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Abstract

Long-horizon events forecasting is a crucial task across vari-
ous domains, including retail, finance, healthcare, and social
networks. Traditional models for event sequences often ex-
tend to forecasting on a horizon using an autoregressive (re-
cursive) multi-step strategy, which has limited effectiveness
due to typical convergence to constant or repetitive outputs.
To address this limitation, we introduce DEF, a novel ap-
proach for simultaneous forecasting of multiple future events
on a horizon with high accuracy and diversity. Our method
optimally aligns predictions with ground truth events during
training by using a novel matching-based loss function. We
establish a new state-of-the-art in long-horizon event predic-
tion, achieving up to a 50% relative improvement over ex-
isting temporal point processes and event prediction mod-
els. Furthermore, we achieve state-of-the-art performance in
next-event prediction tasks while demonstrating high compu-
tational efficiency during inference.

Code — https://github.com/ivan-chai/hotpp-benchmark
Extended version — https://arxiv.org/abs/2408.13131

Introduction
Data from various domains, such as internet activity, e-
commerce transactions, retail operations, and clinical visits,
typically consists of timestamps with associated informa-
tion. When ordered chronologically, these data points form
event sequences, which differ fundamentally from other data
types. Unlike tabular data (Wang and Sun 2022), events in-
herently include timestamps and follow a specific temporal
order. In contrast to time series data (Lim and Zohren 2021;
Kostromina et al. 2025; Savchenko and Kachan 2025), event
sequences exhibit irregular time intervals and often contain
additional attributes. These unique characteristics necessi-
tate the development of specialized models that can handle
complex data streams. One of the primary tasks in the do-
main of event sequences is predicting future event types and
their occurrence times (Xue et al. 2024; McDermott et al.
2024). It may be solved using the apparatus of Marked Tem-
poral Point Processes (MTPP) (Rizoiu et al. 2017) or their
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extensions for complex data streams that include additional
event features (McDermott et al. 2024)

Practical applications often require predicting multiple fu-
ture events within a specified time horizon, such as forecast-
ing purchases for the next month or making long-term med-
ical prognoses (Xue et al. 2022). This task presents unique
challenges that differ from traditional next-event prediction.
The conventional approach typically relies on autoregressive
models, which predict the next event step by step (Xue et al.
2024; Xiao et al. 2018). While these models are effective for
immediate next-event forecasting, their performance tends
to deteriorate as the prediction horizon extends (Karpukhin,
Shipilov, and Savchenko 2024). The same is true for hori-
zon prediction models, including GAN (Xiao et al. 2018)
and diffusion (Zhou et al. 2025), which predict multiple fu-
ture events at once but use pairwise losses between events
on corresponding positions.

In this study, we identify significant limitations of pair-
wise losses in the context of long-horizon prediction. To ad-
dress these challenges, we propose DEF (Detection-based
Event Forecasting),which detects multiple future events in
parallel and employs a novel horizon matching loss, which
dynamically aligns predictions with the closest ground-truth
events, as illustrated in Fig. 1. This loss function enables the
model to capture the full distribution of events within the
horizon while remaining robust to outlier events. We demon-
strate that our approach establishes a new state-of-the-art
in long-horizon prediction, surpassing both autoregressive
and horizon prediction approaches in terms of accuracy and
prediction diversity. Additionally, our method exhibits high
computational efficiency during inference, ranking among
the fastest methods.

Related Works
Event Sequences and Marked Temporal Point Processes.
MTPP is a stochastic process that consists of a sequence of
time-event pairs (t1, l1), (t2, l2), . . ., where t1 < t2 < . . .
denote the times of events, and li ∈ {1, . . . , L} are the
corresponding event type labels (Rizoiu et al. 2017). One
of the most popular tasks in this domain is predicting the
next event in the sequence (Shchur et al. 2021; Zhuzhel
et al. 2023). A straightforward approach is to independently
predict the time and type of the next event (Shchur, Biloš,
and Günnemann 2020; Panos 2024), while more sophisti-
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Figure 1: (a) A typical next-event or pairwise loss compares events at corresponding positions, often resulting in incorrect
matching. (b) The proposed matching loss calculates the loss function between the closest events, leading to a more robust
and balanced error measure. (c) The proposed DEF method enhances the diversity of predictions. We demonstrate 3 example
sequences from the Amazon dataset generated by the autoregressive IFTPP method, Diffusion, and the proposed approach.
Each label type is depicted using a distinct shape and color combination. The precise timestamps are omitted for simplicity.

cated methods model the temporal dynamics of each event
type separately (Mei and Eisner 2017). Traditional models,
such as Poisson and Hawkes processes (Rizoiu et al. 2017),
rely on strong assumptions about the underlying generative
processes. Recent advancements have shifted towards more
flexible and expressive models that leverage neural archi-
tectures. These include classical Recurrent Neural Networks
(RNNs) (Du et al. 2016; Xiao et al. 2017; Omi, Aihara et al.
2019; Shchur, Biloš, and Günnemann 2020), as well as more
advanced architectures like transformers (Zhang et al. 2020;
Zuo et al. 2020; Wang and Xiao 2022; Yang, Mei, and Eis-
ner 2022; Panos 2024). Additionally, continuous-time mod-
els such as Neural Hawkes Processes (Mei and Eisner 2017),
ODE-RNN (Rubanova, Chen, and Duvenaud 2019), and
their variants (Jia and Benson 2019; De Brouwer et al. 2019;
Kidger et al. 2020; Song et al. 2024; Kuleshov et al. 2024)
have been developed to capture the dynamics of event se-
quences better. Moreover, generative models were adapted
for use in MTPPs, including denoising diffusion (Zhou et al.
2025; Zeng, Regol, and Coates 2024) and Generative Ad-
versarial Networks (GANs) (Lin et al. 2022). Some prior
works have explored general event sequences that include
additional data fields beyond timestamps and labels (McDer-
mott et al. 2024; Padhi et al. 2021).

Long-horizon prediction. In the long-horizon event fore-
casting task, the goal is to predict future events within a time
horizon H, defined as the time interval (t, t + H), where
t is the timestamp of the last observed event. A straight-
forward approach is to use autoregressive inference based
on next-event prediction models. Previous research has also
explored models that predict multiple future events simul-
taneously, known as next-K models (Karpukhin, Shipilov,

and Savchenko 2024), where K exceeds the typical num-
ber of events occurring within the horizon H. These models
are trained using pairwise losses that align predicted events
with ground truth events at corresponding positions. No-
tably, next-event models can be viewed as a special case of
next-1 models. Some approaches, such as GAN (Xiao et al.
2018) and Diffusion (Zhou et al. 2025; Zeng, Regol, and
Coates 2024), incorporate pairwise losses as part of their
training objectives. HYPRO (Xue et al. 2022) has also ad-
dressed the problem of long-horizon prediction and intro-
duced a technique for selecting the best candidate from a
set of generated sequences. HYPRO functions as a meta-
algorithm that can enhance the performance of nearly any
sequence prediction model. However, its approach requires
multiple generation runs for each prediction, significantly
reducing training and inference efficiency.

Thus, previous studies have identified several challenges
associated with autoregressive models for long-horizon pre-
dictions. These models often exhibit reduced prediction di-
versity and uncertainty over extended horizons, even though
the task becomes increasingly complex. As illustrated in
Fig. 1.c, the predicted label sequences often have constant
or repetitive outputs. This behavior likely stems from the
model’s reliance on its predictions as input for subsequent
predictions, which can amplify errors and lead to repeated
events. Even horizon prediction approaches, such as Diffu-
sion (Zhou et al. 2025), exhibit repetitive patterns because
each of K outputs predicts the entire distribution of labels,
leading to a bias toward the most frequent classes during
inference. To address these issues, we propose a novel ap-
proach that offers greater diversity in its predictions while
maintaining high accuracy for popular event forecasting
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tasks. The details are discussed in the following section.

Proposed Approach
The proposed DEF method (Fig. 2) utilizes a backbone
model to extract embeddings from historical data. Next, it
simultaneously predicts K future event candidates by using
multiple prediction heads. Here, the hyperparameter of our
method, K, should be larger than the typical sequence length
in a specified time horizon H. During training, the model
aligns its predictions with ground truth and computes pair-
wise losses in the novel horizon matching loss function. At
inference time, the model simultaneously predicts K events
and retains only candidates with high prediction scores. Be-
low, we provide a detailed overview of the event prediction
head, the sequence model, and the associated training and
inference procedures.

Prediction Head Our method captures the complexity of
event sequences by modeling each component of an event
using a probabilistic framework that provides a rigorous ba-
sis for evaluating the likelihood of ground-truth event se-
quences. Specifically, we propose predicting the probabil-
ity of an event occurring, the distribution of event labels,
and the distribution of time shifts relative to the last ob-
served event. As depicted in Fig. 2, the probability ô of an
event occurring is modeled using a neural network with a
sigmoid activation function. A separate head with softmax
activation (SM) models the distribution p̂(l) of event la-
bels. For the time shift, we use a Laplace distribution with a
unit scale parameter, similarly to Mixture Density Networks
(MDNs) (Bishop 1994) and intensity-free MTPP (Shchur,
Biloš, and Günnemann 2020):

P(t) =
1

2
e−|t−t̂|, (1)

where t̂ denotes the predicted time shift. This formulation
offers a probabilistic interpretation of the MAE loss func-
tion. Note that a more rigorous formulation would involve
using a truncated distribution to prevent negative time steps.
However, preliminary experiments showed slightly worse
performance with this approach, likely due to the reliance
of most evaluation metrics on MAE.

By combining the predicted probabilities, we can esti-
mate the likelihood of a future event given the output of the
model:

log P(y) = log ô+ log p̂(l)− |t− t̂| − log R(t). (2)

where y = (t, l) represents an event with timestamp t and
label l. In Eq 2, we assume that, given the history of events,
the timestamp, label, and occurrence of the next event are
conditionally independent. The probability of a missed event
(no event occurring) is given by:

log P(∅) = log(1− ô) + C∅, (3)

where C∅ is a constant independent of the model’s output,
representing the probability associated with a reserved “un-
known” time and label values. To compute this loss, we omit
C∅ since it does not influence the gradient during training.

Horizon Matching Loss Our approach is designed to pre-
dict K future events {ŷi}Ki=1 within the time horizon H. The
set of ground truth events within this horizon is denoted by
{yi}Ti=1, where the number of events T may vary. We pro-
pose to align the predicted sequence with the ground truth
sequence by finding the matching that minimizes the follow-
ing loss function, motivated by object detection techniques
from computer vision, such as DeTR (Carion et al. 2020):

L(y, ŷ)matching = min
σ∈A

[
T∑

i=1

Lpair(yi, ŷσ(i)) + LBCE(σ, ŷ)

]
,

(4)
where A is the set of all possible alignments between the
ground truth and predicted sequences and σ represents a
specific alignment. The optimal matching is computed us-
ing the Hungarian algorithm (Kuhn 1955), which has a cu-
bic computational complexity with respect to the sequence
length. The pairwise loss Lpair is similar to the negative log-
likelihood of the ground truth event yi given the predicted
distribution ŷσ(i):

Lpair(yi, ŷσ(i)) = |ti − t̂σ(i)| − log p̂σ(i)(li), (5)

where y = (t, l) is a ground truth event, t̂ is the predicted
timestamp, and p̂(l) is the predicted probability of the cor-
rect label. The binary cross-entropy LBCE trains the model
to predict the occurrence probability of events:

LBCE(σ, ŷ) = −
∑
i∈σ

log ôi −
∑
i/∈σ

log(1− ôi), (6)

where ôi is the predicted probability that the i-th event is
matched with some ground truth event.

By minimizing Lmatching(y, ŷ), we train the model to ac-
curately predict the parameters of the ground truth sequence,
adapting to sequences of varying lengths, up to a maximum
of K events. Unlike object detection training objectives such
as DeTR (Carion et al. 2020), DEF employs the same loss
function for both the matching process and model training.
Specifically, it integrates the alignment loss LBCE into the
matching cost.

To enable the method to address both the next-event pre-
diction task and long-horizon forecasting accurately, we in-
corporate the next event prediction loss into the first output
head. The final training objective is defined as follows:

LDEF(y, ŷ) = Lmatching(y, ŷ)+λ
[
|t1 − t̂1| − log p̂1(l1)

]
.

(7)

Calibration and Inference Inference in our method in-
volves two steps: filtering and sorting. First, predicted events
are filtered based on their occurrence probabilities ôi. The
remaining events are sorted according to their predicted
timestamps, forming the final output sequence. However, in
practice, an additional calibration step is necessary. With-
out calibration, the model tends to predict a small number of
events due to a bias in the predicted occurrence probabilities
ôi toward the matching frequency of each head, which is typ-
ically below the 0.5 threshold. Calibration aims to determine
optimal prediction thresholds for all ôi, aligning the predic-
tion rates with the matching probabilities. This calibration is
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Figure 2: The proposed DEF simultaneously predicts K future events. Each prediction head outputs occurrence probability ô,
time t̂, and labels distribution p̂(l). During training, a novel matching loss aligns predictions with the ground truth sequence
and evaluates its likelihood.

Dataset Domain Sequences Events Avg. Length Classes Time
unit

OTD
steps

Horizon /
Mean length

StackOverflow Social. net. 2k 138k 64.2 22 Minute 10 10 / 12.0
Amazon Social. net. 9k 403k 43.6 16 N/A 5 10 / 14.8
Retweet Social. net. 23k 1.3M 56.4 3 Second 10 180 / 14.7
MIMIC-IV Medical 120k 2.4M 19.7 34 Day 5 28 / 6.6
Transactions Financial 50k 43.7M 875 203 Day 5 7 / 9.0

Table 1: Datasets statistics and evaluation parameters

. . .

. . .

. . .

Embedding

Queries

Concatenate

Feed-forward

Predictions

Figure 3: Our conditional prediction head.

performed on the fly during training by tracking matching
frequencies and computing the corresponding quantiles us-
ing a streaming algorithm. The calibration algorithm is out-
lined in the extended version of the paper.

Conditional Head Architecture Implementing a separate
feed-forward network for each prediction head leads to a
large number of parameters and increases the risk of over-
fitting. Instead, we adopt a conditional approach that uses
a single feed-forward network applied to K trainable query
vectors, as illustrated in Fig. 3. The model receives two in-
puts: a query vector and a context vector, which are concate-
nated and passed through the shared feed-forward network.
In this setup, each trainable query vector encodes the spe-
cific information required for its corresponding output head.

This design enables the generation of all K outputs using a
single network, significantly reducing the total number of
parameters, accelerating convergence, and improving pre-
diction quality.

Hyperparameter Selection Our method has one key hy-
perparameter, the maximum number of predictions K, which
controls the maximum number of predictions. It typically re-
quires tuning for each dataset, and we recommend setting K
to approximately four times the average sequence length in
a horizon for which it is required to predict future events. In
our experiments, K values ranged from 32 to 64, depending
on the characteristics of the dataset.

Moreover, it may be necessary to assign the weights to
each component of the proposed loss function. The value
of λ from Eq. 7 was set to 4 in all experiments. Addition-
ally, we found it beneficial to adjust the weight of each loss
component during alignment to accommodate the number
of model outputs, dataset classes, and the average time step.
In practice, the optimal weight for LBCE is typically around
8 times larger than the weights for the label and timestamp
losses. For datasets with larger time steps, such as Retweet,
the MAE loss weight should be reduced accordingly. The
exact values of hyperparameters used in our experiments are
provided in source code.

Experiments
We conducted a series of experiments using the HoTPP
benchmark (Karpukhin, Shipilov, and Savchenko 2024) to
assess the performance of our approach against several
widely used MTPP models: IFTPP (Shchur, Biloš, and
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Model Metrics (OTD ↓ / T-mAP ↑)
StackOverflow Amazon Retweet MIMIC-IV Transactions

IFTPP 13.64 / 8.31% 6.52 / 22.56% 172.7 / 31.75% 11.53 / 21.67% 6.90 / 5.88%
±0.05 / ±0.50% ±0.05 / ±0.52% ±4.4 / ±4.44% ±0.01 / ±0.21% ±0.01 / ±0.13%

IFTPP-T 13.61 / 8.81% 6.59 / 23.42% 166.1 / 40.05% 11.48 / 23.68% 6.85 / 5.55%
±0.05 / ±0.20% ±0.02 / ±0.13% ±1.1 / ±1.73% ±0.02 / ±0.29% ±0.02 / ±0.19%

RMTPP 13.17 / 12.72% 6.57 / 20.06% 166.7 / 44.74% 13.71 / 21.08% 6.88 / 6.69%
±0.05 / ±0.16% ±0.03 / ±0.33% ±3.3 / ±0.94% ±0.03 / ±0.29% ±0.01 / ±0.12%

NHP 13.24 / 11.96% 9.02 / 26.29% 165.8 / 45.07% 18.60 / 7.32% 6.98 / 5.61%
±0.02 / ±0.40% ±0.35 / ±0.55% ±1.6 / ±0.34% ±0.19 / ±1.33% ±0.01 / ±0.05%

AttNHP 13.30 / 11.13% 7.30 / 14.62% 171.6 / 25.85% 14.68 / 22.46% 7.50 / 1.48%
±0.02 / ±0.32% ±0.06 / ±0.80% ±1.0 / ±1.08% ±0.08 / ±0.40% N/A / N/A

ODE 13.27 / 10.52% 9.46 / 22.96% 165.3 / 44.81% 14.74 / 15.18% 6.97 / 5.52%
±0.03 / ±0.23% ±0.08 / ±0.61% ±0.5 / ±0.69% ±0.34 / ±0.15% ±0.01 / ±0.13%

HYPRO 13.26 / 14.69% 6.61 / 20.53% 170.7 / 46.99% 14.87 / 16.77% 7.05 / 7.05%
N/A / N/A N/A / N/A N/A / N/A N/A / N/A N/A / N/A

Diffusion 13.01 / 15.07% 6.52 / 30.29% 158.0 / 52.24% 13.28 / 22.82% 6.88 / 6.04%
±0.16 / ±0.74% ±0.04 / ±0.32% ±1.1 / ±0.68% ±0.14 / ±0.12% ±0.00 / ±0.08%

DEF 12.14 / 22.72% 5.98 / 37.20% 132.9 / 57.93% 12.95 / 30.35% 6.70 / 9.26%
±0.04 / ±0.32% ±0.04 / ±0.06% ±0.7 / ±0.33% ±0.32 / ±0.25% ±0.03 / ±0.09%

Rel. Impr. +6.7% / +50.8% +8.3% / +22.8% +15.9% / +10.9% −12.8% / +28.2% +2.2% / +31.3%

Table 2: Evaluation results in the long-horizon prediction task. The best result is shown in bold. Mean and STD values of 5 runs
with different random seeds are reported. For HYPRO and AttNHP on the Transactions dataset, we report results using a single
seed, as these methods exhibit low computational efficiency.

Günnemann 2020), its transformer-based variant (IFTPP-
T), intensity-based RMTPP (Du et al. 2016) and NHP (Mei
and Eisner 2017) approaches, ODE-RNN (Rubanova, Chen,
and Duvenaud 2019), the transformer-based AttNHP model
(Yang, Mei, and Eisner 2022), as well as the long-horizon
HYPRO (Xue et al. 2022) and Diffusion (Zhou et al. 2025)
methods. Similar to IFTPP and RMTPP, DEF utilizes a
Gated Recurrent Unit (GRU) (Cho et al. 2014) as its back-
bone. We employ the density variant of the IFTPP model
and use a Laplace distribution, in place of a log-normal dis-
tribution, to better align with the target metrics.

The datasets employed in this study include Retweet
(Zhao et al. 2015), Amazon (Jianmo 2018), StackOverflow
(Jure 2014), MIMIC-IV (Johnson et al. 2023), and Trans-
actions (AI-Academy for teens 2021), which represent a di-
verse range of domains and scales. Detailed dataset statistics
are provided in Table 1.

MTPP models are typically evaluated based on their ac-
curacy in predicting the next event (Xue et al. 2024). Time
and type predictions are often assessed separately, with type
prediction quality measured by the error rate and time pre-
diction evaluated using regression metrics such as Mean
Absolute Error (MAE). Recent advancements have intro-
duced additional metrics, including Optimal Transport Dis-
tance (OTD) (Mei, Qin, and Eisner 2019) and Temporal
mAP (T-mAP) (Karpukhin, Shipilov, and Savchenko 2024),
which assess long-horizon predictions by comparing pre-
dicted sequences to ground truth sequences within a spec-
ified horizon. The horizon H should be chosen to align
with the requirements of the specific task. In our experi-
ments, we set H to match the horizon used in the T-mAP

7 14 21 28
Horizon (days)

4

6

8

T-
m

AP
 (%

)

IFTPP
IFTPP-T
RMTPP
NHP
ODE
Diffusion
DEF

Figure 4: Extended horizons prediction on the Transactions
dataset.

metric from the HoTPP benchmark (Karpukhin, Shipilov,
and Savchenko 2024), ensuring consistency in evaluation.
The selected value is also sufficient to include the neces-
sary number of events for calculating the OTD metric (Mei,
Qin, and Eisner 2019). In this work, we employ all of the
aforementioned metrics to evaluate the performance of our
proposed method. Additionally, we measure prediction di-
versity using the entropy of the predicted labels distribution.

Note that autoregressive methods typically condition on
the ground-truth values of all preceding events when predict-
ing the next event. This assumption becomes unrealistic for
long-horizon forecasting. Consequently, we do not include
log-likelihood evaluation in our experiments.

Further details on metric computation, ablation studies,
additional experiments for general event sequences with
multiple data fields, and the training process are provided
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Figure 6: The relation between OTD and predictions’ diversity for varying sampling temperature values. The optimal quality
(low error and high diversity) corresponds to the bottom right corner.

in the extended version of the paper.

Long-Horizon Events Forecasting We evaluate long-
horizon prediction performance using OTD and T-mAP. As
shown in Table 2, DEF significantly outperforms existing
approaches: it achieves state-of-the-art performance in 9 out
of 10 comparisons. The only exception is the OTD met-
ric on the MIMIC-IV dataset, where IFTPP ranks first and
DEF second. The high T-mAP scores of our approach can
be linked to its training objective, which utilizes matching,
similar to T-mAP. However, it also consistently improves the
OTD metric, suggesting that its training process enhances
overall model performance rather than merely optimizing
for a single evaluation criterion.

While the base implementation of our method models a
fixed prediction horizon H , this can be seen as a potential
limitation. To address this, we explore a hybrid strategy that
combines our approach with an autoregressive mechanism.
Specifically, predictions over horizon H are appended to the
input sequence and used recursively to predict subsequent
horizons. A similar autoregressive extension is applied to the
Diffusion model for comparison. We evaluate this hybrid ap-
proach on the Transactions dataset, as its sequences are suf-
ficiently long to support extended forecasting (see Table 1
for dataset details). Results, shown in Figure 4, demonstrate

that the autoregressive variant of our method outperforms
both traditional autoregressive baselines and fixed-horizon
prediction models in capturing long-range event dynamics.

Next Event Prediction Generative event sequences mod-
els and MTPPs are usually evaluated based on the quality of
next-event prediction. We measured the next-event type er-
ror rate and mean absolute time error (MAE) across various
datasets, with the results presented in Fig. 5. The proposed
method achieves state-of-the-art results in all comparisons
and significantly reduces error on the Transactions dataset,
the only dataset where the difference between top methods
is significant. Notably, the Transactions dataset also has the
largest number of event types. Thus, DEF, although primar-
ily designed for long-horizon prediction, also achieves high-
quality performance in the next-event prediction task.

Predictions Diversity As demonstrated qualitatively in
Fig. 1, popular autoregressive and horizon prediction meth-
ods often produce repetitive outputs. This section provides
additional quantitative results to further emphasize the dif-
ferences between traditional approaches and our method.

A common technique for increasing prediction diversity is
adjusting the temperature during sampling. When the tem-
perature approaches zero, the model selects the label with
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Figure 7: Training and sequence generation computation speed, Requests Per Second (RPS).

the highest probability, resulting in deterministic predic-
tions. As the temperature increases, the model samples from
a more uniform label distribution, leading to higher entropy
and greater diversity. To analyze the relationship between
temperature, prediction diversity, and long-horizon quality,
we vary the temperature from 0 to 10, measuring the aver-
age entropy of predicted event types within the horizon. Ad-
ditionally, we assess long-horizon prediction quality using
OTD, as T-mAP is not affected by temperature changes.

Fig. 6 indicates that our method achieves the best balance
between diversity and prediction accuracy on four out of five
datasets. While some methods benefit from sampling-based
approaches compared to maximum-probability predictions,
they still fail to match DEF’s overall performance.

Training and Inference Speed A key practical consider-
ation for any model is its computational efficiency. Fig. 7
compares the training and inference times of various meth-
ods in terms of Requests Per Second (RPS), i.e., the number
of processed batch elements1. The results indicate that our
approach exhibits a moderate training time while being one
of the fastest methods during inference, alongside Diffusion
and IFTPP.

The high inference speed of Diffusion is attributed to the
low parameter count in its denoising model, optimized dur-
ing hyperparameter tuning. In contrast, the proposed method
employs a fully connected network for each output predic-
tion, which impacts its RPS. Notably, all models utilizing
NHP loss exhibit low training and inference speeds due to
the computationally expensive sampling required at each
step. Similarly, HYPRO demonstrates low computational ef-
ficiency, as it necessitates multiple autoregressive genera-
tions per step. Thus, our method ranks among the most com-
putationally efficient methods in the field.

Conclusion and Future Works
In this work, we introduced a novel approach, called DEF,
that addresses the challenges of long-horizon event forecast-
ing by leveraging a matching-based training objective. Our

1Experiments were conducted on an Nvidia RTX 4060 GPU

experiments demonstrate that the proposed method effec-
tively overcomes the limitations of traditional techniques,
including specialized long-horizon models such as HYPRO
and Diffusion. Notably, our approach not only achieves sub-
stantial improvements in long-horizon prediction accuracy
but also sets a new state-of-the-art in next-event modeling,
while generating more diverse predictions. Additionally, it
offers greater computational efficiency at inference time by
predicting multiple future events in parallel. This work ad-
vances event sequence modeling and opens new opportuni-
ties for a wide range of real-world applications.

We acknowledge several limitations of this work. First,
we follow prior works (Shchur, Biloš, and Günnemann
2020; Du et al. 2016) in assuming conditional independence
between event attributes. While we focus primarily on the
correct alignment of predictions and ground truth, the DEF
architecture can be extended to model interdependencies.
Second, similar to Diffusion (Zhou et al. 2025), we omit
interdependencies between different events within the pre-
dicted horizon. Additional techniques, such as beam search
or rescoring, could be incorporated to improve the model
further. Finally, the training efficiency of our horizon match-
ing loss relies heavily on the Hungarian algorithm, which
may benefit from optimization of our custom CUDA kernel.

Future research could investigate the integration of rescor-
ing techniques, such as those in (Xue et al. 2022), or the ap-
plication of beam search to enhance predictive performance.
Additionally, better time modeling might be achieved by in-
tegrating intensity-based approaches, like NHP or RMTPP,
with DEF, offering another promising direction for research.
Furthermore, some techniques from our method could be
adapted for object detection in computer vision (Carion et al.
2020). We introduced a probabilistic framework that uni-
fies different loss functions, using the same objective dur-
ing matching and backpropagation, enhancing optimization
robustness. We also employed an occurrence score during
matching, which, as shown in our ablation studies, signifi-
cantly improves the model performance on most datasets.
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