5 runs.

Horizon Amazon Retweet Taxi Taobao Stackoverflow
5 0.027 (0.001) 0.023 (0.002) 0.017 (0.001) 0.018 (0.001) 0.013 (0.001)
10 0.032 (0.001) 0.036 (0.004) 0.022 (0.002) 0.023 (0.002) 0.025 (0.002)
20 0.049 (0.004) 0.057 (0.003) 0.046 (0.004) 0.045 (0.003) 0.055 (0.006)
30 0.069 (0.003) 0.072 (0.004) 0.061 (0.004) 0.066 (0.007) 0.069 (0.005)

K UNCONDITIONALLY GENERATED HIGHER LENGTH SEQUENCES

In principle, however, TPPs can have lengths longer than N given by the maximum event sequence
length in the training set. Although our model operates on a fixed temporal context window of length
N , it can generate event sequences of arbitrary length using a sliding-window mechanism.

More specifically, our model assumes that, for i > N , the event x(i) can be sampled from the
conditional distribution

p(x(i)|x(1), ...,x(i−1)) ≈ p(x(i)|x(i−N+1), ...,x(i−1)). (39)

To show that our model is not limited by the hyperparameter N , we post unconditionally generated
event sequences of length 2N using Algorithm 3.

Amazon (length extended to 188)

[(0.0, 0), (0.504, 0), (0.113, 3), (0.624, 6), (0.358, 11),
(0.416, 0), (0.52, 1), (0.458, 6), (0.654, 0), (0.48, 0), (0.656,
1), (0.318, 1), (0.245, 1), (0.404, 6), (0.515, 1), (0.477,
0), (0.178, 2), (0.518, 4), (0.395, 10), (0.46, 11), (0.2, 1),
(0.507, 0), (0.584, 0), (0.423, 1), (0.154, 12), (0.414, 10),
(0.178, 10), (0.592, 1), (0.471, 0), (0.714, 10), (0.548, 4),
(0.559, 10), (0.465, 2), (0.251, 0), (0.361, 0), (0.147, 0),
(0.6, 9), (0.796, 2), (0.396, 7), (0.525, 1), (0.387, 2), (0.305,
0), (0.536, 2), (0.497, 0), (0.748, 10), (0.109, 0), (0.315,
2), (0.749, 10), (0.365, 1), (0.212, 5), (0.598, 3), (0.291,
2), (0.461, 3), (0.397, 1), (0.342, 2), (0.459, 1), (0.322, 9),
(0.186, 1), (0.435, 2), (0.444, 13), (0.955, 0), (0.623, 0),
(0.269, 11), (0.558, 5), (0.62, 9), (0.519, 15), (0.317, 10),
(0.525, 1), (0.04, 1), (0.635, 5), (0.459, 0), (0.281, 3), (0.429,
10), (0.313, 4), (0.499, 2), (0.354, 1), (0.574, 11), (0.693,
0), (0.266, 15), (0.631, 5), (0.333, 4), (0.659, 1), (0.449,
9), (0.309, 0), (0.409, 0), (0.503, 0), (0.185, 0), (0.519, 10),
(0.543, 1), (0.529, 1), (0.211, 1), (0.395, 1), (0.74, 0), (0.236,
1), (0.426, 0), (0.504, 0), (0.113, 3), (0.624, 6), (0.358, 11),
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(0.416, 0), (0.52, 1), (0.458, 6), (0.654, 0), (0.48, 0), (0.656,
1), (0.318, 1), (0.245, 1), (0.404, 6), (0.515, 1), (0.477,
0), (0.178, 2), (0.518, 4), (0.395, 10), (0.46, 11), (0.2, 1),
(0.507, 0), (0.584, 0), (0.423, 1), (0.154, 12), (0.414, 10),
(0.178, 10), (0.592, 1), (0.471, 0), (0.714, 10), (0.548, 4),
(0.559, 10), (0.465, 2), (0.251, 0), (0.361, 0), (0.147, 0),
(0.6, 9), (0.796, 2), (0.396, 7), (0.525, 1), (0.387, 2), (0.305,
0), (0.536, 2), (0.497, 0), (0.748, 10), (0.109, 0), (0.315,
2), (0.749, 10), (0.365, 1), (0.212, 5), (0.598, 3), (0.291,
2), (0.461, 3), (0.397, 1), (0.342, 2), (0.459, 1), (0.322, 9),
(0.186, 1), (0.435, 2), (0.444, 13), (0.955, 0), (0.623, 0),
(0.269, 11), (0.558, 5), (0.62, 9), (0.519, 15), (0.317, 10),
(0.525, 1), (0.04, 1), (0.635, 5), (0.459, 0), (0.281, 3), (0.429,
10), (0.313, 4), (0.499, 2), (0.354, 1), (0.574, 11), (0.693,
0), (0.266, 15), (0.631, 5), (0.333, 4), (0.659, 1), (0.449,
9), (0.309, 0), (0.409, 0), (0.503, 0), (0.185, 0), (0.519, 10),
(0.543, 1), (0.529, 1), (0.211, 1), (0.395, 1), (0.74, 0), (0.236,
1)]

Retweet (length extended to 194)

[(0.0, 1), (6.532, 0), (8.392, 1), (16.973, 0), (17.315, 0),
(27.746, 2), (14.453, 0), (11.932, 0), (11.855, 1), (7.143,
1), (6.946, 1), (7.583, 0), (18.93, 0), (12.262, 0), (4.548,
0), (5.875, 0), (11.258, 0), (22.189, 1), (14.416, 1), (8.401,
1), (16.658, 1), (20.916, 1), (9.458, 0), (12.222, 1), (21.204,
0), (5.544, 1), (7.592, 1), (15.236, 0), (10.733, 0), (16.15,
0), (24.908, 1), (5.379, 1), (17.8, 0), (5.92, 1), (15.003,
1), (8.428, 1), (7.793, 0), (5.811, 1), (10.087, 1), (16.923,
0), (8.067, 0), (24.647, 0), (7.19, 0), (4.948, 1), (9.168, 1),
(6.798, 1), (18.614, 1), (4.401, 1), (11.55, 1), (24.655, 1),
(10.599, 1), (17.031, 0), (4.686, 0), (7.315, 1), (15.773, 1),
(9.448, 0), (13.541, 1), (5.953, 1), (12.388, 0), (10.146, 1),
(5.178, 1), (17.729, 0), (18.832, 0), (13.922, 0), (7.813, 0),
(24.957, 1), (11.136, 1), (9.935, 0), (6.557, 1), (16.303, 1),
(11.078, 1), (11.802, 1), (13.339, 0), (25.709, 1), (9.222, 0),
(15.444, 0), (11.352, 0), (17.756, 0), (6.931, 0), (6.689, 0),
(7.689, 1), (17.55, 1), (12.516, 1), (8.337, 1), (4.833, 1),
(9.917, 0), (11.593, 1), (14.864, 1), (11.38, 0), (33.383, 1),
(7.543, 1), (8.302, 1), (28.48, 1), (22.821, 0), (4.891, 1),
(9.938, 0), (4.656, 1), (13.243, 1), (6.532, 0), (8.392, 1),
(16.973, 0), (17.315, 0), (27.746, 2), (14.453, 0), (11.932,
0), (11.855, 1), (7.143, 1), (6.946, 1), (7.583, 0), (18.93,
0), (12.262, 0), (4.548, 0), (5.875, 0), (11.258, 0), (22.189,
1), (14.416, 1), (8.401, 1), (16.658, 1), (20.916, 1), (9.458,
0), (12.222, 1), (21.204, 0), (5.544, 1), (7.592, 1), (15.236,
0), (10.733, 0), (16.15, 0), (24.908, 1), (5.379, 1), (17.8,
0), (5.92, 1), (15.003, 1), (8.428, 1), (7.793, 0), (5.811, 1),
(10.087, 1), (16.923, 0), (8.067, 0), (24.647, 0), (7.19, 0),
(4.948, 1), (9.168, 1), (6.798, 1), (18.614, 1), (4.401, 1),
(11.55, 1), (24.655, 1), (10.599, 1), (17.031, 0), (4.686, 0),
(7.315, 1), (15.773, 1), (9.448, 0), (13.541, 1), (5.953, 1),
(12.388, 0), (10.146, 1), (5.178, 1), (17.729, 0), (18.832, 0),
(13.922, 0), (7.813, 0), (24.957, 1), (11.136, 1), (9.935, 0),
(6.557, 1), (16.303, 1), (11.078, 1), (11.802, 1), (13.339, 0),
(25.709, 1), (9.222, 0), (15.444, 0), (11.352, 0), (17.756, 0),
(6.931, 0), (6.689, 0), (7.689, 1), (17.55, 1), (12.516, 1),
(8.337, 1), (4.833, 1), (9.917, 0), (11.593, 1), (14.864, 1),

29



1566
1567
1568
1569
1570
1571
1572
1573
1574
1575
1576
1577
1578
1579
1580
1581
1582
1583
1584
1585
1586
1587
1588
1589
1590
1591
1592
1593
1594
1595
1596
1597
1598
1599
1600
1601
1602
1603
1604
1605
1606
1607
1608
1609
1610
1611
1612
1613
1614
1615
1616
1617
1618
1619

Under review as a conference paper at ICLR 2026

(11.38, 0), (33.383, 1), (7.543, 1), (8.302, 1), (28.48, 1),
(22.821, 0), (4.891, 1), (9.938, 0), (4.656, 1)]

Taxi (length extended to 76)

[(0.0, 3), (0.178, 3), (0.148, 8), (0.151, 3), (0.25, 8), (0.259,
3), (0.144, 3), (0.073, 3), (0.08, 8), (0.238, 3), (0.339, 8),
(0.166, 3), (0.175, 0), (0.064, 8), (0.171, 8), (0.126, 8),
(0.232, 8), (0.3, 5), (0.107, 8), (0.203, 3), (0.089, 8), (0.066,
8), (0.322, 3), (0.271, 8), (0.114, 8), (0.181, 3), (0.157,
3), (0.115, 3), (0.218, 8), (0.201, 8), (0.186, 8), (0.099, 3),
(0.073, 8), (0.234, 3), (0.122, 8), (0.22, 3), (0.121, 8), (0.194,
3), (0.229, 3), (0.178, 3), (0.148, 8), (0.151, 3), (0.25, 8),
(0.259, 3), (0.144, 3), (0.073, 3), (0.08, 8), (0.238, 3), (0.339,
8), (0.166, 3), (0.175, 0), (0.064, 8), (0.171, 8), (0.126, 8),
(0.232, 8), (0.3, 5), (0.107, 8), (0.203, 3), (0.089, 8), (0.066,
8), (0.322, 3), (0.271, 8), (0.114, 8), (0.181, 3), (0.157,
3), (0.115, 3), (0.218, 8), (0.201, 8), (0.186, 8), (0.099, 3),
(0.073, 8), (0.234, 3), (0.122, 8), (0.22, 3), (0.121, 8), (0.194,
3)]

Taobao (length extended to 128)

[(0.0, 14), (0.322, 6), (0.091, 0), (0.068, 5), (0.29, 6), (0.145,
16), (0.428, 1), (0.041, 16), (0.796, 16), (0.747, 7), (0.616,
14), (0.259, 16), (0.475, 5), (0.158, 11), (0.032, 16), (0.203,
6), (0.314, 6), (0.265, 9), (0.254, 2), (0.317, 16), (0.59, 7),
(0.016, 16), (0.935, 16), (0.541, 16), (0.058, 16), (0.173, 16),
(0.031, 16), (0.309, 16), (0.042, 5), (0.452, 0), (0.711, 16),
(0.199, 5), (0.271, 1), (0.279, 16), (0.377, 1), (0.816, 16),
(0.007, 16), (0.374, 16), (0.597, 9), (0.297, 0), (0.423, 6),
(0.251, 16), (0.028, 16), (0.299, 6), (0.268, 16), (0.239, 7),
(0.395, 16), (0.167, 16), (0.236, 16), (0.133, 7), (0.079, 7),
(0.33, 16), (0.134, 16), (0.613, 1), (0.532, 16), (0.1, 16),
(0.325, 6), (0.302, 7), (0.113, 0), (0.814, 7), (0.38, 2), (0.076,
16), (0.414, 0), (0.682, 0), (0.693, 14), (0.322, 6), (0.091,
0), (0.068, 5), (0.29, 6), (0.145, 16), (0.428, 1), (0.041, 16),
(0.796, 16), (0.747, 7), (0.616, 14), (0.259, 16), (0.475, 5),
(0.158, 11), (0.032, 16), (0.203, 6), (0.314, 6), (0.265, 9),
(0.254, 2), (0.317, 16), (0.59, 7), (0.016, 16), (0.935, 16),
(0.541, 16), (0.058, 16), (0.173, 16), (0.031, 16), (0.309,
16), (0.042, 5), (0.452, 0), (0.711, 16), (0.199, 5), (0.271,
1), (0.279, 16), (0.377, 1), (0.816, 16), (0.007, 16), (0.374,
16), (0.597, 9), (0.297, 0), (0.423, 6), (0.251, 16), (0.028,
16), (0.299, 6), (0.268, 16), (0.239, 7), (0.395, 16), (0.167,
16), (0.236, 16), (0.133, 7), (0.079, 7), (0.33, 16), (0.134,
16), (0.613, 1), (0.532, 16), (0.1, 16), (0.325, 6), (0.302,
7), (0.113, 0), (0.814, 7), (0.38, 2), (0.076, 16), (0.414, 0),
(0.682, 0)]

StackOverflow (length extended to 202)

[(0.0, 4), (0.844, 3), (1.268, 4), (0.85, 3), (1.164, 3), (1.079,
8), (1.493, 3), (1.616, 3), (1.73, 1), (0.764, 3), (0.84, 8),
(1.333, 5), (0.591, 8), (1.203, 8), (1.535, 6), (1.11, 3), (1.093,
3), (0.848, 3), (1.061, 8), (1.446, 3), (1.033, 3), (1.165,
3), (1.542, 3), (1.104, 0), (1.164, 5), (0.969, 0), (0.968,
8), (1.234, 3), (0.926, 3), (0.732, 3), (1.374, 1), (1.343,
6), (0.935, 8), (1.378, 3), (1.295, 4), (1.274, 8), (0.687,
6), (1.609, 8), (1.657, 8), (0.923, 3), (0.877, 3), (1.146,
8), (1.116, 8), (0.845, 8), (0.668, 1), (1.358, 3), (1.201,
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8), (1.326, 4), (1.673, 3), (0.984, 1), (1.357, 1), (1.029,
3), (0.89, 3), (1.591, 3), (0.795, 3), (0.944, 17), (1.248,
3), (1.194, 8), (0.997, 8), (0.969, 3), (0.847, 8), (1.659,
3), (1.002, 7), (0.854, 3), (0.913, 3), (1.124, 12), (0.582,
3), (1.21, 8), (1.524, 8), (1.615, 0), (1.205, 3), (0.684, 3),
(1.091, 1), (0.545, 3), (1.94, 3), (1.142, 8), (0.834, 3), (1.014,
0), (1.194, 3), (1.061, 8), (1.55, 8), (0.744, 17), (0.761, 3),
(1.227, 7), (1.378, 8), (1.148, 4), (1.25, 3), (0.626, 8), (1.003,
1), (1.041, 3), (1.413, 3), (1.105, 3), (1.161, 8), (0.834, 3),
(0.796, 8), (1.041, 1), (0.922, 8), (0.748, 4), (0.612, 8),
(0.871, 8), (1.33, 8), (1.26, 4), (0.844, 3), (1.269, 4), (0.85,
3), (1.164, 3), (1.08, 8), (1.494, 3), (1.617, 3), (1.739, 1),
(0.765, 3), (0.84, 8), (1.333, 5), (0.592, 8), (1.203, 8), (1.536,
6), (1.113, 3), (1.093, 3), (0.848, 3), (1.061, 8), (1.446,
3), (1.033, 3), (1.165, 3), (1.542, 3), (1.104, 0), (1.164,
5), (0.969, 0), (0.968, 8), (1.234, 3), (0.926, 3), (0.732,
3), (1.374, 1), (1.343, 6), (0.935, 8), (1.378, 3), (1.295,
4), (1.274, 8), (0.687, 6), (1.609, 8), (1.657, 8), (0.923,
3), (0.877, 3), (1.146, 8), (1.116, 8), (0.845, 8), (0.668,
1), (1.358, 3), (1.201, 8), (1.326, 4), (1.673, 3), (0.983, 1),
(1.357, 1), (1.029, 3), (0.89, 3), (1.591, 3), (0.795, 3), (0.944,
17), (1.248, 3), (1.194, 8), (0.997, 8), (0.969, 3), (0.847,
8), (1.659, 3), (1.002, 7), (0.854, 3), (0.913, 3), (1.124, 12),
(0.582, 3)]

L LIMITATIONS AND FUTURE WORK

While our method enables scalable and flexible modeling of marked temporal point processes, it
inherits several limitations common to transformer-based generative architectures. First, the model’s
context window—that is, the number of past events the model can condition on—is constrained by
the maximum sequence length encountered during training. This can limit performance when the
test-time event sequences are significantly longer than those seen during training. Although our
sliding-window generation strategy enables extrapolation to longer sequences, the context available to
the model remains bounded, potentially degrading predictive accuracy for long-range dependencies.
Future work can explore data augmentation strategies that synthetically extend event histories or
interpolate between partial sequences, allowing the model to train with a more diverse range of
context lengths.

While our approach effectively models event sequences using asynchronous noise schedules, it
primarily relies on context from preceding events in the sequence. However, many real-world
applications, such as financial forecasting, social media trend prediction, and medical event modeling,
can benefit from external knowledge sources. Inspired by recent advancements in text-to-image
generation using latent diffusion models (Rombach et al., 2022; Esser et al., 2024), a promising
direction for future work is text-to-TPP generation, where event sequences are conditioned not only
on past events but also on external context. Large pretrained language models (e.g., GPT-4 (OpenAI,
2023)) offer extensive world knowledge and reasoning capabilities that can significantly enhance
short and long horizon predictions when integrated with TPPs. These models can serve as external
context providers, enabling more accurate, context-aware event sequence forecasting. This approach
could bridge the gap between unstructured textual data and structured TPPs, opening up new avenues
for more interpretable, data-efficient, and semantically grounded generative models. Concurrent with
our work, language-modeled asynchronous time series (LASTS (Gupta et al., 2025)) has made an
early step in this direction by introducing stochastic soft prompting to leverage external data for
modeling asynchronous time series.
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