
Event-Driven Video Generation

Chika Maduabuchi and Jindong Wang ⋆

William & Mary, Williamsburg, VA, USA

“A man kicks a ball into a goal” “A rolling ball collides with a wall and stops”

“A woman opens a door and walks through it” “A woman places a glass on a wooden table”

Fig. 1: Representative text-conditioned video outputs produced by EVD.
The samples highlight the intended effect of the event gate: latent updates are concen-
trated around prompt-relevant events, reducing pre-contact motion, missing interaction
responses, and post-event drift.

Abstract. Current text-to-video models can make individual frames
look convincing while still getting simple interactions wrong: objects
move before contact, an intended action is skipped, a placed object keeps
drifting, or a support relation breaks. Our starting point is that standard
frame-first denoising updates every latent region at every step, even when
the prompt implies that only a local interaction should be active. We in-
troduce Event-Driven Video Generation (EVD), a small DiT-compatible
intervention that gives the sampler an explicit event signal. A lightweight
head predicts token-level event activity; training losses tie that activity
to latent state change; and event-gated sampling, with hysteresis and
an early-step schedule, applies the update field mainly where an interac-
tion is forming. On EVD-Bench, EVD improves human preference and
VBench dynamics for state persistence, spatial accuracy, support rela-
tions, and contact stability, while keeping appearance quality compara-
ble to the base model. The results suggest that a modest amount of
event structure can correct several interaction failures that otherwise
remain hidden behind good frame-level appearance. Project webpage:
https://evd-project-website.pages.dev
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(a) State Persistence

“Someone pulls a chair from under a table”

(b) Spatial Accuracy

“A robotic arm places a cube onto a platform”

(c) Support Relations

“A person stacks one book on top of another”

(d) Contact Stability

“A plate is placed onto a dining table”

Fig. 2: Four interaction failures we observe in DiT-30B. The examples isolate
mistakes that are easy to miss when judging only single-frame quality: (a) state per-
sistence, where the chair keeps moving after the pull has ended; (b) spatial accuracy,
where the cube never aligns with the target platform; (c) support relations, where the
book appears stacked without a visible stacking action; and (d) contact stability, where
the plate begins moving before hand–object contact.

1 Introduction

Text-to-video has improved quickly in frame realism, resolution, and clip length.
Space–time diffusion models such as Lumiere [1] can synthesize coherent clips
in one pass, and large diffusion-transformer systems such as Movie Gen [27]
and Step-Video-T2V [20] scale latent representations and training recipes to
longer, higher-fidelity videos. Open and semi-open systems, including Hunyuan-
Video [14], Open-Sora [39], and Wan [32], together with faster samplers such
as Pyramidal Flow Matching [12] and T2V-Turbo/T2V-Turbo-v2 [15,16], make
these capabilities more broadly available. As the frames become more convinc-
ing, the remaining errors are often no longer about texture or sharpness; they
are about whether an interaction actually happened in the right place and in
the right order.

2 Motivation

These gains do not remove a basic interaction problem. A clip can be smooth
locally while the cause–effect story is wrong: effects appear before their causes,
contact is missing, or the object keeps changing after the action should be over.
Recent evaluation suites separate appearance from motion, physics, and tem-
poral consistency, making the same point quantitatively: good-looking frames
do not guarantee realistic dynamics (VBench [10], VBench++ [11], VBench-
2.0 [37]). In our experiments, this is also where large models remain fragile:
they may score well on appearance and still fail on interaction grounding, which
suggests that scaling alone is not a reliable fix [28].

Recent systems improve dynamics with stronger architectures and train-
ing/inference recipes (CogVideoX [34], Open-Sora STDiT [39], Hunyuan-
Video [14], Step-Video-T2V [20]), and with motion-aware objectives or
inference-time steering that reduce the appearance–motion imbalance (Video-
JAM [4]). For the interaction failures in Fig. 2, however, a common issue
remains: the sampler is still mostly “frame-first,” updating the latent state
everywhere at every step. That makes it easy for a locally plausible update to
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occur before the relevant contact, to miss the actual state change, or to keep
drifting after the event. We group these errors into State Persistence, Spatial
Accuracy, Support Relations, and Contact Stability. The mechanism we want is
correspondingly simple: the model should know whether an interaction is active
here and now, and it should use that signal to decide where the latent is allowed
to change.

3 Related Work

Video generation and evaluation. Recent text-to-video systems have advanced
through space–time diffusion, large video DiT backbones, temporal autoen-
coders, and efficient flow/diffusion sampling [1, 12, 14, 20, 27, 32, 34, 39]. The re-
maining interaction errors are often specific: motion starts too early, contact
is weak, support relations are skipped, or the post-event state keeps moving.
Evaluation suites such as VBench, VBench++, VBench-2.0, WorldSimBench,
T2V-CompBench, and NeuS-V make a similar distinction between visual quality
and temporally faithful or physically meaningful generation [10,11,28,30,31,37].
EVD addresses these errors by coupling latent updates to prompt-relevant event
activity.

Event structure, motion steering, and editing. The closest event-centric prior
work is GEST, which represents visual/language stories as Graphs of Events in
Space and Time [24], and GEST-Engine, which executes formal GEST specifi-
cations to synthesize controllable multi-actor videos with dense spatiotemporal
annotations [5]. These works motivate events as an abstraction, but rely on
symbolic/event-graph specifications or simulation-style control. EVD instead
learns token-aligned event activity inside a pretrained video DiT and uses
it to gate the sampled direction field. EVD also differs from motion-steering
and editing/correction pipelines such as VideoJAM [4], StreamDiffusion [13],
StreamV2V [17], and ObjectAlign [25]: it is a text-to-video generation-time
mechanism that keeps the solver, decoder, NFE, and output-selection protocol
unchanged while modifying only event-grounded training and the direction
field.

4 Contributions

We propose Event-Driven Video Generation (EVD) as a small add-on for pre-
trained video DiTs rather than a replacement backbone. EVD makes three
changes. First, it attaches a lightweight event head to DiT token features and
predicts a token-aligned activity map. Second, it trains the model so latent up-
dates are tied to that activity: inactive regions are discouraged from changing,
while active interaction regions receive more stable updates. Third, at sampling
time, it gates the solver direction field with a hysteresis-and-schedule rule, so
early event formation is allowed but late spurious drift is damped. This keeps
the solver family and decoder unchanged, which makes the method compatible
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Fig. 3: Overview of Event-Driven Video Generation (EVD). Given a noised
latent video zt and prompt y, the DiT predicts its usual update field v̂t. A lightweight
event head predicts token-aligned activity ât, which we smooth and convert into a gate
using soft activation, hysteresis, and an early-step schedule. The solver and decoder
are unchanged; the intervention is that the update field is no longer applied uniformly
everywhere. During training, the event losses tie active regions to state change and
discourage unrelated regions from moving.

with modern DiT video systems [20, 27, 34, 39]. The main limitation we observe
is also specific: if the event signal is weak at the operating resolution, as in small
contacts, occlusion, or cluttered multi-object scenes, EVD can under-localize the
interaction. This points to object-centric or contact-aware event cues as natural
next steps.

5 EVD

This section describes how EVD changes a pretrained video DiT without re-
placing its backbone. The DiT still predicts a latent update field, but we add a
token-level event pathway that decides where that update should be trusted. We
start with the latent-video interface (Sec. 5.1), define the event head and gated
update rule (Sec. 5.2), then specify the soft/hysteretic gate and the resulting di-
rection field (Sec. 5.2). The training objective adds event realization, consistency,
ordering, and time-weighting terms on top of Flow Matching (Sec. 5.3), and in-
ference uses the same idea under CFG with a scheduled gate (Sec. 5.4). The
accompanying Supplementary Material gives the exact training and sampling
pseudocode, while Sec. 5.5 lists the hyperparameters used in the experiments.
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5.1 Method: Event-Driven Video Generation (EVD)

Figure 3 summarizes EVD, from token-aligned event activity prediction and
stable gate formation to gated latent updates during sampling.

Latent video representation and notation We consider text-conditioned
video generation. A video clip is denoted by x ∈ RT×H×W×3 with T frames.
Following standard practice in large-scale video diffusion/flow models, we gener-
ate in a compressed latent space using a temporal video autoencoder. Let E(·)
and D(·) denote the encoder and decoder, and define the latent video

z = E(x), x ≈ D(z), (1)

where z ∈ RT ′×H′×W ′×C has reduced spatiotemporal resolution.
Let y denote the text prompt, encoded by a frozen text encoder into a se-

quence of embeddings. We denote the DiT backbone by uθ(·), parameterized by
θ, which operates on noised latents and conditions on (y, t), where t ∈ [0, 1] is
the continuous diffusion/flow time.

Noise model and training target. We use a continuous-time Flow Matching for-
mulation in latent space [18, 21, 23]. Given a clean latent z1 and noise z0 ∼
N (0, I), we sample t ∼ U [0, 1] and form the interpolated latent

zt = t z1 + (1− t) z0, (2)

with velocity target

vt =
dzt
dt

= z1 − z0. (3)

The backbone predicts v̂t = uθ(zt, y, t). We keep this interface fixed and modify
how the model represents and applies event-driven state changes in the subse-
quent subsections.

DiT backbone and conditioning interface EVD is built on a pre-
trained video Diffusion Transformer (DiT) operating in latent space. Given
zt ∈ RT ′×H′×W ′×C , we patchify zt into spatiotemporal tokens and map them
to the model width d, yielding a token sequence st ∈ RN×d, where N is the
number of spatiotemporal patches. The DiT applies L transformer blocks with
spatiotemporal self-attention and text cross-attention, producing final features
s
(L)
t .

The DiT backbone outputs a prediction of the Flow Matching velocity
(Eq. (3)):

v̂t = uθ(zt, y, t). (4)

We do not modify the backbone architecture or its tokenization; EVD introduces
an additional lightweight event pathway that predicts event activity aligned with
the same token grid and uses it to gate updates during training and sampling
(Secs. 5.2–5.4).
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Sampling interface. Sampling evolves a latent trajectory {ztk}
K
k=0 along a mono-

tone time grid 0 = t0 < · · · < tK = 1. At each step, the sampler queries
the backbone to obtain a direction field and updates ztk using a solver step
(Euler/Heun/DPM-style [38]). EVD is compatible with any such solver because
it only changes the direction field passed to the solver.

Classifier-free guidance (CFG) We use classifier-free guidance (CFG) to
improve prompt adherence. At each sampling step tk, we evaluate the backbone
with the prompt y and with a null prompt ∅, and form the guided direction
field

v̂cfg(ztk , y, tk) = (1 + wcfg)uθ(ztk , y, tk) − wcfg uθ(ztk ,∅, tk), (5)

where wcfg ≥ 0 is the guidance scale. EVD applies event gating after forming v̂cfg,
so prompt adherence is preserved while spurious, event-inconsistent dynamics are
suppressed (Sec. 5.4).

Why frame-first generation fails on interactions Although modern video
generators can produce locally smooth motion [1, 4, 9, 14, 20, 27, 33, 39], they
often violate basic causal structure in simple interactions: effects appear with-
out causes (e.g., objects move before contact), causes occur without coherent
effects (e.g., an interaction is implied but the state does not respond), and post-
interaction states drift instead of settling. These errors are particularly salient in
prompts involving contact, support, constrained mechanisms, or material trans-
fer, and they map directly to the four failure categories used in our analysis:
State Persistence, Spatial Accuracy, Support Relations, and Contact Stability.

5.2 Event-Driven Video Generation

Core idea: event-gated state updates EVD models a video as persistent
latent state punctuated by discrete interaction events. At diffusion/flow time
t, we introduce an event representation et aligned with the DiT token grid,
and derive from it an event gate gψ(et, t) ∈ [0, 1]

N (token-wise, broadcast across
channels). The gate modulates the backbone direction field so that state updates
occur only when justified by an active interaction:

∆zt = UnTok
(
gψ(et, t)⊙ Tok

(
uθ(zt, y, t)

))
. (6)

When the event signal indicates “no interaction” (gate near zero), the update
is suppressed and the state remains stable; when an event is active (gate near
one), the update proceeds normally. This single mechanism targets both common
degeneracies: missing events (state changes without a visible interaction) and
ghost events (an implied interaction without a coherent state change).

In the remainder of this section, we specify (i) how et and gψ are instantiated,
(ii) the event-grounded training objective, and (iii) the event-driven sampling
procedure with CFG.
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Event representation and event head EVD uses a token-aligned event field
to localize interactions in space and time. Let s

(L)
t ∈ RN×d be the final DiT

token features at time t. We attach a lightweight event head πψ that predicts an
event field

êt = πψ(s
(L)
t , t) ∈ RN×Ce , (7)

with a small channel budget Ce (we use Ce = 1 in the main method). The first
channel is interpreted as an event activity logit, and we obtain a token-wise
activity probability via

ât = σ(ê
(1)
t ) ∈ [0, 1]

N
, (8)

where σ(·) is the sigmoid and ê
(1)
t denotes the activity channel.

Zero-impact initialization. To preserve pretrained DiT behavior at the start of
fine-tuning, we initialize πψ to near-zero output so that ât ≈ 0 initially, and the
model reduces to the base backbone before learning event structure.

Spatial smoothing. Event activity can be spatially fragmented due to noise. We
apply a lightweight smoothing operator S over the spatial patch grid (per frame)
and use ãt = S(ât) in all gating computations. In our main setting, S is a 3× 3
average filter.

Event gate: soft activation with hysteresis We convert the smoothed activ-
ity ãt ∈ [0, 1]

N into a stable, token-wise gate gt ∈ [0, 1]
N that controls whether

each token is allowed to update. EVD uses soft activation to avoid brittle thresh-
olding and hysteresis to prevent flickering event boundaries.

Soft activation. We first form a soft gate centered between the on/off thresholds:

ḡt = σ
(
β
(
ãt − τon+τoff

2

))
, (9)

where β > 0 controls sharpness and τon > τoff define the hysteresis band.

Hysteresis update. We maintain a binary state gate gbint ∈ {0, 1}N with token-
wise update:

gbint,i =


1, ãt,i ≥ τon,

0, ãt,i ≤ τoff ,

gbint−,i, otherwise,
(10)

where t− denotes the previous sampling step (or previous iteration in the dis-
cretized schedule) and i indexes tokens. Finally, we combine soft and hysteresis
gates to obtain the effective gate used for modulation:

gt = ḡt ⊙ gbint , (11)
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Here gbint provides stable on/off event activation (prevents flicker), while ḡt
smoothly scales update magnitude within active regions; scheduled gating is
applied afterward during sampling (Sec. 5.4).

In practice this reduces to using the hysteresis state for stability while re-
taining smooth transitions through ḡt. (The exact implementation used in our
experiments is provided as pseudocode in the Supplementary Material.)

Event-gated update field Given the backbone prediction v̂t = uθ(zt, y, t)

and the event gate gt ∈ [0, 1]
N , EVD forms an event-gated direction field by

modulating the patchified backbone output and unpatchifying back to latent
space:

ṽt = UnTok
(
gt ⊙ Tok

(
v̂t
))

. (12)

We then pass ṽt to the same solver used by the base model. Because EVD
only changes the direction field, it is compatible with any ODE sampler
(Euler/Heun/DPM-style) used for DiT video generation.

5.3 Training Objective

We keep the base Flow Matching objective (Eqs. (2)–(3)) and add event-
grounded terms that couple event activity to state evolution. Let v̂t = uθ(zt, y, t)
be the predicted velocity and ∆t = Tok(v̂t) its token form.

Base Flow Matching loss The base loss matches the predicted velocity to
the target vt = z1 − z0:

Lbase = Ez1,z0,t,y
[∥∥uθ(zt, y, t)− (z1 − z0)

∥∥2
2

]
. (13)

Event realization loss To prevent missing events (state changes without an
active interaction), we penalize update energy in tokens where the event activity
is low:

Lreal = E
[∥∥(1− ãt)⊙∆t

∥∥2
2

]
, (14)

where ãt is the smoothed event activity (Sec. 5.2). This term forces the model to
either (i) predict an active event where a state change is required, or (ii) suppress
the state change when no event is present.

Event consistency loss To prevent ghost events and reduce jitter during inter-
actions, we enforce that state updates under active events are locally consistent
across nearby diffusion/flow times. For each training sample we draw a second
time t′ = clip(t + δ, 0, 1) with δ ∼ U [−∆,∆], construct zt′ = t′z1 + (1 − t′)z0,
and compute ∆t = Tok(uθ(zt, y, t)), ∆t′ = Tok(uθ(zt′ , y, t

′)), with corresponding
activities ãt and ãt′ . We then minimize the event-masked discrepancy:

Lcons = E
[∥∥ãt ⊙∆t − ãt′ ⊙∆t′

∥∥2
2

]
. (15)
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Intuitively, once an interaction is active, the model should not oscillate between
incompatible update directions across infinitesimally close times; Lcons encour-
ages stable, directed state evolution during the event.

Ordering and termination loss EVD additionally enforces a simple causal
ordering: motion should not occur before event initiation and should decay after
termination. Using the same thresholds that define the hysteresis band (τon >
τoff), we suppress update energy in low-activity regions:

Lorder = E
[∥∥1[ãt < τon]⊙∆t

∥∥2
2
+
∥∥1[ãt < τoff ]⊙∆t

∥∥2
2

]
, (16)

where 1[·] is applied token-wise. The first term discourages pre-event motion
(improving Contact Stability); the second term suppresses residual updates after
the model indicates the event is off (improving State Persistence).

Time-weighted objective Event grounding matters most at early diffu-
sion/flow times that determine coarse dynamics. We therefore apply a time
weight

w(t) = 1[t ≤ t⋆loss] + exp
(
− κ(t− t⋆loss)

)
1[t > t⋆loss], (17)

and optimize the total objective

L = Lbase + w(t)
(
λrealLreal + λconsLcons + λorderLorder

)
. (18)

The complete training procedure is provided in the Supplementary Material.

5.4 Inference: Event-Driven Sampling

At inference, EVD uses the same sampler and decoder as the base DiT model,
but replaces the direction field passed to the solver with an event-gated field.
This change directly suppresses pre-contact motion and post-interaction drift
while preserving prompt adherence via CFG.

Scheduled event gating Event grounding is most important early in sampling,
where coarse motion and interaction structure are established. We therefore ap-
ply event gating strongly for early steps and anneal it later. Given sampling time
tk, we define

ρ(tk) =

1, tk ≤ t⋆,

1− tk − t⋆

1− t⋆
, tk > t⋆,

(19)

and combine it with the gate gk to obtain the scheduled gate

gschedk = ρ(tk) gk + (1− ρ(tk))1, (20)

where 1 is the all-ones gate (no gating). When ρ = 1, EVD applies full event
gating; when ρ = 0, sampling reduces to the base model.
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Event-driven solver update At each step we compute the hysteresis gate gbink
(Eq. (10)) and the soft gate ḡk (Eq. (9)), set gk = ḡk ⊙ gbink (Eq. (11)), and then
apply the scheduled gate gschedk (Eq. (20)). We then pass the gated direction field
to the base solver:

ṽtk = UnTok
(
gschedk ⊙ Tok

(
v̂cfg(ztk , y, tk)

))
, (21)

ztk+1
= Step(ztk , ṽtk , tk, tk+1), (22)

where Step(·) is any solver step used by the base model (Euler/Heun/DPM-
style). The complete sampling procedure is provided in the Supplementary Ma-
terial.

5.5 Practical settings

For all experiments, we use the same latent clip format and sampling interface
described in Sec. 5.1. Unless otherwise stated, we use K = 50 sampling steps
with CFG scale wcfg = 4.0. Event gating uses β = 12.0 and hysteresis thresholds
τon = 0.62, τoff = 0.38, with 3 × 3 spatial smoothing on the patch grid. We
apply scheduled gating with cutoff t⋆ = 0.60, i.e., full gating for early steps and
linear annealing thereafter (Sec. 5.4). For training, we set t⋆loss = 0.60 and κ = 6
in the time-weight w(t) (Eq. (17)), use event dropout pe = 0.25, and optimize
Eq. (18) with λreal = 0.12, λcons = 0.08, and λorder = 0.03. These values are
sufficient to reproduce the qualitative behaviors in our figures and the quantita-
tive gains on EVD-Bench; the Supplementary Material provides compute/data
details, extended ablations, and sensitivity analyses.

6 Experiments

We evaluate EVD on prompts where the important question is not just whether
the frames look plausible, but whether the interaction happens in the right order.
The section covers the EVD-Bench setup, qualitative comparisons, human and
automatic metrics, and the ablations needed to separate event grounding from
a generic motion mask.

6.1 Setup

We evaluate on EVD-Bench, a curated set of 150 short interaction-centric
prompts that stress causal event realization, grouped into four failure categories
used throughout (Fig. 2): State Persistence, Spatial Accuracy, Support Rela-
tions, and Contact Stability. Our primary baselines are pretrained DiT-4B and
DiT-30B, with DiT-4B+EVD and DiT-30B+EVD applying EVD as an additive
modification (lightweight event head + event-driven training/sampling) without
changing transformer blocks; Fig. 6 additionally includes strong external
video generators for qualitative reference. All methods generate 128-frame
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clips at 24 fps with a 256×256 base generation resolution in the temporal-
autoencoder latent/decoder space (upsampled to 720p for visualization), using
a matched solver, step budget K (NFE), and CFG scale wcfg; critically, EVD
changes only the direction field passed to the sampler (event gating) and uses
identical decoding with no post-hoc filtering. We report automatic VBench
Appearance/Dynamics and human 2AFC preferences over Text Faithfulness,
Quality, and Dynamics, running each model once per prompt with a fixed
seed and evaluating the first sample (no cherry-picking). Human-evaluation
details, EVD-Bench construction and leakage safeguards, and closed-source
normalization are provided in the Supplementary Material.

6.2 Qualitative Results

Fig. 4 shows six EVD samples: ball-through-hoop, sliding door, sponge
press/release, trash-can lid open/close, two-person pass, and liquid pouring.1
We use these examples to check the concrete behavior of the method. The
motion starts after the triggering action, contact regions stay spatially plausible,
and the scene usually settles instead of continuing to drift after the event.

“A basketball passes cleanly through a hoop” “A sliding glass door is opened along its track”

“A sponge is pressed against a surface and then released” “A trash can lid opens and then falls closed”

“Two people pass a basketball to each other” “Water is poured from a bottle into a glass”

Fig. 4: Representative EVD samples. The six prompts cover target-directed mo-
tion, a constrained mechanism, deformation and recovery, gravity-mediated closure, a
two-person handoff, and liquid transfer. The examples are meant to show the local
effect of the event gate: motion is concentrated near the active interaction and reduced
once the intended state change has happened.

1 These are exactly the six prompts shown in Fig. 4.
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Table 1: Comparison of EVD with video generation baselines on EVD-
Bench. Human evaluation reports the percentage of pairwise votes favoring EVD;
automatic metrics are computed using VBench. TF denotes Text Faithfulness, Qual.
denotes Overall Quality, Dyn. denotes Dynamics, and App. denotes Appearance; higher
is better for all columns.

(a) Prior video generation baselines
Human Eval Auto. Metrics

Method TF Qual. Dyn. App. Dyn.

CogVideo2B 80.2 88.1 89.7 69.8 87.6
CogVideo5B 65.4 73.8 72.5 72.3 89.2
PyramidFlow 75.8 82.4 81.1 73.9 88.5
DiT-4B 70.6 76.8 80.3 75.4 78.9
DiT-4B+EVD 88.9 91.3 96.4 76.2 94.8

(b) Large-scale video generators
Human Eval Auto. Metrics

Method TF Qual. Dyn. App. Dyn.

Kling 3.0 Pro 61.8 67.4 72.9 78.6 92.6
Runway Gen-4.5 64.7 71.2 76.8 76.9 91.4
Veo 3.1 66.9 73.5 78.4 77.2 91.8
Sora 2 Pro 63.5 69.8 74.1 77.8 90.9
Mochi 1 58.2 63.7 70.3 72.6 88.8
DiT-30B 72.4 76.1 79.5 73.8 88.7
DiT-30B+EVD 89.7 92.4 97.1 78.1 95.7

6.3 Quantitative Results on EVD-Bench

Table 1 combines the human 2AFC study with VBench scores on EVD-Bench.
Human raters prefer DiT+EVD over the corresponding DiT baseline for Text
Faithfulness, Overall Quality, and most strongly Dynamics. The automatic met-
rics show the same pattern we want to see: VBench Dynamics increases, while
Appearance stays close to the base model. This matters because many failures
in Fig. 2 are not low-level visual artifacts; they are incorrect or unstable state
updates inside otherwise realistic-looking clips.

Stress tests and diagnostics. Beyond EVD-Bench, we evaluate fixed-seed
compositional/temporal and simultaneous-event subsets drawn from T2V-
CompBench [31] and NeuS-V [30], compare against recent open-source
generators (Wan/Hunyuan) [14, 32], and report confidence intervals and
motion-mask controls in the Supplementary Material. Fig. 5 further validates
that EVD activity localizes to prompt-relevant interaction regions rather than
diffuse background motion: the pseudo-target, learned activity, and final gate
concentrate around placement or contact and material-transfer events while
suppressing inactive regions. This supports the central claim that EVD learns
an event-grounded update signal, not merely a generic motion mask.

6.4 Baseline Comparisons

Fig. 6 compares four interaction prompts. The baselines often look realistic in
isolated frames, but the event itself is misplaced: an object begins changing
before contact, the deformation or constraint response is too weak, or the scene
keeps drifting after the interaction should have ended. We see this for material
transfer (coffee filling), compliance (pillow compression), constraint enforcement
(rope straightening), and multi-agent transitions (elevator door opening and
people stepping inside). EVD does not solve every detail, but in these examples
the main state change is better aligned with the trigger and has a more stable
postcondition.
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Fig. 5: Pseudo-target and gate localization diagnostics. We visualize place-
ment/contact (left) and pouring/material transfer (right) at three time points. The
first row shows RGB frames; lower rows overlay event signals on the corresponding
frames. The pseudo-target ãt is the self-supervised event target extracted from local-
ized change, the learned activity ât is the event-head prediction, and the final gate gt
is the smoothed, hysteretic, scheduled gate used to modulate latent updates. The three
signals are aligned but not identical because they correspond to different stages of the
EVD pipeline: supervision, prediction, and update gating. Activity concentrates at the
glass–table contact and along the bottle-mouth, stream, and receiving-glass transfer
path, while inactive/background regions remain suppressed.

Movie Gen

“A pillow is placed onto a bed and compresses slightly”

Sora DiT-30B DiT-30B + EVD

“A rope is pulled across the floor and straightens”

“An elevator door opens and people step inside”

“Coffee is poured into a cup and fills it gradually”

Fig. 6: Qualitative comparison with video generation baselines. We compare
EVD against Movie Gen, Sora, and DiT-30B on representative prompts involving soft-
body deformation, flexible-object dynamics, structured scene interactions, and liquid
transfer. The comparison highlights where the event gate changes the result: the base-
line clips often miss the contact response or keep changing state after the intended
interaction, while EVD better localizes the state change around the active event.
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Table 2: Efficiency and overhead. EVD adds a lightweight event head and gat-
ing logic while keeping the same sampler, steps (K=50), and CFG structure (2 DiT
evaluations per step).

Model Total
Params

Added
Params

Added
(%)

Train
Throughput

Inference
Overhead

DiT
evals/step

Steps
(K)

DiT-4B 4.0B – – 1.00× 1.00× 2 (CFG) 50
DiT-4B+EVD 4.0B 6.5M 0.16% 0.98× 1.02× 2 (CFG) 50

DiT-30B 30.0B – – 1.00× 1.00× 2 (CFG) 50
DiT-30B+EVD 30.0B 12.0M 0.04% 0.97× 1.02× 2 (CFG) 50

Table 3: EVD ablations on EVD-Bench (DiT-4B backbone). Human Eval re-
ports the percentage of 2AFC votes favoring the full DiT-4B+EVD model over each ab-
lated variant (higher is better for EVD). Auto. Metrics are computed using VBench.
All variants use identical sampling settings (solver, NFE, CFG scale) and the same
prompt set.

Settings Human Eval (EVD wins %) Auto. Metrics

Variant Real Cons Order Gate Sched. Text Faith. Quality Dynamics Appearance Dynamics

DiT-4B (no EVD) No No No No – 70.6 76.8 80.3 75.4 78.9
w/o event realization No Yes Yes Yes Anneal 65.2 69.4 78.8 75.9 91.2
w/o event consistency Yes No Yes Yes Anneal 61.3 65.0 74.2 76.0 92.1
Training-only (no gating) Yes Yes Yes No Off 63.0 66.8 77.1 76.1 90.5
Inference-only (no event losses) No No No Ext. Anneal 70.5 74.9 86.0 75.6 84.0
Disable gating & event use at inference Yes Yes Yes No – 67.8 71.6 82.4 75.5 86.7
No schedule (const. gate) Yes Yes Yes Yes Const. (1.0) 55.7 58.9 60.5 75.7 94.1
No schedule (weak const. gate) Yes Yes Yes Yes Const. (0.5) 57.9 61.0 65.8 76.1 93.6

DiT-4B + EVD (full) Yes Yes Yes Yes Anneal 88.9 91.3 96.4 76.2 94.8

6.5 Ablations and Sensitivity

Component ablations. Table 3 breaks down the EVD components on EVD-
Bench. Removing realization mostly brings back non-causal initiation (Con-
tact Stability); removing consistency makes interactions noisier and less stable
(State Persistence); and removing ordering weakens the settling behavior after
an event. Training-only EVD and inference-only EVD recover only part of the
gain. The controls show that motion masking alone is not enough; the useful
part is training the model to align its own event signal with the latent update.
We also find that constant gating without annealing hurts preference, which is
why the full model uses the scheduled gate. Details of the motion-mask audit
are provided in the Supplementary Material.

Efficiency and overhead. EVD keeps the backbone, solver, decoder, and sampling
budget (K/NFE) fixed; the extra work is only the event head and direction-
field gate. Table 2 shows that this adds negligible parameters and about 1.02×
inference overhead.

Hyperparameter sensitivity. EVD is broadly robust to K (NFE), CFG scale wcfg,
and gating hyperparameters (β, τon, τoff , t⋆); the full sensitivity sweep is provided
in the Supplementary Material.
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7 Conclusion

We introduced Event-Driven Video Generation (EVD), a small modification to
pretrained video DiTs that ties latent updates to predicted event activity. The
main empirical takeaway is that the model does not need a new solver or decoder
to reduce several interaction errors: when the event head is trained together with
the latent update and used during sampling, EVD improves human preference
and automatic dynamics metrics on EVD-Bench while leaving appearance largely
unchanged.

Limitations. EVD is least reliable when the event is hard to localize at the
model’s operating resolution: small or occluded contacts, cluttered multi-object
interactions, thin fluid effects, or dominant camera motion. In those cases, both
the pseudo-targets and the learned event head can become ambiguous, and the
gate may either suppress useful motion or allow unrelated motion through. Fu-
ture work should make the event signal more object- and contact-aware, and
may also benefit from stronger motion disentanglement or higher-resolution la-
tent/video backbones.
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