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[0-2s] The camera quickly zooms toward the eagle’s eye as it flies. Inside the pupil, a cyberpunk city is already visible, distorted by 
the curved surface of the eye … [2-4s] … Cars move close to the camera in layered traffic lanes, neon reflections streak across rain-
soaked streets and skyscrapers ... [4-6s] The camera approaches a car driving in the distance … starts to track and lock onto a car 
moving through the neon-lit cyberpunk streets. The camera slowly pans to the side of the car, revealing a man … wearing 
sunglasses. [6-10s] The camera slowly zooms out … revealing that the cyberpunk scene is playing on a television screen … set 
inside a cozy 20th century living room. Warm lamplight fills the space, with vintage furniture and people surrounding the TV. 

Figure 1. Prompt Relay is an inference-time, training-free, plug-and-play method for enabling fine-grained temporal control by routing
each textual prompt to its intended time segment, allowing multiple events to occur in the correct order without semantic interference.

Abstract

Video diffusion models have achieved remarkable progress001
in generating high-quality videos. However, these models002
struggle to represent the temporal succession of multiple003
events in real-world videos and lack explicit mechanisms004
to control when semantic concepts appear, how long they005
persist, and the order in which multiple events occur. Such006
control is especially important for movie-grade synthesis,007
where coherent storytelling depends on precise timing, du-008
ration, and transitions between events. When using a sin-009
gle paragraph-style prompt to describe a sequence of com-010
plex events, models often exhibit temporal entanglement,011
where semantics intended for different moments interfere012
with one another, resulting in poor text-video alignment.013
To address these limitations, we propose Prompt Relay, an014
inference-time method to enable fine-grained temporal con-015
trol in multi-event video generation. We apply a penalty in016
the cross-attention mechanism to regulate how each query017
attends to keys intended for different moments in the video.018
This significantly improves temporal prompt alignment, re-019
duces semantic interference and improves visual quality.020

1. Introduction 021

Recent advances in video diffusion models have enabled 022
the generation of high-quality videos conditioned on tex- 023
tual prompts, achieving impressive visual fidelity and mo- 024
tion coherence [2–4, 21, 26]. Despite this progress, existing 025
models have no mechanism to allow explicit user control 026
over the temporal structure of the video. As a result, model- 027
ing movie-grade videos composed of a succession of events, 028
actions, or camera motions, each occurring within a specific 029
segment of the video and in a specific order, remains chal- 030
lenging. Moreover, using a single paragraph-style prompt 031
to describe a succession of complex events often leads to 032
semantic entanglement, where concepts intended for differ- 033
ent moments interfere with one another because the model 034
cannot cleanly separate when each event should apply. As a 035
result, multiple incompatible semantics may be represented 036
simultaneously, leading to degraded text–video alignment. 037
Recent works have begun to address temporal controllabil- 038
ity in video generation by introducing explicit event-level 039
conditioning [25]. However, these methods typically re- 040
quire training on massive amounts of temporally annotated 041
data. In this paper, we propose Prompt Relay, an elegant 042
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Veo 3.1

Wan 2.2

Wan 2.2 + 
Prompt Relay 

(Ours)

Prompt: A handheld, front-facing, selfie perspective of a man filming himself at arm’s length, as if he is vlogging. The 
framing feels intimate and direct, with the camera clearly handheld. The man looks directly into the lens, centered in frame, 
standing on a busy street in Hong Kong. Neon signs glow behind him, skyscrapers loom overhead, and crowds move in the 
background. The lighting is vibrant and urban, while the man remains centered and continues looking directly into the 
camera. The man raises his hand toward the camera. His palm moves closer until his hand completely fills the frame and 
covers the camera, smoothly blocking the lens and cutting off the scene. The hand pulls away from the lens, revealing the 
man in the same framing but now is filming himself in the grand canyons. The lighting is dramatic, with strong contrasts.

Kling 2.6

Sora 2 
(Storyboard)

Figure 2. Qualitative Comparison. Given a multi-event prompt describing a deliberate scene transition, Prompt Relay preserves correct
temporal structure, ensuring that each semantic instruction influences only its intended segment while maintaining global visual coherence.

attention-level routing mechanism for fine-grained tempo-043
ral control and multi-event video generation. Prompt Re-044
lay operates entirely at inference time and is plug-and-play045
compatible with existing video diffusion backbones.046

• We introduce a test-time, plug-and-play method that en-047
forces each semantic instruction to influence only its in-048
tended temporal segment.049

• We propose an adaptive temporal partitioning scheme that050
supports variable-length segments, enabling fine-grained051
control over event duration.052

• We demonstrate that Prompt Relay substantially improves053
temporal prompt alignment, reduces semantic interfer-054
ence and enhances visual quality in multi-event video055
generation.056

2. Related Works 057

Controllable Video Generation. Video generation has 058
seen rapid progress in recent years, with applications span- 059
ning motion control [6, 9, 22–24], viewpoint control [7, 14, 060
20], identity control [16, 17, 28] and editing [8, 18]. How- 061
ever, most models remain limited in the ability to generate 062
coherent multi-event videos. Because the attention mech- 063
anism allows every pixel to attend to every prompt token, 064
models struggle to associate semantic concepts with their 065
intended temporal intervals, leading to temporal misalign- 066
ment and semantic entanglement. This challenge motivates 067
us to provide explicit temporal control at inference time. 068

Attention-Based Control in Diffusion Models. Attention 069
manipulation has emerged as a key mechanism for control- 070
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Figure 3. Temporal Cross-Attention Routing. Each textual prompt is associated with a specific temporal segment of the video. The
attention penalty varies smoothly across time, allowing video tokens to attend strongly to their corresponding prompt within the assigned
interval while suppressing attention to temporally irrelevant prompts. This enables multiple events (e.g., pouring cereal followed by pouring
milk) to occur in the correct order without semantic interference.

lable diffusion generation. Prior work has explored atten-071
tion for spatial [11–13, 15, 27], identity [10, 29] and motion072
control [18, 19, 22]. In contrast, attention-based temporal073
control remains largely underexplored.074

Multi-Event Video Generation. A notable approach075
to temporal modeling for multi-event video generation is076
MinT [25], which introduces a trainable temporal cross-077
attention module that binds event descriptions to predefined078
time intervals, but requires additional training, architectural079
modifications, and temporally annotated data.080

3. Prompt Relay081

Given a sequence of temporally-constrained text prompts082
{(ps, tstart

s , tend
s )}Ns=1, our goal is to generate a video such083

that each arbitrary prompt ps is realized within its desig-084
nated temporal interval [tstart

s , tend
s ]. The generated video085

should preserve global coherence while ensuring that each086
prompt influences only its assigned temporal region.087

3.1. Preliminaries088

Cross-attention is a mechanism that enables a diffusion089
model to incorporate external conditioning information,090
such as text prompts, into the generation process. Given091
a latent representation at diffusion step t, denoted as ϕ(zt),092
and a set of conditioning embeddings ψ(P ) derived from093
an input prompt P , cross-attention computes interactions094
between the two through learned projections.095

Attn(ϕ(zt), ψ(P )) = Softmax

(
QK⊤
√
d

)
V, (1)096

where Q = ℓQϕ(zt) are query vectors derived from latent097
features, K = ℓKψ(P ) and V = ℓV ψ(P ) are key and098
value vectors projected from the conditioning embeddings,099
and d denotes the projection dimensionality. Each attention100

weight reflects how strongly a latent query attends to a par- 101
ticular conditioning token. Through this operation, seman- 102
tic information from the conditioning input is selectively 103
injected into the latent representation, allowing different 104
queries to respond to different aspects of the prompt. How- 105
ever, because attention is computed globally over all con- 106
ditioning tokens, multiple semantic concepts may compete 107
for influence over the same latent queries. When these con- 108
cepts correspond to different temporal regions, unrestricted 109
attention can lead to interference between instructions. 110

3.2. Temporal Cross-Attention Routing 111

In order to enforce the association between each prompt ps 112
and its assigned temporal interval [tstart

s , tend
s ], we introduce 113

a penalty term C(Q,K) into the cross-attention logits: 114

Attn(ϕ(zt), ψ(P )) = softmax

(
QK⊤
√
d

− C(Q,K)

)
V.

(2) 115
The role of C(Q,K) is to suppress the attention between 116
key and query tokens whenever they do not belong to the 117
same interval [tstart

s , tend
s ]. This allows each prompt to guide 118

generation only within its intended segment, without leak- 119
ing semantic concepts into other parts of the video. For any 120
arbitrary query token indexed by i and any key token j be- 121
longing to ps, the penalty is defined as: 122

C(i, j) =
ReLU(|f(i)−ms| − w)2

2σ2
,ms =

tstart
s + tend

s

2
.

(3) 123
Here, f(i) denotes the latent frame index associated with 124
query token i, and ms denotes the midpoint of the corre- 125
sponding temporal segment. The parameter w(w < ms) 126
defines a local window around the segment midpoint within 127
which no penalty is applied, while σ controls the rate at 128
which attention decays outside this window. Query tokens 129

3



CVPR
#*****

CVPR
#*****

CVPR 2026 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Metric Sora 2 (Storyboard) Kling 2.6 Veo 3.1 Wan 2.2 Wan 2.2 + Prompt Relay

Temporal Alignment (↓) 4.67 1.30 3.93 4.00 1.10
Transition Naturalness (↓) 4.60 4.43 1.30 3.50 1.17
Visual Quality (↓) 3.67 2.50 2.0 4.00 2.83

Table 1. Human preference scores for multi-event video generation. (lower values indicate better rankings)

within the window incur zero penalty and can attend freely130
to their associated prompt tokens. Beyond this region, at-131
tention is smoothly attenuated as a function of the temporal132
distance between the query and the segment midpoint.133

3.3. Boundary-Aware Decay134

To suppress semantic interference across temporal seg-135
ments, attention between queries near segment boundaries136
and prompt tokens from neighboring segments should be137
negligible. We therefore choose the decay parameter σ so138
that the attention prior sufficiently decreases near segment139
endpoints. Since our penalty subtracts C(i, j) from the log-140
its, it applies a multiplicative factor exp

(
− C(i, j)

)
to the141

unnormalized attention scores before softmax. This prior142
is 1 inside the “free-attention” window and decays toward143
the segment boundaries. Let the endpoint distance from the144
segment midpoint be L = |f(i) −ms|. We choose σ such145
that the prior reaches a small user-defined value ϵ ∈ (0, 1)146
at the endpoints:147

exp

(
− (L− w)2

2σ2

)
= ϵ ⇒ σ =

L− w√
2 ln(1/ϵ)

. (4)148

This formulation ensures smooth transitions between neigh-149
boring prompts while preventing destructive interference150
across segments. As a result, each textual instruction pri-151
marily influences its intended temporal region, allowing the152
model to focus on one semantic concept at a time while153
maintaining global temporal coherence.154

4. Experiments155

4.1. Experimental Setup156

We construct diverse multi-event test scenarios, covering a157
wide range of settings including explicit scene transitions,158
multi-character interactions, and complex camera trajecto-159
ries, randomly generated with ChatGPT [1]. These scenar-160
ios each contain 3-6 temporal events. All experiments are161
conducted using the state-of-the-art pretrained video gener-162
ation model Wan2.2-T2V-A14B. To demonstrate the limi-163
tations of existing video generators in handling multi-event164
prompts, we test several state-of-the-art models, including165
Sora 2 [3], Veo 3.1[4], Wan 2.2[5], and Kling 2.6[2]. For166
Prompt Relay, we set ϵ = 10−3 across all experiments.167

In addition to selectively routing local prompts to their as- 168
signed temporal segments, we include a global prompt that 169
conditions the entire video and provides persistent context. 170

4.2. Evaluation Metrics 171

Existing quantitative metrics test visual fidelity or global 172
text-video alignment, but fail to capture temporal semantics 173
or transition quality, properties that are inherently percep- 174
tual. Hence, we conduct a human preference study to eval- 175
uate multi-event video generation along three dimensions: 176

• Temporal Prompt Alignment: Whether each semantic 177
instruction appears at its intended temporal interval. 178

• Transition Naturalness: The smoothness and perceptual 179
continuity between consecutive events, including the ab- 180
sence of abrupt or unnatural scene changes. 181

• Visual Quality (Supplementary): Overall perceptual fi- 182
delity, clarity and realism 183

We use 20 randomly generated multi-event test scenar- 184
ios. For each dimension, participants (30) are shown paired 185
videos generated by different methods and asked to rank 186
them according to each criterion. 187

4.3. Qualitative Results 188

As shown in Table. 1, Prompt Relay consistently outper- 189
forms baseline approaches in temporal alignment and tran- 190
sition naturalness. Notably Wan 2.2 with Prompt Relay con- 191
sistently exhibits stronger visual quality compared to the 192
baseline Wan 2.2. This is likely because Prompt Relay’s 193
attention routing mechanism suppresses attention between 194
queries in a particular temporal segment and prompts be- 195
longing to other segments. By reducing unnecessary com- 196
petition in the cross-attention space, the model can allo- 197
cate attention more effectively to the active semantic con- 198
cepts, resulting in clearer visual structure, improved tempo- 199
ral alignment, and more stable generation. 200

5. Conclusion 201

We present Prompt Relay, an inference-time method for 202
multi-event video generation with fine-grained temporal 203
control. We also show that our method also improves vi- 204
sual quality by reducing competition in the cross-attention 205
space. We view our work as a pivotal step towards movie- 206
grade, controllable video synthesis tools. 207
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