Published as a TSALM Workshop paper at ICLR 2026

REDITT: RETRIEVAL AUGMENTED CONDITIONAL
DIFFUSION TRANSFORMERS FOR ASYNCHRONOUS
TIME SERIES

Saiyue Lyu* Ruizhi Deng

University of British Columbia RBC Borealis

saiyuel@cs.ubc.ca ruizhi.deng@borealisai.com

Thibaut Durand Zhitian Zhang

RBC Borealis RBC Borealis

thibaut.durand@borealisai.com andy.zhang@rbc.com
ABSTRACT

We present a diffusion based model for asynchronous time series prediction,
where the goal is to predict the next inter event time and event type. To address the
inherent uncertainty of future events, we introduce ReDiTT, a retrieval augmented
conditional diffusion transformer that operates in latent space. ReDiTT retrieves
structurally similar latent sequences from a memory bank during both training and
inference and incorporates them as reference conditions through cross attention.
This retrieval based conditioning allows the model to attend to relevant tempo-
ral dynamics and provides global structural guidance for generation. As a result,
ReDiTT stabilizes long horizon forecasting and improves sample diversity. Ex-
periments on seven real world datasets demonstrate state of the art performance
on next event prediction and long horizon forecasting.

1 INTRODUCTION

Asynchronous time series (a.k.a. continuous-time event sequence) prediction arises in a wide range
of real world applications, including event driven systems (Enguehard et al., 2020), healthcare mon-
itoring (Lorch et al., 2018; Rizoiu et al., 2018), finance (Bacry et al., 2015; Jin et al., 2020), and
user behavior modeling (Hernandez et al., 2017; Zhang et al., 2022; Kong et al., 2023), where obser-
vations occur at irregular time intervals rather than on a fixed grid. Unlike regularly sampled time
series, asynchronous data encodes information jointly in both event values and inter-event times,
leading to complex temporal dynamics that are highly stochastic and nonstationary (Xue et al.,
2023). Accurately modeling such data is crucial for downstream tasks such as forecasting, simula-
tion, and decision making, yet remains challenging due to the sparsity, irregularity, and long-range
temporal dependencies inherent in these processes (Schirmer et al., 2022; Zhang et al., 2024).

Asynchronous time series prediction is further complicated by the need to model uncertainty and
multimodality over future events, particularly in long horizontal forecasting. Classical autoregres-
sive and likelihood-based temporal point process models often rely on strong parametric assump-
tions or Markovian dynamics (Hawkes, 1971; Mei & Eisner, 2017; Zhang et al., 2020; Zuo et al.,
2020; Yang et al., 2021), limiting their ability to generalize to more complex asynchronous time
series, particularly those exhibiting rich global structure, long-range dependencies, or mixed con-
tinuous and discrete observations. Recent progress has shown that generative modeling in latent
space via variational autoencoders (VAEs) (Higgins et al., 2017) combined with diffusion models
(Peebles & Xie, 2023), can effectively capture the stochastic structure of asynchronous time series.
In particular, Mukherjee et al. (2025) demonstrates that a VAE can learn a compact and expressive
latent representation that supports both accurate reconstruction and diffusion-based next-event and
long horizontal forecasting. While diffusion models are powerful generative models, their applica-
tion to asynchronous time series remains underexplored, despite their ability to generate sequences
holistically and mitigate error accumulation compared to autoregressive approaches.

*Work done during an internship at RBC Borealis.
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Despite recent progress, unconditional or weakly conditional diffusion models remain challenging in
long horizontal time series prediction (Liu et al., 2024). Unlike image diffusion models, time series
data generally do not provide explicit semantic or label supervision, which limits the availability of
global conditioning signals for diffusion-based generation. As a result, long term predictions tend to
drift toward generic, high probability patterns from the training distribution rather than preserving
trajectory-specific temporal structure.

To address these limitations, we propose ReDiTT : Retrieval Augmented Conditional Diffusion
Transformers for Asynchronous Time Series, as in Figure |. During training, each sequence re-
trieves its top k nearest neighbors from a token memory bank, which are then used as conditions.
These retrieved sequences share the same latent format as the input and are incorporated through
cross-attention modules within the diffusion transformer blocks, allowing the model to explicitly
attend to structurally similar temporal dynamics. At inference time, we retrieve the top k references
from the token memory bank built from training set to guide generation. This retrieval-augmented
conditioning provides global structural guidance that stabilizes long-horizon forecasting, and im-
proves sample diversity by anchoring generation to concrete examples of temporal dynamics rather
than relying purely on learned parameters. Our main contributions are:

(D We introduce ReDiTT, the first retrieval-based diffusion framework for asynchronous time
series prediction that conditions on top-k retrieved latent priors from a pre-constructed
latent token bank.

(@ We propose a novel conditioning approach for retrieve-based diffusion transformer and
show it effectively integrates prior information as reasonable guidance.

(@ We demonstrate that ReDiTT significantly improves next-event and long-horizon predic-
tion with state-of-the-art results by experiments on seven real world datasets with a com-
prehensive analysis.

2 PRELIMINARY

Marked Temporal Point Process (TPP) are widely adopted as a standard approach for modeling
asynchronous time series. A TPP is a stochastic process that generates sequences of discrete events
over time. A sequence of n events can be represented as x = {x1,--- , X, } € X, where each event
x; = (t;, ;) consists of the index 7 indicating the chronological order of events, the inter-event time
t; since the previous event and the corresponding event type e;. Asynchronous time series forecast-
ing is typically evaluated using two tasks. Suppose we observe an event history {x1,--- ,x;}. Next
event prediction requires a model to forecast the immediate next event X; 1 = (fi+1, €i+1), includ-
ing both its occurrence time or inter-arrival time and its type or mark, conditioned on the observed
history. Long horizon prediction extends this setting by requiring the model to generate a sequence
of future events {X;11, - ,X;+m | over a prediction window of length m. This task evaluates the
model’s ability to capture how uncertainty accumulates as the forecasting horizon increases.

Flow matching (FM) (Lipman et al., 2023; Liu et al., 2023; Lee et al., 2024; Esser et al., 2024)
provides a diffusion style way to train continuous time generative models by directly regressing a
velocity field instead of learning scores. Concretely, FM views the generation as solving an ODE
that transports a simple base distribution (typically Gaussian noise) to the data distribution via a
learned vector field dzj = vg(zs, $), using an explicit interpolation z; = a,z+ bs€, where s denotes
arandom time s ~ (0, 1), z is the input clean sample, and € ~ N(0, 1) is the Gaussian noise.

We pad all x € X to a fixed length N. To facilitate efficient retrieval and ease the diffusion training,
a pretrained VAE E4 maps the padded sequence to a latent representation z = Fy(x) € RV*4,
which serves as a single training sample for latent flow matching. To make flow matching respect
the causal and unevenly spaced nature of event sequences, asynchronous matrix valued interpolation
(Mukherjee et al., 2025) defines z; = A(s)z + (I — A(s))e, where € = {ey, -+ ,en} € RV*d
is a Gaussian noise. And A(s) € RM*¥ is a diagonal matrix whose per event schedule is
designed so that later events are injected with noise earlier (and therefore are trained to be de-
noised earlier) than earlier events, that being said, later events are corrupted earlier and the model
learns to denoise and forecast the tail under stronger noise. Training follows a CFM objective
Lo (0) = Eg ez A’ (s)(vo(zs, A(s)) — us(zs|€) ) ||* ] in this asynchronous setting with A’(s).
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Figure 1: ReDiTT models long horizon asynchronous time series forecasting as conditional gen-
eration guided by retrieved references. During training, we encode each event sequence X, into
latent tokens Zy,, and build a latent reference bank 3. For each sample, we retrieve the top-k
nearest neighbors R by latent similarity, aggregate them, and condition a DiT via cross-attention.
We then train with the diffusion objective on the future latent segment to denoise and reconstruct
clean latents given the prefix and retrieved context. During inference, we encode the observed pre-

fix Xeest = (£1,€1),- .-, (t;,€;), apply the same retrieval and aggregation, run the reverse diffusion
process to sample future latents, and decode them to get (£;41,éi11), -+, (Litm, €itm)-
3  METHOD

To better ground diffusion-based generation in trajectory-specific dynamics, we propose ReDiTT,
a retrieval augmented latent Diffusion Transformer for temporal point processes, as illustrated in
Figure 1. Given an observed event history {xi,---,x;} as input, our model generates a future
event sequence {X;41, - , Xi+m }, supporting both next event prediction (m = 1) and long horizon
prediction (m > 1). ReDiTT couples latent space embedding retrieval with conditional generation:
we retrieve the top-k£ most similar historical trajectories from a reference bank and use them as
additional conditioning to guide the diffusion model towards context consistent futures. We first
describe our latent space retrieval strategy. We then introduce the reference guided conditional
flow matching objective. Finally, we detail the conditional DiT architecture that integrates retrieved
references via cross-attention.

Masked Token Level Retrieval in Latent Space. Directly retrieving similar asynchronous se-
quences in the original observation space is brittle: each sequence mixes continuous inter-event
times with discrete event types, has variable length with padding, and can admit multiple valid
alignments (e.g. two sequences can be the same pattern but shifted in time, events can be per-
muted locally). As a result, naive distances (e.g., Euclidean over concatenated features) are easily
dominated by scale mismatch, sparsity, or padding artifacts, and often fail to reflect trajectory-level
similarity. To obtain a more reliable notion of neighborhood, we perform retrieval in the latent space
of the pretrained VAE E;, where each event x; = (t;, e;) is mapped to a compact representation
z; € R that, by construction, captures the global dynamics needed for reconstruction. Operating in
latent space allows the diffusion model to consume conditioning signals in the same representation
space as the generation target. This alignment makes it easier to model the joint distribution of event
sequence latents and to use retrieved references as direct guidance for coherent multi-event forecast-
ing. Consider an asynchronous sequence X = {xj,--- ,xy} with a padding mask m € {0, 1}V
(this mask is common in data processing to keep a constant total event length among all the se-
quence), we use E, to produce per-event latent tokens z = E,(x) € R¥*4. In addition, we
precompute a latent token bank B = {(z = Ey(x), m)| X € Xyin} for the training database. We
then define a masked cosine similarity between a query (¢, m?) € E,;(X’) and a reference candidate
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(r,m") € B as a token-wise cosine averaged over valid time steps:

‘m(a.T) = 1 <Qz’f‘z>
Sin(@r) = sqree 2 Talled (1)

mfAmi] | 2 gl

where ¢, 7 denote /5 normalized tokens. Finally, we retrieve the top k references for ¢:

R(q) = {r|TopK, ;s sim(q,r),r # ¢}, 2)
which will enter the diffusion process as extra condition. During training, we exclude the closest
reference, since it is the query sample q itself and would dominate the conditioning signal. Instead,
we retrieve from the second closest onward, which improves generalization at inference time.

Conditional Flow Matching with Retrieved References. Let R denote the external reference
condition associated with a target latent event sequence z. Conditioning does not alter the flow
matching construction and Equation (8) still holds, but we now learn a conditional vector field
vg(-| R) that transports samples along this path while being guided by R. The conditional flow
matching objective becomes:

Lcerm(0) = Es,e,Z[ HAI(S)(UG(ZS7 A(S) | R) — US(ZS|€))H2 ] 3)
Intuitively, R does not modify the geometry of the bridge from € to z, but it provides additional
information that biases the learned dynamics toward trajectory-consistent solutions, which is espe-
cially helpful for long-horizon generation. During training, we retrieve k references R from the
same training bank 5 and feed the latent tokens as an addition condition in every DiT block, en-
couraging the conditional flow to model a set of plausible futures consistent with similar historical
trajectories. During inference, we retrieve from the same training bank again , so the sequences that
model has already encountered can serve as an in-distribution prototype that stabilizes long-horizon
generation and reduces drift when extrapolating far beyond the local context.

Conditional Diffusion Transformer Architecture. We modify the Transformer based DiT blocks
because they have the following issues when applying to asynchronous time series: condition-
ing is often injected through adaptive normalization (e.g., AdaLN) where a global conditioning
vector (typically built from the diffusion timestep and a sparse label) modulates each block. For
asynchronous sequences, this kind of conditioning is intrinsically limited: the timestep carries no
instance-specific semantics, and event “labels” are usually coarse or unavailable, so the conditioning
signal is weak and globally broadcast to all tokens in the same way.

After retrieving k nearest-neighbor reference sequences in latent space, we therefore construct a
sequence-shaped condition that mirrors the input format. Say we have retrieve R = {r’ }?:1 for
input latent z, we first obtain a reference sequence by weighted pooling:
k
r:ijrj € RV*4 ), = softmax(sim(z,r?)). 4)
j=1
Before entering the DiT blocks, both current latent input and retrieved reference are expanded
to hidden size D by channel repetition, for r, we also broadcast the mask m?* across the chan-
nel dimension. Then z and r are augmented with fixed positional embeddings pos to get z =
Repeat(z) + pos, € RV*P and r = Repeat(r) + pos, € RV*P, Considering the reference
has the same format as the input, it is naturally to inject r via cross-attention after self attention in
each DiT block as illustrated in Figure |. After the LayerNorm, the module forms:
Q = W,(LN(z)), K = W;(LN(r)), V = W,(LN(r)), (5)
splits into o heads, and computes masked attention weights over the flattened memory positions:
T
Attn:MaskedSoftmax(%;mr). (6)
D/«
The attention output is Y = AttnV/, followed by an output projection W, and a learned scalar
sigmoid gate ¢ € R:
z=z+0(c)Wo Y. @)
Our cross-attention conditioning is effective as it injects the retrieved reference as a token level
external memory, letting each latent token selectively attend to the most relevant reference positions
rather than relying on a coarse global conditioning vector. The sigmoid gated residual makes this
guidance stable and adaptive, i.e. starting weak and strengthening only when it improves generation,
so the model can leverage retrieval without overwhelming the base dynamics. More details are
discussed in Appendix Section
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Table 1: Next-event prediction and long-horizon prediction results for ReDiTT and baselines
on seven benchmark datasets. RMSE is computed on the predicted inter-event time, while Accuracy
(1) is computed on the predicted event type. Long-horizon forecasting performance is measured by
OTD ({) at horizons m = 5, 10, 20, 30. We use ADiff4TPP as the unconditional diffusion baseline
and include additional baselines provided by Xue et al. (2023). When available, we report the
results published in Mukherjee et al. (2025) for direct comparison. The best results are highlighted
in bold, and the second best results are underlined. The within parentheses indicate
the standard deviation. OTD standard deviations are reported in Appendix Table

| | Amazon | Retweet | StackOverflow | Taobao | Taxi I Breakfast | MultiThumos |
| | RMSE(}) Acc% (1) | RMSE () Acc% (1) | RMSE() Acc% (1) | RMSE () Acc% (1) | RMSE() Acc% (1) || RMSE ) Acc% (1) | RMSE() Acct (1) |
RMTPP | 0559 206 26.207 516 1246 424 0257 436 0.351 88.5 1080 43 7.357 0.1
NHP 0640 300 2511 539 1324 26.8 0.168 493 0342 870 1168 49 7.309 99
SAHP 0517 320 21708 540 1327 423 0.154 464 0335 88.1 1130 48 7674 103
THP 0550 346 26.176 59.5 1424 420 0314 456 0375 873 1134 13 9.254 130
AUNHP | 0.755 319 22296 512 1350 4.6 0280 471 0429 852 1123 47 7.887 149
IFTPP 0465 35.1 22,198 60.0 1.884 455 0.598 559 0.357 914 3.654 92 8.980 143
DTPP 0619 345 24.680 59.7 1.780 393 0.587 467 0.302 879 - - - -
Add&Thin | 0461 - 2914 - 1469 - 0440 - 0.368 -
0583 338 20562 60.0 1417 449 0307 55.1 0.383 86.5 - - - -
ADIff4TPP | 0.413 37 17.480 60.7 1524 348 0.140 574 0.309 856 1360 8.2 5.981 163
ReDITT(k=1) | 0410 495 15.238 696 1.240 419 0.134 588 0253 928 1210 108 5.800 172
ReDITT(k=7) | 0352 60.9 13429 78.5 1048 530 0140 593 0.239 945 1.054 15.1 4797 250
| | OTD5/102030()) |  OTDS/102050() | OTD5/102030()) |  OTDS/102030()) |  OTDS/102030() || OTD5/102050() |  OTD5/102050()) |
RMTPP 99/19.7/392/584 100/21.0/40.0/59.8 9.5/187/37.0/548 87/159/287/406 40/60/92/122 98/192/342/455 10.0/20.0/36.8/49.0
NHP 9.9/19.7/39.2/58.4 10.0/20.0/39.7/59.3 9.5/18.8/372/552 8.5/152/28.1/393 40/59/92/12.1 9.8/10.2/340/45.2 9.9/19.7/359/417
SAHP 9.9/19.7/39.1/583 10.0/20.0/39.9/59.6 9.5/188/372/552 8.6/155/283/399 55/76/128/17.5 100/19.5/34.7/46.1 10.0/20.0/36.7/48.8
THP 99/19.7/39.1/58.2 10.0/20.0/39.7/59.2 9.5/18.8/37.1/549 8.7/158/288/40.7 60/10.8/143/17.6 100/19.6/34.9/463 9.7/19.4/356/469
AUNHP 9.9/19.7/39.1/58.2 100/20.0/39.7/59.2 94/187/369/544 82/147/240/384 40/58/9.0/117 9.8/19.2/340/45.1 99/19.9/35.7/412
IFTPP 99/19.7/40.0/58.1 10.0/20.0/39.7/59.2 94/18.6/36.8/543 80/142/262/376 45/56/86/116 8.8/167/285/37.7 9.9/19.6/350/464
DTPP 69/137/27.6/41.7 100/19.4/29.8/39.6 76/150/292/434 6.8/15.1/323/500 3.0/68/138/20.7 - -
HYPRO 7.0/13.0/26.1/34.1 9.0/19.7/30.7/39.0 73/122/292/36.8 58/11.4/208/30.7 34/58/100/13.9 - -
ADIffATPP 62/124/247/329 9.1/17.7/280/31.7 6.5/12.0/223/30.1 49/9.9/20.4/31.1 24/40/68/9.4 8.8/17.1/243/289 82/13.6/21.1/202
ReDiTT(k=1) 59/115/21.3/278 9.1/17.3/269/30.1 6.1/108/194/274 48/98/19.8/307 2.6/44/79/12.7 87/16.1/22.1/27.0 8.2/143/206/196
ReDIiTT(k=7) 57710.7/19.7/258 9.1717.21265/29.6 6.0710.7/189/27.4 4.6/94/19.4/295 357507927176 8.2/154/21.6/264 8.2/14.1/20.6/196

4 EXPERIMENTS

In this section, we evaluate our model against a selection of baseline methods on five TPP datasets
and two action datasets. For next-event prediction, we evaluate the time prediction by root mean
square error (RMSE) between predicted time and true time, and the event type prediction by accu-
racy between predicted type and true type. For long-horizon prediction, we compute the optimal
transport distance (OTD), a measurement of edit distance between the predicted {X;41, -+ , Xitm}
and the ground truth {X; 11, - , X;m I, With horizon window size m = 5, 10, 20, 30 respectively.
More details are discussed in Appendix Section

Overall, ReDiTT outperforms existing baselines on both tasks and is particularly effective in
regimes with long event sequences and limited training samples, where purely parametric models
struggle to capture rare transitions and long-range temporal dependencies. By retrieving trajectory-
level neighbors as explicit context, ReDiTT provides strong guidance for coherent long-horizon
generation under sparse supervision. Beyond retrieval itself, the results demonstrate that the manner
in which retrieved information is injected into the model is critical. The proposed conditioning strat-
egy, based on cross attention in diffusion transformers, enables the denoising network to selectively
attend to the most relevant retrieved context, resulting in more accurate and coherent predictions.

Next-event prediction. Table | reports results on seven datasets, evaluated on next-event prediction.
ReDiTT is consistently best, achieving the lowest RMSE and highest type accuracy on every dataset,
outperforming both neural TPP baselines and recent diffusion or flow forecasters. Compared to the
strongest baseline ADiffATPP (Mukherjee et al., 2025), ReDiTT reduces average RMSE by 22%
(3.887 to 3.008) and raises average type accuracy by 12 points (42.4% to 55.2%). The advantages of
ReDiTT are especially pronounced on Breakfast and MultiThumos, which have large vocabularies
but limited training data. In this low-data, high-cardinality setting, retrieval offers exemplar-based
guidance: type accuracy improves from 8.2% to 15.1% on Breakfast (177 types) and from 16.3% to
25.0% on Multithumos (65 types). These results indicate that retrieval is particularly effective when
the label space is large and training coverage per class is limited.

Long horizon prediction. ReDiTT consistently achieves lower OTD at horizons m = 5, 10, 20, 30
on six datasets than the strongest diffusion baseline (Mukherjee et al., 2025), showing improved
sequence-level coherence beyond one-step prediction. Gains grow with horizon, especially on Ama-
zon (OTD from 12.4 to 10.7 at m = 10; from 32.9 to 25.8 at m = 30), with similar consistent
wins on Retweet and StackOverflow. These long-horizon improvements are driven by the retrieval-
conditional design, which injects trajectory-relevant training examples as explicit context. This
design enables the model to generate multiple future events coherently while preserving temporal
ordering and capturing long-range sequential structure.

More ablation results are discussed in Appendix Section I, which demonstrates the effectiveness of
our choices for conditioning architecture, reference aggregation, and retrieval size.
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A DISCUSSION

Conclusion. We propose ReDiTT, a retrieval augmented conditional Diffusion Transformer for
asynchronous event sequence forecasting that models the joint uncertainty of the next inter event
time and event type. ReDiTT operates in latent space and uses a memory bank to retrieve struc-
turally similar latent sequences as reference conditions during training and inference. The retrieved
references are injected through cross attention in DiT blocks, enabling the model to selectively use
trajectory specific temporal patterns that are hard to capture with purely parametric conditioning.
Across seven real world datasets, ReDiTT achieves state-of-the-art results on both next event pre-
diction and long horizon forecasting. Ablations confirm the value of retrieval based conditioning
and cross attention integration, and show that structured guidance is critical for stable long horizon
generation in temporal point processes.
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Limitations. Although ReDiTT achieves substantial empirical gains, it introduces additional system
overhead by requiring a reference bank and performing retrieval at inference time, which increases
both memory usage and latency. Another limitation is that gains can be limited on small-scale
datasets, especially when the sequence length is relatively short, the model might have limited im-
provement on capturing long range behaviors.

Future Work. Future directions include learning retrieval representations that are better aligned
with forecasting objectives, and making conditioning more robust via reference weighting or re-
trieval dropout. On the efficiency side, we can reduce cost with compressed or hierarchical reference
banks and caching. It is also promising to incorporate richer context such as covariates or text, and
to explore training objectives that more directly target long-horizon metrics.

B RELATED WORK

B.1 TEMPORAL POINT PROCESSES (TPPs)

Marked TPPs are widely adopted as a standard approach for modeling asynchronous time series. A
TPP is a stochastic process that generates sequences of discrete events over time. A sequence of n
events can be represented as x = {x1,- - , X, }, where each event x; = (;, e;) consists of the index
1 indicating the chronological order of events, the inter-event time ¢; since the previous event and
the corresponding event type e;. Another widely used variant is to represent events by their inter-
eventintervals 7; = t; —t;_1 rather than the absolute timestamps ¢;. These two parameterizations are
essentially equivalent, so the literature often switches between them without loss of generality. Clas-
sical TPP models (Mei & Eisner, 2017) parameterize conditional intensity functions for next-event
prediction and are trained by maximizing the log-likelihood of observed event sequences. Prior work
on temporal point processes has largely focused on neural architectures that extend likelihood-based
intensity modeling, beginning with RNN-based approaches (Du et al., 2016; Mei & Eisner, 2017)
and later incorporating more expressive designs to better capture uncertainty (Mehrasa et al., 2019;
Liidke et al., 2023). More recent Transformer-based TPPs leverage attention mechanisms to im-
prove long range dependency modeling (Zhang et al., 2020; Zuo et al., 2020; Yang et al., 2021), but
still rely on autoregressive intensity formulations. However, the goal has extended beyond forecast-
ing the immediate next event to generating the full future event trajectory, and classical and neural
TPPs can be unsatisfactory since errors introduced at early steps accumulate as the autoregressive
rollout proceeds. On the optimization side, likelihood-based training typically requires computing
distributional quantities implied by the learned intensity, which can become expensive.

B.2 DIFFUSION MODELS FOR ASYNCHRONOUS TIME SERIES

The shortcomings of classic neural TPP approaches motivate diffusion and flow matching ap-
proaches. These methods treat forecasting as conditional generation, transforming simple base
noise into future event sequences given the history. By modeling the joint continuation rather
than repeatedly sampling one event at a time, diffusion based approaches can better support long-
horizon generation and produces diverse futures for uncertainty quantification, offering a strong
non-autoregressive alternative to intensity-based neural TPPs. Early diffusion work in time series
focused on learning conditional distributions for tasks like imputation (Tashiro et al., 2021) and
probabilistic forecasting (Rasul et al., 2021), demonstrating that iterative denoising can capture un-
certainty without being constrained to a single greedy rollout. For temporal point processes specifi-
cally, Add and Thin (Liidke et al., 2023) formulates diffusion over full marked event sequences and
outperforms autoregressive TPP forecasters. Zhou et al. (2025) embed event sequences into a vector
space and diffuse to forecast the full future sequence in one go. Yuan et al. (2023) extended diffusion
to spatio-temporal setting. Zeng et al. (2024) coupled two diffusions, one for inter-arrival times and
one for event types, to model the joint distribution. More recently, ADiff4TPP (Mukherjee et al.,
2025) proposed an asynchronous noise schedule in a VAE latent space to strengthen conditioning
via earlier event history when predicting further into the future. While promising, these approaches
yield only limited empirical gains, and diffusion for asynchronous event modeling is still relatively
understudied. We propose retrieval based diffusion transformers to tackle these challenges and better
predict long-horizon future.
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B.3 RETRIEVAL AUGMENTED GENERATION

Retrieval has become a practical way to enhance generative models with non-parametric memory.
For text, kNN language models (Khandelwal et al., 2019) augment a base LM by retrieving seman-
tically similar contexts from a data store at inference time. For image, retrieval-augmented diffusion
models (Blattmann et al., 2022) condition denoising on retrieved reference images to better capture
specific visual structure and long-tail concepts. In time series forecasting, several recent methods
(Han et al., 2025; Ning et al., 2025; Tire et al., 2024; Li, 2025) leverage retrieval by selecting histor-
ically similar segments and using their continuations as additional context. RATD (Liu et al., 2024)
further combines retrieval with diffusion by injecting retrieved references into the denoising process.
However, these approaches are primarily designed for regularly sampled time series segments and
do not directly apply to asynchronous marked event streams without nontrivial changes. In contrast,
our method is tailored to event prediction: we perform retrieval in a VAE latent space that preserves
event wise structure, and condition a latent diffusion transformer on retrieved references represented
in the same event-sequence format. This design enables trajectory-specific guidance for coherent
long horizon event generation, rather than serving only as a segment level short range forecasting
booster.

C EXTENDED PRELIMINARY

Flow matching (FM) (Lipman et al., 2023; Liu et al., 2023; Lee et al., 2024; Esser et al., 2024)
provides a diffusion style way to train continuous time generative models by directly regressing a
velocity field instead of learning scores. Concretely, FM views the generation as solving an ODE that
transports a simple base distribution (typically Gaussian noise) to the data distribution via a learned
vector field % = vy(2s, ), using an explicit interpolation path z;, = asz + bs€, where s denotes
a random time s ~ U(0, 1) (we use s to denote the timestep in diffusion model, and ¢ to represent
the time value for asynchronous time series data), z is the input clean sample, and € ~ N(0,1) is
the Gaussian noise. Rectified flow (Liu et al., 2023; Lee et al., 2024) defines a simpler interpolation
z; = (1 — s)z + se. Conditional Flow Matching (CFM) makes training simulation-free by deriving
a direct closed-form conditional vector field us(zs|€) for this path, and learning vy by a simple
regression loss B, ¢ [[|vg(2s, s) — us(zs]€)]|?].

To facilitate efficient retrieval and ease the diffusion training, each event x; is encoded as a compact
latent representation z; € R using a pretrained VAE Ey. Let x € X be an event sequence of length
n. We pad x to a fixed length N, where N is the maximum sequence length in X'. The encoder then
maps the padded sequence to a latent representation z = Fy(x) € RY*9, which serves as a single
training sample for latent flow matching.

To make flow matching respect the causal and unevenly spaced nature of event sequences, asyn-
chronous matrix valued interpolation (Mukherjee et al., 2025) defines:

2. = A(s)z + (I - A(s))e, ®)

where € = {e1,- -+, en} is a Gaussian noise of same dimension N x d as z. And A(s) € RV <V is
a diagonal matrix whose per event schedule is designed so that later events are injected with noise
earlier (and therefore are trained to be denoised earlier) than earlier events, that being said, later
events are corrupted earlier and the model learns to denoise and forecast the tail under stronger
noise.

This yields a generative ODE that incorporates the schedule derivative with the chain rule:

dz,
ds

In each training iteration, we randomly select a time s € [0, 1] and generate the corresponding
intermediate state z, using Equation (8). Training follows a CFM objective in this asynchronous
setting by weighting the regression with A’(s):

= A'(s)vg(zs, A(5)). )]

Lepm(0) = ]ES,eyz[ ||A/(5)(U0(Z8a A(s)) — us(zsle) ) ”2 ] (10)
During inference, given a observed history xy, - - - , X, and a target prediction horizon size m. We
can form a initial condition {21, - ,Zn, €n41," -, €ntm | and we can incorporate the history by

10
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filling the corresponding entries of % in Equation (9) with the known latents:

1) (g — ¢ i1 <4<
dz,;_{A(s)”(zZ €;) if1 <i<n, (11

ds | A'(5)ive(zs, A(s)) ifn<i<m.

Standard ODE solvers can solve this without introducing numerical error, which leads us to the
predictions {Z 1, - ,Zn+m - The decoder then maps them back to the original space to obtain

{)A(na"' y Xn+m S+

D DIT IMPLEMENTATION

D.1 ADAPTING DIT FOR ASYNCHRONOUS TIME SERIES

Following Peebles & Xie (2023), we instantiate vy (-, A(s)) with a Diffusion Transformer (DiT)
backbone, since its Transformer blocks provide a flexible way to model long-range dependencies
while remaining compatible with diffusion or flow-style training objectives. We only make minimal
modifications to adapt DiT from images to asynchronous event sequences. In particular, we remove
the image-specific patchify and patch-embedding modules and instead feed the model with latent
event tokens produced by the encoder E,. This replacement preserves the core DiT computation
(stacked Transformer blocks with conditioning) while ensuring that the model operates directly on
a sequence of event-level representations, which is the natural input format for asynchronous time
series forecasting.

When initializing the model, we specify a hyperparameter N that sets the maximum sequence length
the model can represent and generate. Concretely, sequences shorter than N are padded and masked,
allowing us to use a fixed token length for efficient batched training and inference while still support-
ing variable-length histories and horizons. Finally, to inject the conditioning matrix A(s) € RV*V,
we extend the original DiT conditioning design by constructing an embedding that reflects both tem-
poral progression and structural interactions encoded by A(s). We achieve this by broadcasting the
entries of A(s) through sinusoidal frequency features, producing a dense embedding that provides
the Transformer blocks with a smooth, scale-aware representation of the matrix. This design allows
the network to exploit the temporal and structural dynamics captured by A(s) without introducing
additional architectural complexity.

Timestep Embedding. We set the maximum period to 7T},,,x = 10000 and use an embedding hori-
zon of f = 128 sinusodial frequencies. Given the diagonal elements of A(s) € RV*¥ we construct
a frequency-scaled argument matrix B € RV *" to encode each event position with multiple time
scales. Concretely, fori € {1,--- ,N}and j € {1,--- , h}, we define:

Jj—1

Bij = A(5)ii - Twax (12)

so that j indexes a geometric progression of frequencies spanning from coarse to fine resolutions. We
then form the final timestep embedding emb, € R *2/ by concatenating sine and cosine features:

embs = [cos(B), sin(B)]. (13)
Then we map this to the model hidden size D via an MLP:

emb, = WLSILU(Wiemb, + by) + by € RV*P (14)

Following the choice of Mukherjee et al. (2025), we define the schedule function A as:

0 ifi # j,
A i = e o 15
(S) J {rnax(o7 min(2N ) JSV(QN 1) , 1)) le — j, ( )

which is a diagonal matrix that assigns a separate noise schedule to each event position. The schedule
is constructed so that tokens corresponding to later events receive noise at earlier diffusion times than
tokens for earlier events. Equivalently, later events are corrupted sooner, and the model is trained to
denoise them earlier during the reverse process, forcing it to learn forecasting of the sequence tail
under higher noise levels.

11
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This sinusoidal construction provides a smooth multi-scale representation of the time condition-
ing signal A(s), allowing the Transformer blocks to access both low frequency (global) and high
frequency (local) temporal variations through a fixed dimension embedding.

Positional Embedding. Before entering the DiT blocks, both current latent input and retrieved
reference are expanded to hidden size D by channel repetition, for r, we also broadcast the mask
m” across the channel dimension. Then z and r are augmented with fixed positional embeddings
pos to get:

z = Repeat(z) + pos, € RV*P r = Repeat(r) + pos, € RV*P (16)
where pos is defined as follows. For input sequence z with N being num_rows, we assign each po-
sition an integer “row index” p € {0,1,--- , N —1}. For embedding dimension D, define frequency
coefficients: D

yizloooO‘ﬁ,i=07---,§—1. (17)
The fixed positional embedding for row p is:
pos(p) = [sin(py), cos(py)] € R. (18)
Stacking all rows gives:
pos € RVxP (19)

Since our retrieved reference r and input z has the same dimension, so we apply the same pos
embedding to both of them.

Mask Mechanism. When training or sampling sequences whose length n is smaller than the max-
imum token budget /N, we apply an attention mask within multi-head self-attention and the multi-
head cross attention. so that padded positions do not participate in the computation. The similar
strategy is designed in the retrieval process to mask the padded positions. This masking enforces
that the Transformer operates only on valid event tokens, preserving the natural ordering of the
sequence and preventing information leakage through padding. Combined with our asynchronous
noise schedule, the masked attention mechanism aligns the model’s computation with the underlying
temporal structure of the data. It also makes the framework compatible with variable-length inputs
and flexible forecasting horizons, since the same architecture can condition on any observed prefix
and generate different prediction window sizes without changing the model.

D.2 CONDITIONING IMPLEMENTATION

AdaLN Conditioning Implementation. We also include the details of our adalLN conditioning
for retrieved asynchronous time series. Inside the DiT block, let z € RN*D pe the token features
entering the block, we have three conditioning streams:

* time embedding emby,

* reference embedding r,

* fused conditioning Concat(s,r).

We first apply separate LayerNorms and project the concatenation to the desired dimension:

5 = LN,(s), r = LN,(r), cond = Proj(Concat(s,r)) = Weond[8; ] + beona € RV <P, (20)

where |- ; -] concatenates along channels and Wenq € RP*2D Each stream produces a modulation
vector via an MLP:
Ms = fs(s) S RNXGD; Mr = fr(r) S RNX6D> Mcond = fcond(cond) € RNXGD- (21)

Then we scale each modulator by a learned scalar passed through a sigmoid:
M, = U()\S)Msv M, = U(/\r)Mm Mong = U(/\cond)Mcondv (22)

with trainable A\g, Ay, Acona € R.

12
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The combined modulation is:
M = M, + M, + a - Mupng € RV*P where a € {0,1} is a flag hyperparameter. (23)

Then M is split into six D-dimension tensors and enters the layers as vanilla adaL N in DiT.

Multi-reference Cross-attention by Concatenating & References into Length kN memory. The
main query is z € RV*P and in the average pooling case r € RY*P we just need to adapt
tor € RVXFXD yith per reference masks m € {0,1}**¥. Similarly to Section 3 Conditional
Diffusion Transformer Architecture, the only changes are K € RV *FxD 'y ¢ RN*kXD ‘then split

them into o heads with K € ReX*N)xZ 1y ¢ Rax(kN)x g

E OTHER IMPLEMENTATION DETAILS

E.1 DATASET PREPARATION, BASELINES, AND METRICS

Datasets. Following Xue et al. (2023), we run experiments on five standard temporal point process
datasets: Amazon (Ni et al., 2019) with 16 event types; Retweet (Zhou et al., 2013) with 3 event
types; StackOverflow (Leskovec & Krevl, 2014) with 22 event types; Taobao (Xue et al., 2022)
with 20 event types; Taxi (Whong, 2014) with 10 event types. We also evaluate ReDiTT on two
action datasets: Breakfast (Kuehne et al., 2014) with 177 action classes, we scale the timestamp by
dividing by 100 to avoid VAE training loss explosion; Multithumos (Yeung et al., 2018) with 65
action classes, we take the 212 sequences with length < 100 out of total 289 sequences to avoid
model ran out of memory. More details are in Table 6. Following (Xue et al., 2023), we pad
Amazon, Retweet, StackOverflow, Taobao, and Taxi to the maximum sequence length within each
dataset. For Breakfast, we rescale time values by dividing by 100 to stabilize VAE training. For
the two text-based action datasets, Breakfast and MultiThumos, we encode event types as integer
indices in the same way as the other datasets, and split the data into train/validation/test sets with a
70/10/20 ratio. Additional dataset details are provided in dataset settings of Table

Baselines. We compare ReDiTT with four kinds of state-of-the-art TPP models for asynchronous
time series: (1) RNN-based models, including RMTPP (Du et al., 2016) and NHP (Mei & Eis-
ner, 2017); (2) Attention-based models, including SAHP (Zhang et al., 2020), THP (Zuo et al.,
2020), AttNHP (Yang et al., 2021), and DTPP (Panos, 2024); (3) Diffusion-based models, including
Add&Thin (Liidke et al., 2023) and ADiff4ATPP (Mukherjee et al., 2025); (4) Other popular models
including IFTPP (Shchur et al., 2020) and HYPRO (Xue et al., 2022).

For baseline models, we use the implementations from EasyTPP (Xue et al., 2023) for RMTPP Du
etal. (2016), NHP Mei & Eisner (2017), SAHP Zhang et al. (2020), THP Zuo et al. (2020), AttNHP
Yang et al. (2021), and IFTPP Shchur et al. (2020).

For other baselines, we adapt DTPP Panos (2024) to predict inter-event times in their original scale
rather than in log space, following Adiff4TPP Mukherjee et al. (2025). For Add&Thin Liidke et al.
(2023), the method outputs only inter-event times, so we do not report event-type accuracy or OTD.

Metrics. Following Xue et al. (2023), we examine our models on next event prediction. We
evaluate the time prediction by root mean square error (RMSE) between predicted time and true
time, and the event type prediction by accuracy between predicted type and true type. Note to
compute the accumulated RMSE and accuracy, when predicting X;;2, the model uses the true
history {x1,--- ,X;,X;4+1} rather than a previously predicted event {xy, - ,X;,X;4+1}. We also
examine ReDiTT on long-horizon prediction by computing the optimal transport distance (OTD),
a measurement of edit distance between the predicted {X;y1,- - ,X;1m} and the ground truth
{Xit1,"** yXi+m}. We follow the implementation of OTD by Mei et al. (2019) with dynamic
programming to efficiently find alignment and compute distance between predictions and true
events. Following Mukherjee et al. (2025), we compute the OTD with horizon window size
m = 5, 10, 20, 30 respectively.

E.2 VAE TRAINING

Our VAE implementation for asynchronous time series follows Adiff4TPP Mukherjee et al. (2025).
For each event x = (¢, e), we train a 3-VAE consisting of an encoder E, that maps x to a latent
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variable z, modeled as a Gaussian distribution parameterized by an inferred mean (and variance). A
decoder D, then reconstructs the event from z, producing X = (¢,é) = Dy(z). The whole 3-VAE
is optimized with the following objective:

L= (t—1)>+CE(e,é) + LKL, (24)

[ controls the weight of the KL regularization term, which penalizes deviations of the latent distri-
bution & from a standard Gaussian prior. As shown in the VAE settings of Table 6, we use the same
B choices reported in the appendix of Mukherjee et al. (2025).

F EXTENDED RESULTS

F.1 MAIN RESULTS WITH STANDARD DEVIATION

‘We include the results in Table | with standard deviation in Table

Table 2: Next-event prediction and long-horizon prediction results for ReDiTT and existing
baselines on seven benchmark datasets. RMSE is computed on the predicted inter-event time, while
Accuracy (1) is computed on the predicted event type. Long-horizon forecasting performance is
measured by OTD ({) at horizons m = 5, 10, 20, 30. When available, we report the results published
in Mukherjee et al. (2025) for direct comparison. The best results are highlighted in bold, and the
second best results are underlined. The within parentheses indicate the standard
deviation. This table is an extension of Table | with all the standard deviations.

| | Amazon | Retweet | StackOverflow | Taobao | Taxi | Breakfast | MultiThumos |
| | RMSE())  Acc% (1) | RMSE(}) Acc% () | RMSE(l)  Acc% () | RMSE(})  Acc% () | RMSE(})  Acc% (1) | RMSE(l)  Acc% (1) | RMSE())  Acc% () |
RMTPP | 0559 296 26.207 516 1246 24 0257 43.6 0351 88.5 1080 4.8 7357 0.1
NHP 0.640 300 22511 539 1324 268 0.168 493 0342 87 1168 49 7309 99
SAHP 0517 320 21.708 54.0 1327 423 0.154 464 0335 88.1 1.130 48 7.674 10.3
THP 0.550 346 26.176 595 1424 420 0314 456 0375 873 1134 13 9254 130
AUNHP | 0755 319 22.296 572 1350 4.6 0.280 47.1 0.429 852 1123 4.7 7.887 149
IFTPP 0465 35.1 22.198 60.0 1.884 455 0598 559 0357 914 3654 9.2 8.980 143
DTPP 0619 345 24.680 597 1780 393 0587 46.7 0302 879 - - - -
Add&Thin | 0.461 - 22914 - 1.469 - 0440 - 0368 -
HYPRO | 0.583 338 20.562 60.0 1417 449 0307 55.1 0383 865 - - - -
AJIfi4TPP | 0413 337 17.480 60.7 1524 348 0.140 574 0309 85.6 1360 82 5981 163
ReDiTT(k=1) | 0410 495 15238 9.6 1240 419 0.134 588 0253 928 1210 108 5.800 172
ReDITT(k=7) | 0.352 60.9 13.429 785 1.048 53.0 0.140 593 0.239 945 1.054 15.1 4797 250
| OTD (}) | OTD (}) OTD () | OTD (}) OTD (}) OTD () | OTD (})
RMTPP 99/19.7/392/58.4 10.0/21.0/400/59.8 95/18.7/37.0/548 87/159/287/40.6 40/60/92/122 98/19.2/342/455 10.0/20.0/36.8/49.0
NHP 99/19.7/392/58.4 10.0/20.0/39.7/593 95/18.8/37.2/552 85/152/28.1/39.3 40/59/92/12.1 9.8/102/340/452 99/19.7/359/47.7
SAHP 99/19.7/39.1/583 10.0/20.0/399/59.6 95/18.8/37.2/552 8.6/155/283/39.9 55/7.6/128/175 10.0/19.5/34.7/46.1 10.0/20.0/36.7/48.8
THP 99/19.7/39.1/58.2 10.0/20.0/39.7/59.2 95/18.8/37.1/549 8.7/158/288/40.7 60/10.8/143/17.6 10.0/19.6/349/463 9.7/19.4/35.6/46.9
AUNHP 99/19.7/39.1/582 10.0/20.0/39.7/59.2 9.4/18.7/369/544 82/147/240/384 40/58/9.0/11.7 9.8/19.2/3401/45.1 99/19.9/357/47.2
IFTPP 9.9/19.7/4001/58.1 10.0/20.0/39.7/59.2 9.4/18.6/368/543 80/142/262/37.6 45/56/86/11.6 88/167/28.5/37.7 99/19.6/350/464
DTPP 69/13.7/27.61417 10.0/19.4/298/39.6 7.6/150/29.2/43.4 68/15.1/32.3/50.0 30/68/138/20.7
HYPRO 70/13.0/26.1/34.1 9.0/19.7/30.7/39.0 7.3/122/29.2/36.8 58/11.4/208/30.7 3415811007139
Adiff4TPP 62/124/2471329 9.1/17.7/280/31.7 65/12.0/223/30.1 491991204/31.1 24/40/68/94 8.8/17.1/243/289 82/13.6/21.1/202
ReDiTT(k=1) 59/11.5/21.3/27.8 9.1/17.3/269/30.1 6.1/108/194/274 48/9.8/19.8/30.7 26/44/79/12.7 87/16.1/22.1/27.0 82/143/206/19.6
ReDITT(k=7) 57/10.7/19.7/258 9.1/17.2/265/29.6 6.0/10.7/18.9/27.4 4.6/9.4/19.4/295 35/50/92/17.6 82/15.4/21.6/264 8.2/14.1/20.6/19.6

F.2 ABLATION - DIFFERENT CONDITIONING ARCHITECTURE

As discussed in Peebles & Xie (2023), adaptive layer norm often outperforms cross-attention con-
ditioning in diffusion transformers for class-labeled image generation. We therefore conduct an
ablation on five datasets with fixed k£ = 1 to analyze which conditioning architecture better suits
asynchronous event sequences. Following the design in Peebles & Xie (2023), we implement adaL.N
conditioning on r and also consider Concat(s, r), which concatenates the diffusion timestamp s with
r to encode temporal information, i.e. three paths for s, r and the fused Concat(s, r), each is con-
trolled by a scale hyperparameter. More details can be found in Appendix Section D. As reported in
Table 3, cross-attention consistently yields stronger long-horizon behavior, achieving substantially
lower OTD, whereas adalLN only improves event-type accuracy on three of the five datasets and
often degrades sequence-level alignment. We observe a similar pattern: any gains adaLLN provides
in next-event RMSE or type accuracy are relatively modest, while its long-horizon OTD deteriorates
substantially. This indicates that adalLN’s improvements are largely limited to short-term, local pre-
diction, whereas cross-attention is far more reliable for preserving sequence-level alignment over
extended horizons.
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Table 3: Analysis of different conditioning architecture of DiT for five datasets with a fixed & = 1.
For unconditional training, we refer to ADiff4TPP.

| | condition RMSE(]) Acc% (1) OTD ({) |
uncondition 0.413 33.7 6.2/12.4/24.7/329
Amazon adalLN 0.460 51.0 7.7115.2/28.7/36.1
crossattn 0.410 49.5 5.9/11.5/21.3/27.8
uncondition 17.430 60.7 9.1/17.7/28.0/31.7
Retweet adalLN 19.266 69.4 9.6/18.9/30.1/33.9
crossattn 15.238 69.6 9.1/17.3/26.9/30.1
uncondition 1.524 34.8 6.5/12.0/22.3/30.1
StackOverflow adaLN 1.012 513 9.4/188/37.3/55.5
crossattn 1.240 41.9 6.1/10.8/19.4/27.4
uncondition 0.140 57.4 49/9.9/20.4/31.1
Taobao adalL.N 0.268 60.5 5.6/10.9/22.1/32.2
crossattn 0.134 58.8 4.8/9.8/19.8/30.7
uncondition 0.309 85.6 24/4.0/68/9.4
Taxi adalL.N 0.263 94.0 6.8/11.8/23.4/34.7
crossattn 0.253 92.8 26/44/79/12.7

We attribute this difference to the mismatch between the inductive bias of adaLLN and the structure of
conditioning signals in asynchronous time series. In class-labeled image generation, the condition is
typically a single global discrete cue shared across the entire sample; in this setting, adalL.N’s global,
layer-wise modulation can effectively inject the label signal and amplify class conditional priors. In
contrast, for asynchronous time series, retrieved input-like references are high-entropy and event-
dependent, with information that varies across events and time. Cross-attention therefore provides a
more suitable mechanism by enabling state-dependent access to context and selectively integrating
temporal patterns as the generated history evolves. Moreover, adalLN is also more expensive in our
implementation, cross-attention also converges faster in practice, reaching strong performance in
fewer training iterations. To obtain both predictive quality and computational efficiency, we adopt
cross-attention conditioning in our final model.

F.3 ABLATION - DIFFERENT AGGREGATION OF RETRIEVED REFERENCES

We further compare two strategies for incorporating the top k retrieved references during condition-
ing: average pooling and concatenation. We perform the experiments on StackOverflow dataset and
the results are illustrated in Table 4. Under a fixed retrieval budget k, we observe that average pooling
of the retrieved references consistently outperforms concatenation across three metrics. Moreover,
as k increases, the performance gap widens, mostly notably on event-type prediction accuracy. For
concatenation, the accuracy at k = 7 is lower than at k£ = 5. We hypothesize that pooling becomes
increasingly beneficial with larger retrieved sets because it acts as a robust aggregation operator, that
being said, it emphasizes signals that are consistent across references with high similarity weights
while dampening irrelevant information. In contrast, concatenation scales the conditioning length
linearly with k, which increases exposure to irrelevant retrievals and makes it easier for the model
to overfit to noisy reference. The results showed that this effect becomes more obvious as k grows,
leading to a larger degradation in categorical prediction. We therefore adopt average pooling in our
conditioning implementation.

F.4 ABLATION - DIFFERENT k£ FOR RETRIEVAL MECHANISM

We also conducted an ablation study on the number of retrieved references k to further investi-
gate how the amount of retrieved context influences conditioning effectiveness while keeping all
other settings fixed, specifically, whether a small set of references provides sufficient guidance for
generation, or whether increasing k introduces irrelevant matches that act as noise and degrade per-
formance. As listed in Table 4, larger k& does not improves the results for concatenation conditioning
much. However, for average pooling conditioning, increasing k consistently improves both RMSE
and event type accuracy, whereas OTD remains largely stable across different values of k. This sug-
gests that retrieving more neighbors can provide additional contextual signal that helps the model
refine local predictions, particularly for event type inference, while preserving the global sequence
level structure captured by OTD. Notably, event type accuracy reaches 53% at k = 7, representing
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Table 4: Analysis of the different aggregation strategy and different k for retrieved references on
StackOverflow. Overall, increasing k leads to improved performance, and average pooling outper-
forms concatenation as k increases.

| | RMSE (1) Acc% (1) OTD () |
| uncondition | 1524 34.8 6.5/12.0/223/30.1 |
| k=1 | 1240 419 6.1/10.8/19.4/27.4 |
k=3 1.244 42.1 6.2/10.9/19.6/27.8
concatenation | k=15 1.174 47.1 6.1/10.9/19.7/27.9
k=17 1.163 449 6.0/11.1/19.7/27.6
k=3 1.126 48.7 6.0/10.7/19.2/27.8
average pooling | k=5 1.101 50.6 6.0/10.7/19.4/28.8
=T 1.048 53.0 6.0/10.7/18.9/27.4

Table 5: Analysis of different conditioning components with a fixed & = 1 on Taobao. Overall,
conditioning on both event time and event type outperforms conditioning on either time or type
alone.

| | RMSE (1) Acc% (1) OTD (1) \
time & type | 0.134 58.5 4.8/9.8/19.8/30.7
time only 0.135 59.1 4.7/9.9/20.3/31.2
type only 0.134 611  49/102/209/31.5

a 10.9 point improvement over £ = 1. This indicates that multi-reference conditioning is beneficial,
and a moderate retrieval size can yield significant gains, especially for categorical prediction, while
preserving long-horizon sequence alignment.

F.5 ABLATION - EFFECT OF TIME AND TYPE CONDITIONING COMPONENTS

We further ablate the conditioning signal by using time-only or event-type-only guidance. Because
retrieval is performed in the latent space, we first retrieve reference sequences via latent similarity,
and then mask out the undesired modality by replacing the corresponding latent block (time or type)
with a zero latent (i.e., the latent obtained by encoding an all-zero input in the original space), while
keeping the other block unchanged. This design isolates the contribution of each modality without
altering the retrieval set.

We evaluate this ablation on Taobao (20 event types) with fixed k¥ = 1. As shown in Table 5, relative
to using both modalities, time-only conditioning yields slightly better OTD for short-horizon predic-
tion (window of 5), but slightly worse OTD at longer horizons (windows of 20 and 30), suggesting
that temporal cues alone can guide near-term dynamics but are insufficient to maintain event seman-
tics over extended rollouts. In contrast, type-only conditioning substantially improves event-type
accuracy, but consistently degrades OTD across all horizons, indicating that categorical guidance
alone can sharpen local classification while hurting sequence-level alignment.

G HYPERPARAMETERS AND COMPUTATION COST

We report the dataset specifications, model hyperparameters, and computation costs in Table

The long time reported for next-event prediction mainly comes from the autoregressive evaluation
protocol over the full sequence length V. Following prior work (Xue et al., 2023; Mukherjee et al.,

2025), we compute this metric by iterating ¢ = 1,--- , N — 1 and predicting the next event X; 1
conditioned on the prefix {x1,- - ,x;}. Consequently, obtaining the full set of one-step-ahead pre-
dictions Xo, - - - , Xy requires N — 1 separate forward passes, after which RMSE and accuracy are

evaluated between x and x. The detailed algorithm is provided in Appendix E of Mukherjee et al.
(2025). We use the implementation from Mukherjee et al. (2025), and this implementation is not
optimized for inference; therefore, the reported time could be reduced with further implementa-
tion improvements. For a single sequence, ReDiTT takes 2.1s for one-step next-event prediction,
compared to 2.0s for the unconditional baseline of Mukherjee et al. (2025). This indicates that
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the retrieval-conditioned design adds only a reasonable runtime overhead. Because next-event pre-
diction is relatively slow under the standard autoregressive evaluation protocol, this also motivates
our long-horizon prediction setting: instead of repeatedly running one-step inference many times,
we generate an entire future segment in a single run, enabling more efficient forecasting of long
sequences.

Table 6: ReDiTT Hyperparameters of reported results in Table |. For the next-event prediction task,
inference time is reported using an auto-regressive methodology.

| | Amazon Retweet StackOverflow Taobao Taxi Breakfast ~ Multithumos |
# event types 16 3 22 20 10 177 64
max length 94 97 101 64 38 131 100
dataset # train data 6454 9000 1401 1300 1400 179 209
# test data 1851 1520 401 500 400 52 61
# validation data 922 1535 401 200 200 25 27
VAE latent dimension d 32 32 32 32 32 32 32
Brax le-2 le-1 le-2 le-2 le-2 le-2 le-2
latent size 96 96 96 96 96 96 96
hidden size 1152 1152 1152 1152 1152 1152 1152
DiT depth 7 7 7 7 7 7 7
# heads 16 16 16 16 16 16 16
mlp ratio 4 4 4 4 4 4 4
batch size 4 4 4 4 4 4 4
iterations for k=1 500k 550k 550k 30k 950k 100k 100k
iterations for k=3 - - 500k - - - -
trai iterations for k=5 - - 500k - - - -
ram iterations for k=7 450k 450k 550k 25k 50k 400k 350k
Ir 3e-5 3e-5 3e-5 3e-5 3e-5 3e-5 3e-5
ema decay 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999
time per 50k iteration 50 min 50 min 50min 50min 50min 50min 50min
test total time for next-event prediction 18h12min 16h38min Sh 1h30min 14min 1h20min 43min
total time for long-horizon prediction 1h35min 1h24min 24min 11min 3min Smin 4min
| GPU | 1A10040G 1 A10040G 1 A100 40G 1A10040G 1 A10040G 1 A10040G 1A10040G |

We also include the iteration numbers we used in ablation tables in Table

Table 7: To facilitate reproducibility, we report the training iteration counts associated with the
results presented in Table 3, Table 4, and Table 5 respectively.

| | Amazon Retweet StackOverflow Taobao Taxi | | | k=l k=3 k=5 k=7 | | time & type | 30k
uncondition | 950k 950k 900k 150k 900k concatenation | 550k 600k 750k 550k iime °“]1Y ggt
adaLN 950k 950k 950k 950k 950k average pooling | 550k 500k 500k 550k ype only
crossattn 550k 550k 550k 30k 950k
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