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“4 rolling ball collides with a wall and stops”

e | — e
“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.
Event-Driven Video Generation enforces causal state transitions, eliminating halluci-
nated motion and physically implausible interactions that persist in state-of-the-art
video diffusion models.

Abstract. State-of-the-art text-to-video models often look realistic
frame-by-frame yet fail on simple interactions: motion starts before
contact, actions are not realized, objects drift after placement, and
support relations break. We argue this stems from frame-first denoising,
which updates latent state everywhere at every step without an explicit
notion of when and where an interaction is active. We introduce
Event-Driven Video Generation (EVD), a minimal DiT-compatible
framework that makes sampling event-grounded: a lightweight event
head predicts token-aligned event activity, event-grounded losses couple
activity to state change during training, and event-gated sampling (with
hysteresis and early-step scheduling) suppresses spurious updates while
concentrating updates during interactions. On EVD-Bench, EVD consis-
tently improves human preference and VBench dynamics, substantially
reducing failure modes in state persistence, spatial accuracy, support
relations, and contact stability without sacrificing appearance. These
results indicate that explicit event grounding is a practical abstraction
for reducing interaction hallucinations in video generation.

Keywords: Text-to-video generation - Event grounding - Video diffu-
sion transformers

1 Introduction

Recent video foundation models have advanced rapidly in realism, resolution,
and duration, pushing text-to-video toward general-purpose visual simulation at
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(a) State Persistence
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“Someone pulls a chair from under a table” 4 robotic arm places a cube onto a platform” “A person stacks one book on top of another”  “A plate is placed onto a dining table”
Fig. 2: Failure taxonomy of DiT-30B under simple physical interactions. Ex-
amples of systematic breakdowns in DiT-30B generations: (a) state persistence, e.g.,
post-interaction dynamics (the chair continues moving after the pulling action has
ceased); (b) spatial accuracy, e.g., object placement (the cube fails to align with the
intended platform); (c) support relations, e.g., event realization (the book appears
stacked without a visible stacking action); and (d) contact stability, e.g., causal initia-
tion (the plate begins moving before any hand—object contact occurs).

scale. Space—time diffusion architectures can synthesize temporally coherent clips
in a single pass (e.g., Lumiere [1]), while large diffusion-transformer systems scale
training recipes, latent representations, and context lengths to high-fidelity long
videos (e.g., Movie Gen [27], Step-Video-T2V [20]). In parallel, open and semi-
open efforts narrow the gap through systematic data curation and infrastructure
(e.g., HunyuanVideo [14], Open-Sora [39], Wan [32]) and faster /efficient sampling
paradigms (e.g., Pyramidal Flow Matching [12], T2V-Turbo/T2V-Turbo-v2 [15,
16]), enabling increasingly compelling generations.

2 Motivation

Despite these gains, interaction-heavy prompts still expose a persistent bottle-
neck: videos can look locally smooth yet violate causal structure—effects be-
fore causes, missing contacts, and unstable postconditions—which undermines
physical credibility even in simple everyday scenes. This weakness is reflected
in contemporary evaluation efforts that decompose “video quality” into mo-
tion/physics/consistency axes and stress that superficial fidelity does not imply
intrinsically realistic dynamics (VBench [10], VBench++ [11], VBench-2.0 [37]).
Empirically, recent large models can score well on appearance while still failing
on interaction grounding, motivating methods that explicitly target motion and
dynamics rather than relying on scale alone [28].

Existing SOTA work improves dynamics via better architectures and
training/inference recipes (e.g., CogVideoX [34], Open-Sora STDIT [39],
HunyuanVideo [14], Step-Video-T2V [20]), and via motion-focused objectives
and inference-time steering that address the appearance—motion imbalance
(VideoJAM [4]). However, these approaches largely remain “frame-first”: the
sampler updates the latent state everywhere at every step, allowing spurious
changes that are locally plausible but globally ungrounded in discrete interaction
events. As illustrated in Fig. 2, strong DiT backbones can produce visually
plausible frames while violating event causality—e.g., pre-contact motion,
missing interaction realization, and post-event drift—which we summarize into
four recurring failure categories (State Persistence, Spatial Accuracy, Support
Relations, Contact Stability). In other words, interaction realism requires an
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internal notion of event activity (whether an interaction is happening here/now)
that can gate where/when the latent is allowed to change, so contact initiation,
constrained motion, and settling emerge as event-conditioned state transitions
rather than incidental artifacts of denoising.

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]. Yet
interaction-heavy prompts still expose failures in causal initiation, contact, sup-
port, and post-event stability. Evaluation suites such as VBench, VBench++,
VBench-2.0, WorldSimBench, T2V-CompBench, and NeuS-V likewise empha-
size that visual quality alone does not imply temporally faithful or physically
meaningful generation [10,11,28,30,31,37]. EVD targets this gap 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), a minimal DiT-compatible
mechanism that makes latent evolution explicitly event-grounded. EVD (i) at-
taches a lightweight event head to DiT token features to predict a token-aligned
event activity map, (ii) trains with event-grounded losses that suppress updates
when no event is active and stabilize updates during interactions, and (iii) mod-
ifies sampling by gating the solver direction field with a hysteresis-and-schedule
rule that concentrates updates early when events form and attenuates spurious
late-step drift. The result is a backbone-agnostic recipe that composes natu-
rally with modern DiT video systems [20,27, 34, 39] and improves interaction
realism without changing the solver family or decoding stack; remaining lim-
itations arise when event signals are weak/ambiguous at operating resolution
(e.g., small/occluded contacts or cluttered multi-object scenes), suggesting fu-
ture object-centric or contact-aware event cues.
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Fig. 3: Overview of Event-Driven Video Generation (EVD). Given a noised
latent video z: and prompt y, a pretrained video DiT predicts a base update field vz,
while a lightweight event head predicts token-aligned event activity a.. EVD converts
this activity into a stable event gate using smoothing, soft activation, hysteresis, and an
early-step schedule, and applies the resulting gate to the DiT update field before the
solver step. During training, event-grounded losses enforce that state changes occur
only when an event is active and remain coherent throughout the interaction. This
turns frame-first generation into event-grounded state transitions, improving causal
initiation, interaction realization, and stable postconditions.

5 EVD

This section presents Event-Driven Video Generation (EVD), a minimal modi-
fication of a pretrained video DiT backbone that enforces event-grounded state
transitions. We first set up notation and the latent-video backbone interface
(Sec. 5.1), then introduce the core event-gated update rule and the event head
used to predict token-aligned event activity (Sec. 5.2). Next, we specify the
event gate (soft activation with hysteresis) and the resulting gated direction
field (Sec. 5.2). We then derive the training objective—base Flow Matching plus
event realization, consistency, ordering, and time-weighting terms (Sec. 5.3)—
and finally describe event-driven inference with scheduled gating under CFG
(Sec. 5.4). For full reproducibility, Appendix A.8 provides self-contained train-
ing and sampling pseudocode, and Sec. 5.5 lists the default hyperparameters

used in our experiments.

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.
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Latent video representation and notation We consider text-conditioned
video generation. A video clip is denoted by x € RT*HXWX3 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'XW'xC hag 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 ug(-), parameterized by
0, which operates on noised latents and conditions on (y,t), where ¢ € [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 z; and noise zy ~
N(0,1), we sample t ~ 1[0, 1] and form the interpolated latent

ze =tz + (1 —1) 20, (2)
with velocity target
dz
vt:d—;:zlfzo. (3)

The backbone predicts Uy = wg(2t,y,t). EVD preserves this backbone interface
and modifies how the model represents and applies event-driven state changes
in subsequent subsections.

DiT backbone and conditioning interface EVD is built on a pre-
trained video Diffusion Transformer (DiT) operating in latent space. Given
2 € RTXH' XW'XC e patchify z, into spatiotemporal tokens and map them
to the model width d, yielding a token sequence s; € RV*? 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,

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

v = ug(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).

Sampling interface. Sampling evolves a latent trajectory {z, }5:0 along a mono-
tone time grid 0 = ¢y < .-+ < txg = 1. At each step, the sampler queries
the backbone to obtain a direction field and updates z;, 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.
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Classifier-free guidance (CFG) We use classifier-free guidance (CFG) to
improve prompt adherence. At each sampling step ¢, we evaluate the backbone

with the prompt y and with a null prompt &, and form the guided direction
field

:U\Cfg(ztkayvtk) = (1+wcfg) u@(ztkayvtk) - wcfgulg(ztka®7tk)7 (5)

where wegg > 0 is the guidance scale. EVD applies event gating after forming vefe,
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 e; aligned with the DiT token grid,
and derive from it an event gate gy (e, t) € [0, l]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:

Az = UnTok(gw(et,t) ©® Tok(ug(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 e, and g, are instantiated,
(ii) the event-grounded training objective, and (iii) the event-driven sampling
procedure with CFG.

Event representation and event head EVD uses a token-aligned event field
to localize interactions in space and time. Let S)EL) € RV*d be the final DiT
token features at time ¢. We attach a lightweight event head 7y that predicts an
event field

& = my(sth t) € RN*Ce, (7)
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with a small channel budget C, (we use C. = 1 in the main method). The first
channel is interpreted as an event activity logit, and we obtain a token-wise
activity probability via

ar = o(e)) € 0.1%, (8)
where o(+) is the sigmoid and égl) denotes the activity channel.

Zero-impact initialization. To preserve pretrained DiT behavior at the start of
fine-tuning, we initialize 7, to near-zero output so that a; ~ 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 a; = S(a;) in all gating computations. In our main setting, S is a 3 x 3
average filter.

Event gate: soft activation with hysteresis We convert the smoothed activ-
ity a; € [0, 1]N into a stable, token-wise gate g; € [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:

gt = U(ﬂ(&t— W))» 9)

where 8 > 0 controls sharpness and 7,, > 7,g define the hysteresis band.

Hysteresis update. We maintain a binary state gate g™ € {0, 1}N with token-
wise update:
1, &t,i = Ton,
g =10, ani < o, (10)
gk’irji, otherwise,
where ¢t~ denotes the previous sampling step (or previous iteration in the dis-
cretized schedule) and ¢ indexes tokens. Finally, we combine soft and hysteresis
gates to obtain the effective gate used for modulation:

g = Gt © g™, (11)
Here gP'™ provides stable on/off event activation (prevents flicker), while g;
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 g;. (Algorithm 2 provides the exact imple-
mentation used in our experiments.)
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Event-gated update field Given the backbone prediction 0, = wug(z¢,y,t)
and the event gate g: € [0, 1]N7 EVD forms an event-gated direction field by
modulating the patchified backbone output and unpatchifying back to latent
space:

B = UnTok(thTok(ﬁt)>. (12)

We then pass vy 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

EVD preserves the base Flow Matching objective (Egs. (2)—(3)) and adds event-
grounded terms that couple event activity to state evolution. Let vy = ug(z¢, y, t)
be the predicted velocity and A; = Tok(v;) its token form.

Base Flow Matching loss The base loss matches the predicted velocity to
the target vy = 21 — 2¢:

['base - Ezl,zo,t,y [HUG(Ztv Y, t) - (zl - Z(])||§:| . (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:

Lyieal = E[H(l—dt)@AtHﬂ, (14)

where a; 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 ¢’ = clip(t + 0,0,1) with 6 ~ U[—A, A], construct zy = t'z; + (1 — t')zo,
and compute A; = Tok(ug (2, y,t)), Ay = Tok(ug(z,y,t')), with corresponding
activities a; and ay. We then minimize the event-masked discrepancy:

~ ~ 2
Econs = ]E|:Haf © At —ay © At’ 2i| . (15)
Intuitively, once an interaction is active, the model should not oscillate between
incompatible update directions across infinitesimally close times; L.ons €ncour-
ages stable, directed state evolution during the event.
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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 (7o, >
Toff ), We suppress update energy in low-activity regions:

Lorder = E[Hl[dt < Ton] ® AtHi +||1[as < Torr] © Atuﬂ, (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) = 1t < tog] +exp( = w(t — thoe) ) L[t > o), (17)

and optimize the total objective
L = Ebase + w(t) (Arealﬁreal + Aconsﬁcons + Aorderﬁorder) . (18)

Appendix A.8 provides the complete training procedure.

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
ti, we define

]-7 tx < t*,
ty) = t — t* 19
p(tr) 1_ ot >, (19)
1—t*
and combine it with the gate g; to obtain the scheduled gate
gt = plte) g + (1= p(te)) 1, (20)

where 1 is the all-ones gate (no gating). When p = 1, EVD applies full event
gating; when p = 0, sampling reduces to the base model.
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Event-driven solver update At each step we compute the hysteresis gate gbin
(Eq. (10)) and the soft gate gx (Eq. (9)), set gr = gr ® g2 (Eq. (11)), and then
apply the scheduled gate g;"d (Eq. (20)). We then pass the gated direction field
to the base solver:

U, = UnTok(gZChEd @Tok(ﬁdg(ztk,y,t@))7 (21)

Ztpr = Step(zt,, Vg ths teg1), (22)

where Step(-) is any solver step used by the base model (Euler/Heun/DPM-
style). Algorithm 2 provides the complete sampling procedure.

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 wes = 4.0. Event gating uses 8 = 12.0 and hysteresis thresholds
Ton = 0.62, 7o = 0.38, with 3 x 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 ¢ .. = 0.60 and x = 6 in the
time-weight w(t) (Eq. (17)), use event dropout p. = 0.25, and optimize Eq. (18)
with Areal = 0.12, Acons = 0.08, and Agrger = 0.03. These values are sufficient to
reproduce the qualitative behaviors in our figures and the quantitative gains on
EVD-Bench; the appendix provides compute/data details, extended ablations
and sensitivity analyses.

6 Experiments

We first describe the evaluation setup—EVD-Bench, baselines, sampling con-
trols, and metrics (Sec. 6.1). We then present qualitative results (EVD samples
and comparisons; Sec. 6.2), followed by quantitative results on EVD-Bench (hu-
man preference and VBench; Sec. 6.3). Finally, we analyze ablations, sensitivity,
efficiency, overhead (Sec. 6.5), and conclude with limitations (Sec. 7).

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. 5 additionally includes strong external video
generators for qualitative reference. All methods generate 128-frame clips at
24 fps with a 256x256 base generation resolution in the temporal-autoencoder
latent /decoder space (upsampled to 720p for visualization), using a matched
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solver, step budget K (NFE), and CFG scale weg; 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 Appear-
ance/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-eval details, EVD-Bench
construction/leakage safeguards, and closed-source normalization are provided
in Appendices A.13, A.11, and A.16.

6.2 Qualitative Results

Fig. 4 presents text-to-video samples generated by EVD on six diverse interac-
tion prompts (ball-through-hoop, sliding door, sponge press/release, trash-can
lid open/close, two-person pass, and liquid pouring).! Across these cases, EVD
exhibits consistent event-grounded behavior: state changes are causally initi-
ated (motion begins after the triggering action), contact is coherent (interacting
objects maintain plausible spatial relationships without interpenetration or tele-
portation), and postconditions are stable (the scene settles after the event rather
than drifting).

T 1.

“A sponge is pressed against a surface and then released” “A trash can lid opens and then falls closed”
P——] p—) — - -

— AY T— " - = - -
“Two people pass a basketball to each other” “Water is poured from a bottle into a glass”

Fig. 4: Representative text-conditioned video generations from EVD. EVD
produces coherent event-driven dynamics across a diverse set of interactions, including
target-directed motion, constrained mechanisms, deformation and recovery, gravity-
mediated closure, multi-agent coordination, and liquid transfer. These examples illus-
trate that EVD captures causally grounded state transitions beyond simple frame-to-
frame motion synthesis.

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

Method TF Qual. Dyn. App. Dyn. Method TF Qual. Dyn. App. Dyn.
CogVideo2B 80.2 88.1 89.7 69.8 87.6 Kling 3.0 Pro 61.8 674 729 78.6 92.6
CogVideo5B 65.4 73.8 725 723 89.2 Runway Gen-4.5 64.7 71.2 76.8 76.9 91.4
PyramidFlow  75.8 824 81.1 73.9 88.5 Veo 3.1 66.9 73.5 784 77.2 91.8
DiT-4B 70.6 76.8 80.3 75.4 78.9 Sora 2 Pro 63.5 69.8 741 778 90.9
DiT-4B+EVD 88.9 91.3 96.4 76.2 94.8 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 reports our headline quantitative results on EVD-Bench,combining hu-
man preference (2AFC) and automatic metrics (VBench). Across all prompts,
DiT+EVD is preferred substantially more often than the DiT baseline under Text
Faithfulness, Overall Quality, and especially Dynamics, indicating that EVD im-
proves event realization and temporal coherence in a way that is visible to human
raters. On automatic evaluation, EVD delivers a large gain on VBench Dynam-
ics while keeping VBench Appearance essentially unchanged (and in some cases
slightly improved), matching the intended behavior of the method: EVD tar-
gets interaction-grounded dynamics rather than trading off appearance. This
separation is important in practice, since many baseline failure cases arise from
non-causal or unstable state updates even when individual frames look realistic.

Stress tests and diagnostics. Beyond EVD-Bench, we evaluate fixed-seed compo-
sitional /temporal and simultaneous-event subsets drawn from T2V-CompBench
and NeuS-V, compare against recent open-source generators (Wan/Hunyuan),
and report confidence intervals, pseudo-target validation, and motion-mask con-
trols; full protocols and results are provided in Appendix A.14.

6.4 Baseline Comparisons

Fig. 5 shows qualitative comparisons on four representative interaction prompts.
Despite strong per-frame realism, the baselines frequently violate event causality:
objects begin changing state before contact is established, the key interaction is
only weakly realized (e.g., a deformation or constraint response is missing), or the
scene drifts after the interaction should have terminated. These issues are visible
across interaction types, including material transfer (coffee filling), compliance
(pillow compression), constraint enforcement (rope straightening), and multi-
agent transitions (elevator door opening and people stepping inside). In contrast,
EVD consistently produces event-aligned state changes: motion initiates after the
triggering action, evolves coherently during the interaction, and settles to a stable
postcondition without residual drift, matching the intended causal structure of
each prompt.
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Movie Gen DiT-30B DiT-30B + EVD
- e o §

“Colffee is poured into a cup and fills it gradually”
Fig. 5: Qualitative comparison with leading video generation baselines. We
compare EVD against Movie Gen, Sora, and DiT-30B on representative prompts involv-
ing soft-body deformation, flexible-object dynamics, structured scene interactions, and
liquid transfer. Across all examples, baseline models often exhibit incomplete event re-
alization, weak contact-response coupling, or implausible state evolution, whereas EVD
produces temporally ordered interactions and more coherent physical outcomes.

6.5 Ablations and Sensitivity

Component ablations. Table 2 summarizes ablations of EVD on EVD-Bench.
Removing any core component degrades human preference and/or dynamics in
a targeted way: dropping realization primarily reintroduces non-causal initiation
(Contact Stability); dropping consistency increases interaction jitter and unsta-
ble outcomes (State Persistence); and removing ordering weakens settling be-
havior after events. Training-only EVD (no inference gating) and inference-only
EVD (no event losses) each recover only a portion of the gains, indicating that
EVD’s improvements come from the coupling of event-grounded training and
event-driven sampling. Finally, constant gating without annealing substantially
harms preference despite strong automatic dynamics, motivating the scheduled
gate used in the full model. To disambiguate event grounding from generic mo-
tion masking, we (i) construct pseudo-event targets from localized latent change
with explicit camera-motion suppression, and (ii) include motion-mask controls
(external motion gating / inference-only gating) showing smaller gains than full
EVD; details are in Appendix A.15.

Hyperparameter sensitivity. EVD is broadly robust to K (NFE), CFG scale wefg,
and gating hyperparameters (3, Ton, Toft, t*); we provide the full sensitivity sweep
in Appendix A.10 (Table 4).
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Table 2: 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/o0 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

Efficiency and Overhead EVD preserves the backbone, solver, decoding stack,
and sampling budget (K /NFE), and only gates the direction field; detailed pa-
rameter and runtime overhead are reported in Appendix A.9 (Table 3).

7 Conclusion

We introduced Event-Driven Video Generation (EVD), a minimal modification
to pretrained video DiT models that enforces event-grounded state transitions
via (i) event-aligned training losses and (ii) event-gated sampling. Across EVD-
Bench, EVD improves interaction realism and causal dynamics while preserving
appearance, yielding consistent gains in both human preference and automatic
dynamics metrics.

Limitations. EVD can still fail when the event signal is weak or ambiguous at
the model’s operating resolution (e.g., small/occluded contacts, cluttered multi-
object interactions, thin fluid effects, or dominant camera motion), which can un-
derdetermine both pseudo-targets and the learned event head. Future work may
address these regimes by incorporating object-centric or contact-aware repre-
sentations, stronger motion disentanglement, and higher-resolution latent/video
backbones.
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A.1 Abbreviations and symbols
Abbreviations.

— EVD: Event-Driven Video Generation.

— DiT: Diffusion Transformer (video DiT backbone used as the base model).

— CFG: Classifier-Free Guidance.

— FM: Flow Matching.

— ODE: Ordinary Differential Equation (sampling view for rectified-flow / FM
samplers).

— NFE: Number of Function Evaluations (sampling compute proxy).

— TAE: Temporal Autoencoder (video encoder/decoder used to map x < z).

— 2AFC: Two-Alternative Forced Choice (human preference protocol).

Core variables.

x € RTXHXW>3: video clip in pixel space.

z = E(x) € RT*H'XW'%C. Jatent video produced by the temporal autoen-
coder encoder FE.
— D(+): temporal autoencoder decoder mapping latents back to pixels.

t € [0,1]: continuous diffusion/flow time; {tk}kK:O is the discretized sampling
grid.

20 ~ N (0, I): Gaussian noise latent; z;: clean latent.

— 2z noised/interpolated latent at time ¢ (see Sec. A.2).

y: text prompt; @: null prompt used for CFG.

Backbone and tokenization.

— ug(2¢,9y,t): DiT backbone prediction of the base target at time ¢ (parameters
0).

— s, € RV*4: patchified token sequence; N tokens, width d.

— Tok(+), UnTok(-): patchify/unpatchify operators aligned with DiT tokeniza-
tion.

Flow Matching and guidance.

— 7(21, 20, t): base training target; in FM, this is the velocity v;.
— vy = 21 — 2o: FM velocity target under linear interpolation.

— Werg: CFG scale.

— 7°f8: CFG-combined backbone prediction.
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FEvents and gating.

— e; € RNV*Ce: token-aligned event field with C, channels.

— &;: predicted event field; a; = a(égl)) € [0,1]" is the activity channel.

— gy(+): event gate derived from event predictions (parameters ).

— gk gate on sampling step k; Ton, Tofr: hysteresis thresholds; 3: gate sharpness.
p(t): inference annealing schedule; t*: cutoff controlling “strong-early” gating.

Losses.

— Lpase: backbone base loss (FM regression).

— Lyca1: event realization loss (no event = no update).

— Leons: event consistency loss (event = coherent update).

— Lorder: ordering/termination loss (suppresses pre-event motion and post-
event drift).

— Areals Acons; Aorder: corresponding loss weights.

— w(t): time-weighting function emphasizing early timesteps.

A.2 Backbone and Notation

Latent video representation and notation We consider text-conditioned
video generation where a clip is represented as a tensor x € RTXHXWX3 with T
frames. Following standard practice in large-scale video diffusion /flow models, we
operate in a compressed latent space using a temporal video autoencoder (e.g.,
VAE/TAE). Let E(-) and D(-) denote the encoder and decoder, respectively,
and define the latent video

z = E(z), x =~ D(z), (23)

where z € RT'*H'XW'XC hag reduced spatial /temporal resolution.

We write the text prompt as y, encoded by a frozen text encoder into a
sequence of text embeddings. The generative backbone is a Diffusion Transformer
(DiT) operating on latent videos; we denote the network by wg(-), parameterized
by 6.

Noising and training target. EVD is compatible with common continuous-time
formulations used in modern DiT video models. We adopt a generic continuous-
time notation: a clean latent z; is interpolated with noise zg ~ A(0, I) to obtain
a noised latent z; at time ¢ € [0, 1],

2zt = a(t) z1 + o(t) 2o, (24)

for a chosen schedule «, 0. The corresponding training target depends on the base
model (diffusion-score, velocity /flow-matching, or rectified flow); we denote it
abstractly as 7(z1, 20,t). The DiT backbone is trained to predict 7 from (2, y, t),

Ebase(g) - Ezl,zo,t,y [HUG (Zta Y, t) - T(Zla 20, t) ||;:| . (25)

All EVD components introduced in later subsections are built on top of this
backbone objective and sampling procedure.
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DiT-30B backbone summary EVD is built on a large video Diffusion
Transformer (DiT) operating in latent space. Given a noised latent video
2 € RTXH'XW'XC “the backbone maps (zt,y,1) to a prediction ug(z,y,t) of
the base training target (Sec. A.2).

Patchification and token embeddings. We partition z; into non-overlapping spa-
tiotemporal patches of size p; X pp, X p,,, flatten each patch, and linearly project
it into the model width d, yielding a token sequence

s; = PatchEmbed(z;) € RV *4, (26)

where N = (T /p)(H' /pr) (W' /py). We add a learned spatiotemporal positional
encoding PE € RY*? and a time embedding () € R¢ (broadcast to all tokens)
to obtain the transformer input.

Spatiotemporal transformer blocks. The backbone consists of L blocks of multi-
head self-attention and MLP layers applied to s;, with residual connections and
normalization. We write the block update abstractly as

s = Block® (51, 1(1), 6(y)),  £=0,...,L—1, (27)

where ¢(y) denotes the text conditioning (described below). The self-attention
mixes information across both space and time by attending over the full spa-
tiotemporal token set.

Text conditioning. Text y is encoded into a sequence of text embeddings ¢(y) €
RM*dy using a frozen text encoder. The DiT conditions on ¢(y) via cross-
attention (or equivalently, attention over a concatenated key/value memory),
so that each video token can attend to the prompt representation while preserv-
ing spatiotemporal structure.

Unpatchification and output projection. After the final block, tokens are linearly
projected back to patch space and unpatchified to recover a latent-shaped tensor
0 € RT'*H'XW'C_This 7 is interpreted according to the base objective (e.g.,
velocity /flow target, score, or noise prediction) and is used for training and
sampling.

Sampling interface (for later EVD modifications). At inference, the backbone is
evaluated repeatedly along a discretized time grid {t;}, and an ODE/SDE solver
(or discrete update) uses ug(zt,,, v, t) to update the latent trajectory {z;, }. EVD
will modify what the backbone is trained to represent (event grounding) and how
its predictions are used during sampling (event-driven updates), while keeping
the DiT backbone unchanged.
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Base training objective (Flow Matching) In our implementation, the DiT-
30B backbone is trained with a continuous-time Flow Matching objective in
latent space. Let z; = F(z) denote the clean latent video and zg ~ N(0,1)
denote Gaussian noise. For a timestep ¢ ~ U[0,1], we form the interpolated
latent

Zt=t2’1+(1—t)2:0. (28)

The corresponding velocity target is the time derivative of the interpolation,

dZt
vy = — = z1 — 20, 29
¢ it 1= 20 (29)
which is constant with respect to ¢ under the linear interpolation above. The DiT
backbone ug() is optimized to predict v; from (z¢,y,t) using an ¢s regression
loss:

Loai(8) = ey, 1y [ 10y 1) = i3] (30)

Compatibility. While we describe EVD using Flow Matching notation for con-
creteness, the EVD components introduced in the sequel (event representation,
event-grounded losses, and event-driven sampling) apply to other parameteriza-
tions (e.g., noise prediction or score prediction) by replacing the target in (30)
with the corresponding base objective.

Sampling, guidance, and evaluation conventions We summarize the sam-
pling interface of the DiT-30B backbone and the conventions we use for guidance
and evaluation. Unless otherwise stated, all models generate fixed-length clips
(128 frames at 24fps) in the latent space of a temporal autoencoder (TAE),
followed by decoding to pixel space [4]. The TAE design follows the Movie Gen
temporal autoencoder specification [27].

Time discretization and number of function evaluations (NFE). Sampling pro-

. . K . .
ceeds by evolving a latent trajectory {z, },_, along a monotone time grid
0=ty <t < -+ <tg =1 Each step queries the backbone once (or more,
depending on guidance batching), so the total NFE scales with K times the
number of model evaluations per step. In practice, we report results at fixed K
to ensure fair comparisons across methods.

Classifier-free guidance (CFG). We follow standard CFG conventions: at each
step tr, we evaluate the model with the prompt y and with a null prompt &,
and combine the predictions with a guidance scale w > 0:

Ucfg(ztkayatk) = (1 + U)) ue(ztkayatk) - wu@(ztkvgatk)- (31)

We use the same w across all compared methods unless noted.
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Batching for multi-condition guidance. When multiple conditioning signals are
used at inference (e.g., conditional/unconditional CFG and additional auxiliary
conditions), the corresponding model evaluations can be executed as a single
batched forward pass for efficiency. This follows standard CFG-style implementa-
tions and their multi-condition extensions (e.g., composable guidance and IP2P-
style formulations) [3,4,6,19].

Guidance scheduling over timesteps. For guidance signals that primarily shape
coarse spatiotemporal structure, concentrating guidance in early denoising steps
is often beneficial, since these steps largely determine global dynamics. For exam-
ple, VideoJAM applies its motion guidance only during the first half of generation
(50 steps), motivated by the observation that coarse motion is set early [4]. EVD
adopts the same principle: event-focused guidance is applied strongly in early
steps and annealed thereafter (Sec. A.7), while text CFG is applied through-
out [6].

Evaluation protocol. Unless explicitly stated, we generate one sample per prompt
per model under identical sampling settings and a fixed random seed, and re-
port both automatic scores (VBench) and human preference results; we use the
first obtained sample for each prompt (no cherry-picking) [4, 10, 22]. For human
evaluation, we follow a standard two-alternative forced-choice (2AFC) setup in
which raters compare our output against a baseline and select the better video
along text faithfulness, overall quality, and dynamics [2,29].

A.3 EVD

Core claim: event-driven state transitions Modern video generators of-
ten produce locally smooth frame-to-frame motion while violating basic causal
structure: objects may move without contact, effects may precede causes, and
post-interaction states may drift. EVD addresses this by enforcing a simple mod-
eling principle:

A wvideo is generated as a sequence of event-driven state transitions: per-
sistent state evolves only when an event occurs, and events must be re-
alized as consistent state changes.

State and event variables. Let z; € RT'*H'xW'XC {enote the latent video state
at diffusion/flow time ¢, and let e; denote an event representation aligned to
the same time (Sec. A.4). Intuitively, z; carries appearance and scene configura-
tion, while e; encodes the presence and phase of an interaction (e.g., initiation,
continuation, termination) that should drive changes in z;.

Event grounding principle. EVD implements two coupled constraints during
learning and sampling;:

(i) No-event = no-update: e;~0 — Az ~ 0, (32)

(ii) Event = realized update: e, 0 = Az reflects the event semantics.
(33)
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These principles directly target the two degeneracies commonly observed in
frame-first generation: missing events (state changes without an initiating in-
teraction) and ghost events (an apparent action with no coherent outcome).

Event-driven update rule (high-level). Let ug(2¢,y,t) denote the backbone pre-
diction (Sec. A.2). EVD uses a gated update interface of the form

Azt = gw(etat) O] ’U,Q(Zt,y,t), (34)

where gy () € [0, 1] is an event gate (scalar, per-token, or per-patch) derived from
the event representation, and ® denotes elementwise modulation. When e; indi-
cates “no interaction”; the gate suppresses spurious changes; when e; indicates an
active event, the gate amplifies and stabilizes the corresponding state transition.
The exact forms of e; and gy are specified in Secs. A.4-A.4 and Secs. A.7-A.7.

Connection to observed failure modes. The event grounding constraints in (32)—
(33) unify the four failure categories used in our analysis: State Persistence
(termination without drift), Spatial Accuracy (event outcome aligns with tar-
get), Support Relations (valid load-bearing configurations), and Contact Stability
(cause precedes motion and settling is stable). EVD is designed so that these be-
haviors emerge from the same mechanism: explicit event representation coupled
to state updates.

What changes vs. vanilla DiT EVD preserves the DiT-30B backbone (tok-
enization, attention blocks, and text conditioning) and modifies only the repre-
sentation, objective, and sampling interface to make generation event-driven.

(1) Add an event representation. In addition to the latent video state z,
EVD introduces an event variable e; aligned with the same diffusion/flow
time. Depending on the variant, e; can be implemented as (i) a dense event
map in latent patch space or (ii) a compact set of event tokens. The role
of e; is to explicitly encode whether an interaction is active and its phase
(initiation/progression/termination).

(2) Train with event-grounded losses. Vanilla DiT minimizes the base objective
Lrum (Sec. A.2). EVD augments this with two lightweight constraints: (i) event
realization to discourage state changes when no event is present, and (ii) event
consistency to ensure that predicted events correspond to coherent state evo-
lution. These terms are designed to eliminate both “missing events” and “ghost
events” (Sec. A.3).

(8) Use event-driven sampling. At inference, vanilla DiT applies text guidance
(CFG) and updates z; using the backbone prediction. EVD modifies the update
using an event gate gy (e, t) (Eq. (34)) so that event confidence controls when and
where the latent state is allowed to change. This produces stable post-interaction
states (no drift), sharper causal initiation (no pre-contact motion), and more
reliable completion of interaction outcomes (e.g., correct placement/alignment).
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Net effect. EVD does not aim to “smooth motion”; it enforces event-grounded
state tranmsitions. As a result, improvements concentrate on dynamics-related
metrics and human preference for physically coherent interactions, while ap-
pearance metrics typically change only modestly.

Mapping EVD components to failure modes We use four failure categories
throughout the paper—State Persistence, Spatial Accuracy, Support Relations,
and Contact Stability—and design EVD so that each category is addressed by an
explicit mechanism rather than emergent smoothing. Below we summarize the
correspondence between the observed failures (Fig. 2) and EVD’s components
(Secs. A.4-A.T).

State Persistence (terminate = rest). Failure signature: objects continue drifting
or jittering after an interaction ends (e.g., residual chair motion). EVD targets
this via event termination in the event representation e; and the no-event
= no-update constraint (Eq. (32)). Concretely, once e; indicates the event
has ended, the event gate suppresses further latent updates, preventing post-
interaction drift. The event-realization loss further discourages nonzero updates
when e; is near zero.

Spatial Accuracy (outcome aligns with target). Failure signature: misaligned out-
comes (e.g., placement misses a platform, offsets accumulate). EVD encourages
outcome-conditioned updates by coupling e; to state changes through gated
modulation (Eq. (34)). During training, the event-consistency loss penalizes
event predictions that do not produce the corresponding state change toward
a stable, target-consistent configuration, sharpening alignment at event comple-
tion.

Support Relations (valid load-bearing configurations). Failure signature: stacked
objects appear without a placing action, or settle into physically inconsistent con-
figurations. EVD addresses this in two ways: (i) event realization discourages
“teleportation” of support relationships (stacking without a placement event);
(ii) event consistency ties the predicted event phase to a coherent progression
of the state (approach — contact — release), encouraging stable postconditions
rather than instantaneous, unsupported transitions.

Contact Stability (cause precedes motion; stable settling). Failure signature: mo-
tion begins before contact, contact is visually absent, or settling remains unstable
(sliding /drifting). EVD explicitly models causal initiation by requiring e; to
activate before allowing the corresponding update (g (e, t) increases only when
an initiating interaction is present). This reduces pre-contact motion. In ad-
dition, the gate is annealed after event completion to promote stable settling,
aligning with the “contact then rest” structure of many prompts.
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Takeaway. All four categories are handled through a unified design: learn an
event representation e; and use it to (i) constrain which latent updates are per-
mitted and (ii) penalize mismatches between event signals and state evolution.
This shifts the model from frame-to-frame correlation toward event-grounded
state transitions.

A.4 Event Representation and Supervision

What is an “event” in EVD? EVD models a video as persistent latent
state punctuated by events that induce structured state changes. Informally,
an event is the minimal interaction that explains a meaningful transition in the
scene—e.g., contact is made, an object is released, a constraint becomes active
(hinge/track), or material is transferred (pouring).

Event as a typed, phased interaction. We represent events with two ingredients:
(i) an activity signal indicating whether an interaction is currently active, and
(ii) a phase signal indicating where the interaction lies along an initiation-to-
termination progression. Concretely, for each diffusion/flow time ¢, we define an
event representation

et £ (ar, pe, Ke), (35)

where a; € [0,1] is an event activity score, p; € [0,1] is an event phase (early —
late), and k; encodes event type (e.g., contact/transfer /deformation/constraint)
when multiple interaction modes may occur. In the simplest variant, x; is omitted
and e; = (ag, pr).

Spatial localization (where the event acts). Because events are typically local-
ized (e.g., hand—object contact, placement region, hinge boundary), EVD at-
taches event variables to the same spatiotemporal tokenization used by the DiT
backbone. Let PatchEmbed(z;) produce N tokens (Sec. A.2). We define a token-
aligned event field

ep € RVXCe, (36)

where C., is small (e.g., C, € {1,2,4}). The activity component a; can be inter-
preted as a per-token gate, while p; captures local event progress. This alignment
allows EVD to modulate updates where an interaction occurs, rather than glob-
ally smoothing the entire video.

FEvent-grounded state transitions. EVD uses e; to constrain state evolution in
latent space: event activity determines whether updates are permitted, and event
phase shapes when updates should begin and terminate. This directly targets the
two dominant failure modes in frame-first generation: (i) missing events (state
changes without an interaction) and (ii) ghost events (an apparent interaction
with no coherent state change).
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Event signals used in EVD EVD supports multiple instantiations of the
event representation e;, trading off expressivity, overhead, and ease of integration
with a pretrained DiT-30B backbone. We describe three practical variants; in all
cases, e; is aligned with the DiT tokenization so it can modulate latent updates
at the appropriate spatiotemporal locations.

(i) Dense event field (per-token event map). The default EVD representation is
a dense event field
e, € RVXCe (37)

where N is the number of spatiotemporal tokens and C. is small (typically 1-4).
A minimal choice is C, = 1, where e; encodes activity only. A slightly richer
choice is C, = 2, where e; = (a¢, pt) encodes both event activity a; € [0,1] and
phase p; € [0,1]. This variant is lightweight, fully local, and directly supports
event gating gy (e, t) (Sec. A.7).

(ii) Sparse event tokens (compact event memory). For interactions that are se-
mantically global but spatially sparse (e.g., a single handoff or a single place-
ment), EVD can instead represent events as a small set of learned tokens

etk ¢ REexd K, <« N, (38)

and inject them via cross-attention into the DiT backbone. This yields a compact
“event memory” that conditions the video tokens, while a separate projection
produces a token-aligned activity gate a; € [0, 1}N used for update modulation.
In practice, this variant is useful when compute is tight and events are few.

(iii) Scalar event progress (global activity/phase). For ablations and the simplest
deployments, EVD can use a global event descriptor

ef? = (af'", i) € [0,17%, (39)

shared across all tokens. This captures “whether something is happening” and
“how far along it is” but cannot localize interactions. We include this variant
mainly as a diagnostic baseline; it improves gross temporal ordering but is weaker
on spatially localized contacts.

Which variant we use. Unless noted otherwise, our 30B results use the dense
event field e, € RV*% with a small channel budget. This choice provides a
direct interface for (a) suppressing spurious updates outside interaction regions
and (b) enforcing event termination to stabilize the post-interaction state, while
adding negligible overhead relative to the DiT-30B backbone.

How event targets are obtained (self-supervised extraction) EVD does
not require manual event annotations. Instead, we derive pseudo-targets for event
activity and phase directly from the training videos using lightweight, off-the-
shelf signals that capture when and where meaningful change occurs.
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Inputs and alignment. Given a training clip = and its latent z; = E(x), we
compute event pseudo-targets at the same spatiotemporal granularity as the
DiT tokens. In practice, we operate either (i) on decoded frames & = D(z1)
at the autoencoder resolution or (ii) directly on latent differences, and then
downsample/aggregate to the patch grid, yielding a token-aligned event field
ey € RA*Ce,

Activity target (“is an interaction happening”?). We estimate a dense mo-
tion/change magnitude signal and convert it into an activity map. A simple
and robust choice is to use optical flow magnitude between consecutive frames
(or a latent-space proxy). Let F, denote an off-the-shelf flow estimator (e.g.,
RAFT is a common choice for large-scale pipelines) and let f. = F (T, Zrq1).
Define the per-pixel magnitude m, = ||f-||2. We then map this to an activity
probability via a soft threshold:

a(u) = a<m(“)_“> 7 (40)

S

where o(+) is the logistic sigmoid, u is a robust scale (e.g., median magnitude),
and s controls softness. Finally, we aggregate a’ to the DiT patch grid (average
pooling over pixels and frames within each patch) to obtain a* € [0, I}N.

Phase target (“where are we within the interaction”?). For many prompts, a sin-
gle dominant interaction admits a canonical progression from initiation to ter-
mination. We construct a normalized phase signal from the cumulative activity:

Pt = ZJT':() <a;, 1)
T T—1 )
>i—o(a}, 1) +¢
where (a}, 1) sums activity over tokens and e avoids division by zero. This yields
px € [0,1] that increases smoothly over the event and saturates afterward. When
multiple disjoint interactions exist, we compute phase locally per-token (by nor-
malizing within spatial neighborhoods) to avoid forcing unrelated regions to
share a global phase.

(41)

Event-type cues. When we instantiate a multi-channel event type r; (Sec. A.4),
we assign coarse types using simple diagnostics on the same signals: e.g., large
localized activity near boundaries suggests contact/impact, sustained constrained
motion suggests mechanism/track, and spatially diffuse change suggests material
transfer. These cues remain self-supervised and are used only as weak targets.

Takeaway. The pseudo-targets e} = (a7, p}, k7 ) provide a lightweight supervisory
signal that teaches the model when and where changes should occur, without
requiring any additional human labeling.
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Event confidence and uncertainty (and how it is used) In practice, event
pseudo-targets are noisy: flow-based change can be triggered by camera mo-
tion, texture flicker, or small background dynamics. EVD therefore associates
each event estimate with a confidence signal that controls how strongly event
grounding is enforced during training and sampling.

Confidence score. Given a token-aligned activity target af € [0,1]" (Sec. A.4),
we define a scalar confidence ¢} € [0, 1] as a robust summary of activity concen-
tration:

¢ = dlip(meanier, af(i), 0,1), T = {iiai() 27}, (42)

where 7, is a small threshold (0.3) and Z; selects the most active tokens. Intu-
itively, ¢ is high when the interaction is spatially localized and unambiguous,
and low when the activity is diffuse or weak.

Training usage: loss weighting. We weight event-grounded auxiliary losses by
confidence to avoid over-regularizing ambiguous regions:

L = [/FM + )\real C: ‘Creal + Acons C: ‘CCOHS) (43>

so that event grounding is emphasized when the extracted event signal is reliable.

Inference usage: adaptive gating and guidance. At sampling time, we similarly
modulate the strength of event-driven updates by a confidence-weighted sched-
ule:

golent) = plt) 3 oBa) . ()

ecarly-step emphasis model/event confidence activity gate

where p(t) is a monotonically decreasing schedule (strong early, weak late), ¢
is the model’s predicted confidence (trained to match c}), and S controls gate
sharpness. This ensures that strong event gating is applied primarily when the
model is confident an interaction is occurring, reducing the risk of suppressing
legitimate motion in challenging scenes.

Calibration. We calibrate ¢; using a temperature parameter on a held-out set
(or simple clipping), so that confidence reflects the empirical reliability of event
predictions and remains comparable across prompts.

A.5 Architecture: Adding Events to DiT-30B

Conditioning pathway: injecting events into the DiT backbone EVD
preserves the DiT-30B transformer blocks and introduces an event pathway that
(i) produces a token-aligned event representation e; and (ii) injects it into the
backbone as an additional conditioning signal. We design the injection to be
lightweight and to preserve the pretrained behavior at initialization via zero-
impact conditioning (e.g., zero-initialized projections / appended zero-rows),
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following the same stability principle used in DiT-based video adaptations [4,26]
and in conditional-control networks for diffusion models [35]. When a parameter-
efficient variant is desired, the same event pathway can be implemented with
low-rank adapters on attention/MLP projections [8].

Event module. Given the noised latent z;, prompt y, and time ¢, an event module
h., produces a token-aligned event field

€t = h¢(ztay,t) € RNXCG) (45)

where N is the number of spatiotemporal tokens induced by patchification and
C. is small (Sec. A.4).

Input-level event injection (default). Let s; = PatchEmbed(z;) € RV*? be the
DiT token sequence (Sec. A.2). We embed the event field into the same width d
via a linear map W, € RC*¢ and add it as a token-wise bias:

s = s, + n(t) (eWe), (46)

where 7(t) is a (possibly scheduled) scalar controlling event-conditioning
strength. We initialize W, to zero (or initialize n(¢) = 0) so that the model
reduces exactly to the pretrained backbone at step 0, and event conditioning is
learned during fine-tuning.

Alternative: channel concatenation with zero-init projection. In an equivalent
implementation, we concatenate a projected event tensor to the latent channels
prior to patchification (Sec. A.2), Z; = [z;, II(e;)], and extend the input pro-
jection with zero-initialized rows so that the pretrained mapping is preserved
at initialization [4, 36]. This variant is convenient when the codebase already
supports multi-channel latent inputs.

Mid-block modulation. For tighter control of where/when events affect compu-
tation, we use FiLM-style modulation inside each transformer block:

Norm(s) +— ~y(et,t) ©@ Norm(s) + Be(es,t), (47)

where 7, 8¢ are shallow MLPs applied token-wise to [es;y(t)]. We use this only
in the 30B setting when the qualitative gains justify the additional parameters;
otherwise the input-level injection (Eq. (46)) suffices.

Text conditioning unchanged. Text embeddings ¢(y) are consumed by the DiT
via the existing cross-attention pathway; EVD does not alter the text encoder
or the prompt-conditioning interface.

Summary. EVD adds an event pathway that produces e; and injects it into the
DiT token stream with zero-initialized conditioning, ensuring stable fine-tuning
of a pretrained 30B backbone while enabling event-aware computation.
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Output parameterization: state update and event prediction EVD
keeps the DiT backbone prediction interface for the state update (the base train-
ing target), and adds a lightweight event head that predicts the event represen-
tation used for grounding and gating.

State prediction (unchanged). Let 7y = ug(zt,y,t) denote the DiT prediction of
the base target 7(z1, z0,t) (e.g., the Flow Matching velocity v;; Sec. A.2). This
prediction is used exactly as in the pretrained backbone during both training
and sampling, except that EVD modulates its effect on the latent update via an
event gate (Sec. A.7).

Event prediction. To obtain an explicit event variable aligned with the DiT
tokenization, we attach a small projection head to the final DiT token features.
Let sgL) € RN he the final token sequence produced by the transformer. We

predict a token-aligned event field é; € RV *% using a linear layer (or a 2-layer
MLP):

éy = Ww(sgL),t), (s, t) = MLPw([s;’y(t)]), (48)

where (t) is the standard time embedding. We typically interpret the first
channel as an activity logit and additional channels as phase/type descriptors
(Sec. A.4).

Joint prediction view. It is often convenient to view the model as producing a
joint output
Ug}w(Zt,y,t) = (6—\153 ét)7 (49>

where 7; drives the state evolution and é; provides the event grounding signal
used for both auxiliary losses (Sec. A.6) and event-driven sampling (Sec. A.7).

Initialization and stability. To preserve the pretrained DiT behavior at the be-
ginning of fine-tuning, we initialize the event head m, to near-zero output (e.g.,
small weights), so that the event pathway does not perturb the backbone predic-
tion initially. This follows a common “no-op at initialization” design used when
attaching new conditioning/residual branches to large pretrained generators, in-
cluding zero-initialized control branches in diffusion models [36], lightweight DiT-
video adaptations that preserve the pretrained mapping at initialization [4], and
parameter-efficient adapter layers that are initialized to behave close to the iden-
tity [7].

When to omit the event head. For ablations or strict minimalism, one may com-
pute e; purely from an external extractor on decoded frames (Sec. A.4). However,
we find that predicting é; directly from the DiT features yields the strongest
gains, since it lets the model learn an event representation aligned with its own
latent geometry and sampling trajectory.
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Parameter budget options (and what we use at 30B) EVD is designed to
be compatible with large pretrained DiT backbones under different adaptation
budgets. We summarize three practical configurations, ordered from minimal
overhead to maximal flexibility.

EVD-lite (lowest overhead). This variant keeps the DiT backbone frozen (or
lightly tuned) and adds only: (i) the event injection parameters W, (Eq. (46)), (ii)
the event head my (Eq. (48)), and (iii) a small gating module g, used at sampling
time (Sec. A.7). The additional parameters are O(C.d) for W, and O(dC,) for
the event head (often a single linear layer), which is negligible relative to a 30B
backbone. EVD-lite is useful for rapid iteration and ablations, and already yields
visible improvements on event fidelity.

EVD-adapter (moderate overhead). Here we add lightweight adapters (e.g.,
LoRA or small bottleneck MLPs) to a subset of transformer blocks while
keeping the base weights fixed. Event injection and the event head remain as
in EVD-lite. This typically improves the alignment between the learned event
representation and the backbone dynamics without the cost of full fine-tuning.
In our experience, adapting attention projections in later blocks provides most
of the benefit.

EVD-full (highest performance). This variant fine-tunes the full DiT-30B weights
jointly with the event modules. Although this is the most expensive option,
it produces the strongest and most reliable gains on EVD-Bench, particularly
for: (i) precise interaction outcomes (spatial accuracy), (ii) stable post-contact
settling (contact stability), and (iii) “event realization” failures where the baseline
skips the visible interaction.

What we report at 30B. Unless otherwise stated, our main 30B results use
EVD-full with: (a) dense event field e; € RV* (b) input-level event injection
(Eq. (46)), (c) a lightweight event head (Eq. (48)), and (d) event-driven sam-
pling with early-step emphasis (Sec. A.7). This choice yields the best trade-off
between stability and performance at scale, while keeping architectural changes
minimal.

Initialization and stability tricks for 30B fine-tuning Fine-tuning a 30B
DiT backbone is sensitive to even small interface changes. EVD therefore adopts
conservative initialization and optimization choices so that training starts exactly
from the pretrained generator and gradually introduces event grounding.

Zero-impact initialization. We initialize the event pathway to have (near) zero
effect on the pretrained forward pass: (i) the event injection projection W, in
Eq. (46) is initialized to all zeros (or we set n(t) = 0 at step 0), and (ii) the event
head 7y in Eq. (48) is initialized with small weights so that é; ~ 0 initially. This
ensures the first optimization steps match the base DiT behavior before learning
event structure.
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Gradual event turn-on. We ramp event influence using a short warm-up on the
injection strength and auxiliary loss weights:

n(t) — U(t) : T(S), Are&l — )\real . 7“(8), )\COI]S — )\COHS . T(S), (50>

where s is the optimization step and r(s) increases linearly from 0 to 1 over the
warm-up window.

Event dropout (robustness). To prevent the backbone from over-relying on a
possibly noisy event signal early in training, we randomly drop the event condi-
tioning with probability p. (set e; = 0) and train the model to remain functional
under missing event cues. This also stabilizes training when event pseudo-targets
are uncertain (Sec. A.4).

Two-group learning rates. We use separate optimizer groups for stability:

— Backbone weights 0: small learning rate (conservative), standard weight
decay.

— New EVD modules ¢ (event injection/head/gate): larger learning rate,
reduced or zero weight decay for biases/norms.

This keeps the pretrained representation intact while allowing the new event
pathway to adapt quickly.

Gradient and precision safequards. We apply gradient clipping (global norm)
to avoid rare spikes, maintain an EMA of weights for sampling stability, and
use bf16/fp16 training with loss scaling as needed. When using full fine-tuning,
activation checkpointing is enabled to keep memory bounded.

Sanity check: “no-regression” at initialization. Before full training, we verify
that with event influence disabled (n = 0, Ajeal = Acons = 0), the fine-tuning
code reproduces the base model outputs within numerical tolerance. This guards
against silent interface bugs in 30B-scale runs.

A.6 Training Objective: Event-Grounded Dynamics Learning

Base loss recap EVD is built on top of the pretrained DiT-30B training objec-
tive and preserves the original target parameterization. In our implementation,
the backbone is trained with a Flow Matching regression objective in latent
space (Sec. A.2). We restate it here for completeness.

Given a clean latent video z; = E(x), Gaussian noise zg ~ N(0,I), and a
timestep t ~ U[0, 1], we form the noised latent z; = tz1 + (1 — t)zp and velocity
target v; = z1 — 2. The backbone uy is trained via

£base(9) = Ezl,zmt,y |:Hu9 (zt7 Y, t) — U Hz:| . (51)
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EVD augments Lpase with event-grounded auxiliary terms that penalize (i)
state updates without an event and (ii) events without a coherent state update.
The full training objective is

£(97 1/1) = Ebasc(e) + )\rcal Ercal(ev 7/}) + )\cons Econs (67 w)a (52)

where ¢ denotes EVD-specific parameters (event injection/head/gate; Sec. A.4).
We define Lea1 (event realization) and Leons (event consistency) in Secs. A.6—
A.6. both terms can be weighted by event confidence and /or a timestep schedule
to emphasize early-step dynamics (Sec. A.4, Sec. A.6).

Event realization loss (no event =- no state change) The first auxiliary
term enforces the principle that state changes should be explained by events.
In practice, frame-first generators often exhibit “missing events”: the outcome
appears without a visible interaction, or motion begins before any initiating
contact. We penalize such behavior by suppressing backbone-predicted updates
when the event activity is low.

Predicted event activity. Let é; € RV*C be the predicted event field (Eq. (48)).
We extract an activity score a; € [0, l]N from the first channel using a sigmoid:

i, = o(el), (53)

where eg ) denotes the first channel.

Gated update magnitude. Let T, = ug(z¢,y,t) be the backbone prediction of the
base target (e.g., velocity). We define a token-wise gated update magnitude by
scaling 7; in patch space. Concretely, let Tok(7;) € RY*9" be the patchified form
of 7; (using the same patchification as the backbone), and define

APt — (1 —a,) @ Tok(7), (54)

so that AP™ captures the portion of the predicted update that occurs when the
model claims no event is active.

pred

Event realization penalty. We penalize the magnitude of A", encouraging the

model to avoid changing the state outside event regions:

Lreal(0,0) =E,, 20t ’y[HAPredH } {H (1 —a¢) © Tok(ug(2¢,y,1))][; } (55)

This term does mot suppress legitimate motion: when an event is active, a;
increases and the penalty vanishes.

Interpretation. Liea explicitly discourages “teleportation” in latent space: if the
model predicts a state change, it must also predict an event signal that justifies
it. This directly targets failures where objects move before contact, or outcomes
appear without the corresponding interaction.
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Event consistency loss (event = coherent state update) The second
auxiliary term enforces the converse principle: when an event is predicted, the
resulting state evolution should be coherent and consistent with that event. This
targets “ghost events” where the model depicts an apparent interaction (e.g., a
hand reaches toward an object) but the world state does not respond correctly
(no lift, no settling, no constraint-respecting motion).

Event-phase and directionality. When using a multi-channel event field e; =
(at, pt, £¢) (Sec. A.4), the phase p; € [0,1] provides a natural ordering signal:
initiation — progression — termination. We extract a predicted phase p; €
[0,1]" from the second channel (when present),

pr = o(e), (56)

and use it to enforce monotone, non-oscillatory event-driven updates. For the
minimal C, = 1 setting (activity-only), we omit phase and use the activity-
based variant described below.

Consistency as “directed change” under active events. Let Tok(7;) € RV *4r de-
note the patchified backbone prediction. Intuitively, when an event is active (high
at), we want the induced update to be stable and directed rather than jittery
or sign-flipping. We implement this using a pairwise smoothness penalty across
adjacent sampling times. Let ¢ and ¢’ be two nearby timesteps (e.g., two sampled
points on the discretized schedule), and let 73 = ug(z¢,y,t), T = ug(ze,y,t').
We define an event-masked temporal consistency term

cionp = E[||a © Tok(7) — v © Tok(7)|[3] (57)

which encourages the update predicted during an active event to evolve smoothly
across time rather than oscillate.

Phase-aware consistency. When phase is available, we additionally encourage
the magnitude of the update to follow the phase progression: early in the event
(small p;), motion begins; near termination (large p;), motion settles. A simple
implementation is to penalize large updates late in the event:
N . 112
crhese = B [la, @ pr © Tok(7) 3] (58)

which suppresses residual motion after the model indicates the event is near
completion.

Final consistency loss. We combine the above terms (using only the components
relevant to the chosen event parameterization):

Leons(0,1) = LEAP + apn LEGE. (59)
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Interpretation. L.ons ensures that predicted events correspond to stable, coher-
ent state evolution: updates do not jitter during an active interaction and they
naturally decay as the event terminates. Together with L., this couples events
and state transitions bidirectionally: state change requires an event, and an event
requires a coherent state change.

Ordering and termination regularization Beyond coupling events and state
updates, we add a lightweight regularizer to enforce causal ordering: initiation
precedes motion and termination precedes rest. This directly targets failure cases
where motion begins before contact or continues after the interaction has ended.

Initiation-before-update. Let a; € [0, 1]N be the predicted event activity
(Eq. (53)) and Tok(7;) be the patchified update prediction. We discourage
nontrivial updates in tokens whose activity is below a small initiation threshold

Ton-

Lon = B[ [[1[a: < 7o0] © Tok(7)] 3], (60)

where I[-] is an indicator applied token-wise. This is a “harder” version of Lca
that explicitly enforces a causal onset.

Termination-before-rest. Similarly, we penalize residual update energy after an
event is predicted to be over. Using a termination threshold 7,g, we define

Log = E[H]I[dt < o] ® Tok(ﬂ)”ﬂa (61)

with 7.¢ typically chosen slightly smaller than 7., to introduce hysteresis (i.e.,
once an interaction is “oft”, it stays off unless strong evidence reactivates it).

Phase-aware termination (when phase is available). When a phase signal p; is
present, we encourage late-phase settling by suppressing large updates when p;
is high:

Loctiie = E|

where v > 1 controls how sharply the penalty concentrates near termination.

a0 © 7 © Tok(7)3]. (62)

Combined ordering term. We use a small weighted sum:
£order - )\on‘con + )\offﬂoff + )\setﬁsettley (63>

and add Lorger to Eq. (52) with modest weights. In practice, these terms primar-
ily eliminate pre-contact motion and post-interaction drift, improving Contact
Stability and State Persistence without noticeably affecting appearance.

Timestep weighting and curriculum Event grounding is most important
at timesteps that determine the coarse spatiotemporal structure of the sample.
Prior work has observed that early denoising steps largely set the global motion
pattern, while later steps refine appearance. Motivated by this, we emphasize
event-related losses in early timesteps and anneal them later.
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Time-weighted auziliary losses. Let w(t) > 0 be a scalar weighting function over
diffusion/flow time ¢ € [0, 1]. We replace the auxiliary terms in Eq. (52) with

£real —E [w(t) Ereal(t)] ) £cons —E [’U)(t) gcons (t)] ) Eorder —E [’U)(t) Eorder (t)] )
(64)
where £(-) denotes the per-sample loss contribution.

Practical schedule. We use a simple piecewise schedule that concentrates weight

on early steps:
1 t<t*
w(t) =<’ -7 (65)
exp (— K(t —t%)), t>t*,

with t* € [0.4,0.6] and & > 0. This mirrors the intuition that event structure
should be established early, while later steps can focus on visual refinement.

Warm-start curriculum for event grounding. In addition to the time weighting,
we apply a short curriculum over optimization steps: event losses are gradually
introduced (Sec. A.5) and the threshold for considering an event “active” (7on
in Eq. (60)) is lowered over training, transitioning from conservative gating to
fine-grained event localization.

Why this helps. Without time weighting, event penalties may over-regularize
late-stage refinement and slightly harm appearance. With Eq. (65), event
grounding primarily shapes the coarse dynamics and causal ordering, improving
Dynamics metrics and human preference while leaving appearance largely
unchanged.

A.7 Inference: Event-Driven Sampling

Why text conditioning alone is insufficient for event fidelity Standard
DiT sampling relies on text conditioning (and typically classifier-free guidance)
to steer generations toward prompt-aligned outputs. However, text conditioning
does not explicitly constrain how the latent state is allowed to change over
time. As a result, even when individual frames look plausible and the prompt is
broadly satisfied, models can still exhibit systematic event-level inconsistencies:
(i) motion begins before any initiating interaction is visible, (ii) outcomes appear
without a realized action (missing events), and (iii) residual drift persists after
an interaction should have terminated.

Key observation. These errors arise because the sampling update is applied
everywhere in the latent state at every step, regardless of whether an interaction
is active. In other words, the backbone may implicitly encode event structure,
but the sampler provides no mechanism to gate state evolution based on event
presence or phase.
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EVD principle at inference. EVD modifies sampling by introducing an event
gate that enforces:

Latent state updates should be suppressed in regions/timesteps with no
event activity, and concentrated when an event is active.

This converts sampling from “always update” to “update only when justified by
an event”, directly targeting the failure modes in Fig. 2 without requiring any
changes to the backbone solver or the decoding pipeline.

Event-guided update rule We now specify the event-driven sampling rule
used by EVD. Let {tk}fzo be the sampling time grid (Sec. A.2), and let z,
denote the latent at step k. At each step, the backbone predicts the base target
(e.g., velocity) and the event module predicts an event field:

7/:k = UG(thyatk)a ék = hdl(ztkvyatk)' (66)

Event gate. We extract an activity field aj, € [0,1]" from é; (Eq. (53)) and form
a token-wise gate

gk = gu(értr) € 0,17, (67)

In the simplest variant, g = o(Bar) with sharpness 8 > 0. When
phase/confidence is used (Sec. A.4), g, additionally incorporates early-step
emphasis and uncertainty-aware scaling.

Gated backbone prediction. We patchify the backbone prediction into tokens
Tok(7%) € RN and apply the gate:

Tk = gr © Tok(Ty), (68)

where ® is elementwise multiplication broadcast across channels d,. Unpatchi-
fying 7), yields a latent-shaped update direction 7, € RT XH xW'xC

Sampling update. We plug 7y into the same sampler used by the base model.
For concreteness, with a simple Euler update for an ODE sampler:

Bty = Rty —+ Atk ;k, Atk = tk+1 — 1. (69)

Higher-order solvers (Heun, DPM-style [38]) are handled analogously by replac-
ing each occurrence of the backbone prediction with its gated version.

Interpretation. Eq. (68)—(69) implements the inference-time counterpart of the
training constraints: when the model predicts no event (g = 0), the sampler
performs a near-identity update and preserves the current state; when an event
is active (gx & 1), the sampler applies the backbone update normally, allowing
coherent state transitions to form.
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Relation to CFG. EVD gating is orthogonal to text CFG: we first form the
CFG-combined prediction 7¢® (Eq. (31)) and then apply gating to Tok(7;'¢).
This preserves prompt adherence while preventing spurious dynamics outside
event regions.

Guidance schedule over timesteps (strong early, anneal later) EVD
applies event grounding most strongly at early sampling steps, where the coarse
spatiotemporal structure and interaction dynamics are formed, and gradually
relaxes it in later steps, where the model primarily refines appearance.

Why schedule event guidance? A constant-strength event gate can over-constrain
late-stage refinement, slightly reducing visual richness or texture detail. Con-
versely, weak event guidance early can allow spurious motion to enter the tra-
jectory and persist. A schedule that is strong early and weaker late resolves this
tension.

Scheduled event gate. Let gy, denote the base (soft or hard) event gate computed
from é; (Sec. A.7). We define a timestep-dependent strength p(t;) € [0, 1] and
use the scheduled gate

g = p(te)ge + (1—p(te)) 1, (70)

where 1 is the all-ones gate (no gating). When p(tx) = 1, EVD applies full
gating; when p(tx) = 0, sampling reduces to the base model.

Practical schedule. We use a simple piecewise-linear schedule:

1, t <t

t) = t—t* 71
p(t) T r ! (71)

with t* € [0.4,0.6]. Thus, event grounding is fully active during the early portion
of the trajectory and linearly annealed to zero by the end.

Alternative: exponential annealing. For smoother behavior, we also consider

p(t) = exp( — w(t — 1)), (72)

which decays rapidly after ¢t*. Both schedules behave similarly; the linear sched-
ule is easier to tune.

Combining with CFG. We apply the schedule to event gating while keeping text
CFG fixed across all timesteps:

To = g © Tok(7®), (73)
where ?zfg is the CFG-combined prediction (Eq. (31)). This maintains prompt

adherence while concentrating event fidelity improvements where they matter
most.
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Algorithm 1 Event-Driven Video Generation (EVD): training

1: Inputs: paired data (z,y); video encoder E; DiT backbone ug; event head my; loss
weights (Areal; Acons; Aorder); loss time-weight cutoff ¢, and decay k; consistency
jitter A; event-dropout pe; hysteresis thresholds (Ton, Toff)-

2: Operators: Tok(-) patchify; o(-) sigmoid; ® elementwise product; 1[-] indicator.

3: Loss time-weight: w(t) = 1[t < 5] + exp(—k(t — togs) ) L[t > toss]-

4: Train (DiT + event head; event-grounded losses).

5: for each minibatch (z,y) do

6:  Encode: z1 < E(z); sample zo ~ N (0, T); sample ¢ ~ U[0, 1].

7 Flow-matching form: z; < tz1 + (1 — t)zo; target 7 < 21 — z0.

8 Predict state target: T < wug(z¢,y, t).

9:  Predict event activity: é; < my(s\2), £); ar + o(e) € 0,1]V.

10:  Event dropout: with prob. pe, set a: < 0.

11:  Patchify update: A; < Tok(7).

12: Base loss: lpase < ||T — T||§

13: Realization loss: rca1 < H(l —a) © AtH;

14:  Consistency loss (two-time-step smoothness):

15: sample § ~ U[—A, A; set t' = clip(t + 6,0,1); 24 < t'21 + (1 — t')20;

16: T ug(zy,y,t'); € Ww(Si,L),t/); i o(eM); A} « Tok(7');

170 loons ¢ |Jac © Ay — ' © A2

18:  Ordering/termination loss:

190 lon + |[1[ar < Ton] © AL, Lot 4 ||1[ar < Tor] © Ad|f2, Lorder ¢ Lon + Lotr-

20: Total loss: £ < lpase + w(t) ()\realgreal ~+ Aconsleons + Aorderéorder) .
21:  Update (6,%) with AdamW; clip gradients; update EMA weights.
22: end for

23: Sampling: use Alg. 2.

Effect on failure modes. Early-step event gating suppresses spurious motion
initiation (improving Contact Stability), while the anneal phase avoids over-
regularizing late refinement and preserves appearance quality.

A.8 Complete EVD Training and Sampling Algorithms

For completeness, Algorithms 1 and 2 provide the full training and event-driven
sampling procedures used by EVD.

A.9 Scaling to 30B: Practical Details That Matter

Training recipe (DiT-30B 4+ EVD) We fine-tune a pretrained DiT-30B
video generator with EVD using a lightweight recipe designed to preserve the
base model’s appearance quality while improving event-grounded dynamics. Un-
less otherwise stated, training is performed in latent space using the same video
autoencoder and clip format as the base model.
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Algorithm 2 Event-Driven Sampling (EVD) with CFG

1: Inputs: prompt y; null prompt &; time grid {tk}kK:O; DiT backbone ug; event head
my; decoder D; CFG scale wegg; gate sharpness [3; hysteresis thresholds (7on, Tof);
anneal cutoff ¢*; spatial smoothing operator S.

: Operators: Tok/UnTok (patchify /unpatchify); o(-) sigmoid; ® elementwise prod-
uct.

[\.]

3: Init: sample latent z;, ~ N(0, I); initialize gate state g—1 <+ 0.

4: for k=0,...,K—1do

5: (1) CFG direction field.

6: 7oord o ug(zey, Yo tr), T e ug(z,, @, tr)

T 78 o (1 4 Wetg )T — wegg 7004

8:  (2) Predict event activity (token-aligned).

9: Er +— Ww(SEI;)Jk)

10: ak < cr(é,(:)) e o, 1)V (activity channel)
11:  (3) Smooth activity and compute a soft gate.

12: ay < S(ax) (if disabled, set ar = ax)
13: Gi < o Bar — Tty € (0,1)N

14:  (4) Hysteresis (stabilize on/off).

15: for each token i€ {l,...,N}: (token-wise update)
16: Gk,i < 1 if fikﬂ' > Tons gk,i < 0 else if ak,i < Toff s 9k,i < Gk—1,i

otherwise.
17: gk < gk © gEm
18:  (5) Time scheduling (strong early, anneal late).

1, te < t¥,
B e 1-EE s
20: gk < prgr+ (1 — pr)l (1: all-ones gate)
21:  (6) Apply gating to the CFG field.
22: 7 + UnTok(gx ® Tok(7%))
23:  (7) Solver step (base sampler unchanged).
24: Ztpqq < Step(ztk,?k,tk,thrl)
25: end for
26: Decode: = < D(z ). Return: z.

Data and clips. We fine-tune on a subset of the base model’s training distribu-
tion (no additional annotation required), sampling short clips with fixed spatial
resolution and length. We use standard text filtering and deduplication con-
sistent with the base pretraining pipeline. Event pseudo-targets are computed
on-the-fly from the training clips (Sec. A.4).

Optimization. We use AdamW with two parameter groups: (i) backbone
weights 6 (conservative learning rate), and (ii) EVD modules ¢ (event injec-
tion/head/gate; higher learning rate). We apply linear warmup followed by
cosine decay. Gradient clipping (global norm) is enabled for stability, and we
maintain an EMA of the weights for sampling.
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Stability settings. We train in bf16/fpl6 with activation checkpointing. Event
conditioning is zero-initialized (Sec. A.5) and gradually enabled via a warmup
ramp on 7(t) and the auxiliary loss weights Apeal, Acons- We additionally apply
event dropout with probability p. (set e; = 0) to prevent over-reliance on noisy
event cues.

Loss and schedules. The total loss is £L = Lpase + ArealLlreal + AconsLeons +
AorderLorder (Sec. A.6). Event-related losses are time-weighted to emphasize early
timesteps, aligning event grounding with the portion of the trajectory that de-
termines coarse dynamics.

Hyperparameters. For reproducibility, we report the following knobs:

— Fine-tuning steps: 40000 Batch size (global): 192

Optimizer: AdamW B1,082: 0.9, 0.98 weight decay: 0.02
— Learning rates: Iry =3e-6, Iry, =3e-5 warmup: 1500 steps
Gradient clip: 0.5 EMA decay: 0.99995

Event dropout pe: 0.25 Time-weight cutoff ¢*: 0.60

— Loss weights: Areal =0.12, Acons =0.08, Agrqer =0.03

Parallelism and memory (30B training) Training and sampling a 30B
DiT backbone requires distributed execution. EVD is designed to add minimal
overhead, so the systems configuration largely matches the base DiT-30B setup.

Parallelism strategy. We use data parallelism (DP) across nodes and combine it
with tensor parallelism (TP) within each node to shard the DiT-30B parameters.
When available, we additionally enable pipeline parallelism (PP) for improved
scaling at high node counts. EVD-specific modules (event injection/head/gate)
are small and are replicated across TP ranks, contributing negligible memory
overhead.

Activation checkpointing. We enable activation checkpointing for transformer
blocks to reduce activation memory, which is typically the dominant term for
long video clips. Checkpointing is applied uniformly across the backbone; the
event pathway adds only a small number of extra activations.

Precision and communication. Training runs in bfl6/fpl6 with standard loss
scaling. We use fused attention and fused MLP kernels when supported. Collec-
tives (all-reduce) are overlapped with computation where possible. For stability,
we maintain an EMA of weights on the DP master rank.

Memory footprint and overhead. Relative to the base DiT-30B fine-tuning:

— Parameters: EVD adds O(dC.) parameters (event injection and head),
negligible compared to 30B.
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— Compute: the main overhead is a small extra projection for event predic-
tion; end-to-end training throughput remains within a small fraction of the
baseline.

— I/0: event pseudo-target extraction (Sec. A.4) is computed on-the-fly; in
practice, it is not a bottleneck when batched and executed asynchronously
with data loading.

Implementation note. Because EVD does not change the tokenization, clip
length, or solver, it slots into existing DiT-30B training infrastructure with
minimal engineering. The primary additional considerations are: (i) managing
the event pseudo-target pipeline and (ii) maintaining stable zero-impact
initialization for the event pathway (Sec. A.5).

Compute and data budget We fine-tune DiT-4B + EVD on 32 GPUs and
DiT-30B + EVD on 256 GPUs, using mixed precision (bf16/fpl6), activation
checkpointing, and EMA sampling weights. All experiments operate on fixed-
length clips of 128 frames at 24 fps (5.33s) and are trained at 256x256 in the
latent space of a temporal autoencoder [4,20]. The underlying DiT backbones
are initialized from prior large-scale DiT-video training and are reported to be
pretrained on a closed-source internal corpus of O(108) video—text clips [4,20].
For EVD fine-tuning, we construct an interaction-rich subset by filtering the
internal video—text distribution available to us (i.e., a training pool from the
same distribution family as the backbone) with a lightweight latent-space activity
score: for each candidate clip, we encode it with the TAE to obtain z;, compute

per-frame change magnitudes m, = ﬁHzf“ — 2711, aggregate to a clip score

as the mean of the top-20% {m.}, and retain clips above a fixed percentile
threshold (top ~30%) while discarding near-static clips; to reduce global camera-
motion bias, we additionally require the activity to be spatially concentrated by
thresholding the entropy of the per-patch activity map. The same signals are
reused to form event pseudo-targets (Sec. A.4), and all clips undergo identical
preprocessing (resize/crop — autoencoder encoding). Concretely, our DiT-4B +
EVD run uses 50,000 steps with global batch size 64 (3.20M training samples,
409.60M frames), and our DiT-30B + EVD run uses 40,000 steps with global
batch size 192 (7.68M training samples, 983.04M frames).

Inference settings (steps, guidance, decoding) We report all qualitative
and quantitative results using a fixed sampling configuration per benchmark to
ensure apples-to-apples comparisons. EVD modifies only the update field passed
to the sampler (Sec. A.7) and therefore uses the same solver family and decoding
stack as the base model.

Sampling steps (NFE). We sample on a monotone time grid {tk},}fzo with K
solver steps (reported as NFE up to constant factors from CFG batching). Unless
otherwise stated, all compared methods use the same K on EVD-Bench.
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Text guidance. We use classifier-free guidance with scale w (Eq. (31)), applied
uniformly across timesteps for all methods. EVD applies its event gating after
CFG by modulating the CFG-combined prediction (Sec. A.7).

Event gating configuration. EVD uses soft gating with hysteresis (Sec. A.7):

— Gate sharpness § =12.0
— Thresholds 7, =0.62, 7,4 =0.38
— Spatial smoothing S: on (kernel 3 x 3 on the spatial patch grid, per-frame)

FEvent schedule. Event gating is applied strongly in early steps and annealed
later using p(t) (Sec. A.7). We set the cutoff t* =0.60 (equivalently, the first 30
steps for a 50-step sampler), and then linearly anneal the event gate to zero by
the final sampling step.

Decoding. Final latent samples z;, are decoded using the same temporal au-
toencoder decoder D(-) as the base model. All models share identical decoding
parameters (no post-hoc filtering) to avoid confounds in visual quality.

Reproducibility. For each prompt, we generate one sample per model using a
fixed seed and fixed sampler configuration (same K, solver, and w). We do not
cherry-pick frames or runs; the displayed samples are the first output from each
method under the shared settings.

Throughput and overhead relative to the base model EVD is designed
to improve event-grounded dynamics without materially changing the computa-
tional profile of the underlying DiT backbone.

Training-time overhead. Relative to fine-tuning the base DiT-30B:

— Forward pass: EVD adds a small event head (Eq. (48)) and a token-
wise event injection (Eq. (46)). Both are dominated by the backbone at-
tention/MLP compute.

— Loss computation: L cal, Lcons, Lorder are simple token-wise norms and
differences (Sec. A.6) and add negligible compute.

— Event pseudo-targets: computing latent-change-based signals (Sec. A .4)
can add overhead if executed naively. In practice, we batch this computation,
cache intermediate results when possible, and overlap it with data loading;
it does not dominate end-to-end throughput in our setup.

Inference-time overhead. EVD reuses the same sampler and decoding stack as
the base model. The only added inference computation is:

— one lightweight event prediction é;, per sampling step (often computed from
the same backbone features), and
— a token-wise gating operation to modulate the update direction (Eqs. (68)—

(69)).

These operations are small compared to a DiT-30B forward pass.
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Table 3: Efficiency and overhead. EVD adds a lightweight event head and gat-
ing logic but keeps the same sampler, steps (K=>50), and CFG structure (2 model
evaluations per step).

Total Added Added Train Inference DiT Steps

Model Params Params (%) Throughput Overhead evals/step (K)
DiT-4B 4.0B - - 1.00% 1.00x 2 (CFG) 50
DiT-4B + EVD 4.0B 6.5M  0.16% 0.98 x 1.02x 2 (CFG) 50
DiT-30B 30.0B - - 1.00x 1.00x 2 (CFG) 50
DiT-30B + EVD 30.0B 12.0M 0.04% 0.97x 1.02x 2 (CFG) 50

Model evaluations per step. When using CFG, all methods require two model
evaluations per sampling step (conditional and unconditional). EVD does not
increase the number of DiT evaluations beyond CFG; event prediction and gating
are computed within the same forward pass (or from cached features) and do
not require additional DiT calls.

Table 3 summarizes the computational footprint of EVD. EVD introduces a
small event head and token-wise gating, adding only 6.5M parameters (0.16%)
on DiT-4B and 12.0M parameters (0.04%) on DiT-30B. Training throughput is
minimally affected (= 0.98x for 4B and 0.97x for 30B), and inference overhead
remains small (= 1.02x) due to lightweight gating. Importantly, EVD preserves
the sampling interface: the same number of steps (K'=>50) and the same CFG
structure (two DiT evaluations per step) are used, since EVD modifies only the
direction field passed to the solver.

Summary. EVD’s gains come from changing what is represented (events) and
how the predicted update is applied (event gating), not from increased sam-
pling steps or heavier backbones. Consequently, EVD retains nearly the same
throughput and memory footprint as the underlying DiT-30B configuration un-
der matched NFE.

A.10 Diagnostics and Ablations

Ablation suite (what we remove and what comes back) We ablate EVD’s
core components to isolate which mechanisms are responsible for improved event-
grounded dynamics. Each ablation is evaluated under identical sampling settings
(same solver, NFE, text guidance) and on the same prompts.

Ablation 1: remove event realization loss. We set Area1 = 0 in Eq. (52). Expected
regression: increased “missing-event” behavior, where outcomes appear without
an explicit interaction, and pre-contact motion becomes more frequent (notably
harming Contact Stability and Support Relations).

Ablation 2: remove event consistency loss. We set Acons = 0. Expected regres-
sion: event predictions become less tied to coherent state evolution, leading to
jitter within an interaction and unstable postconditions (harming State Persis-
tence and Spatial Accuracy).
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Ablation 3: training-only EVD (no event-driven sampling). We keep the full
training objective but disable event gating at inference by setting p(¢t) = 0 in
Eq. (70), so g,sfhe‘i = 1 and sampling reduces to the base model. Expected
regression: partial loss of gains, especially on prompt cases where baseline
errors are induced by the sampler allowing spurious updates after an event should
terminate.

Ablation 4: inference-only EVD (no event losses). We train with Lpase only
and enable event gating at inference using an externally extracted event sig-
nal (Sec. A.4) or a weakly trained event head. Expected regression: some
improvement in suppressing residual drift, but weaker results overall due to mis-
alignment between the event signal and the backbone’s learned dynamics.

Ablation 5: disable gating (“always update”). We set g, = 1 in Eq. (68). Ex-
pected regression: returns to frame-first behavior, including state drift and

pre-contact motion. This ablation often reproduces the failure cases shown for
the base DiT model.

Ablation 6: remove schedule (constant-strength gating). We set p(t) = 1 (always
gate) or p(t) = ¢ for a constant ¢ € (0,1). Expected regression: always-gating
can slightly degrade late-stage appearance refinement; too-weak gating early
reduces event fidelity.

Reporting. For each ablation, we report (i) aggregate quantitative metrics
(VBench appearance/dynamics) and (ii) targeted qualitative probes aligned to
the four failure categories used in Fig. 2. This ensures each component is tied
to a specific behavioral improvement rather than an abstract score gain.

Sensitivity to sampling steps and guidance scale We evaluate the robust-
ness of EVD under changes to sampling compute (NFE) and guidance strength.
This is important because improvements that rely on a narrow regime of steps
or tuning are less compelling at 30B scale.

Varying the number of steps (NFE). We vary the number of solver steps K
while keeping all other settings fixed (solver family, decoding, prompt set). EVD
is expected to retain a consistent advantage over the base model under matched
K, with larger gains at lower-to-moderate K, where spurious early-step dynamics
are hardest to correct later.

Varying text CFG scale. We vary the CFG scale w in Eq. (31). Higher w typi-
cally increases prompt adherence but can exacerbate instability and overshooting
in dynamics for some baselines. Because EVD gates state updates using event
activity, it is less sensitive to large w and maintains stable interactions over a
wider range.
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Table 4: Sensitivity of EVD on EVD-Bench (DiT-4B backbone). Each row
varies a single control while holding the rest at the default. Metrics are aggregated over
EVD-Bench.

Setting K weg B Ton Tog t* VBench App. VBench Dyn.
Default (used in paper) 50 4.0 12.0 0.62 0.38 0.60 76.2 94.8
Fewer steps (NFE) 25 4.0 12.0 0.62 0.38 0.60 75.9 93.4
Moderate steps (NFE) 35 4.0 12.0 0.62 0.38 0.60 76.1 94.1
More steps (NFE) 75 4.0 12.0 0.62 0.38 0.60 76.2 95.0
Lower CFG 50 2.5 12.0 0.62 0.38 0.60 76.0 94.1
Higher CFG 50 6.0 12.0 0.62 0.38 0.60 76.1 94.6
Very high CFG 50 8.0 12.0 0.62 0.38 0.60 75.8 94.0
Lower sharpness 50 4.0 8.0 0.62 0.38 0.60 76.1 94.2
Higher sharpness 50 4.0 16.0 0.62 0.38 0.60 76.0 94.6
Narrow band 50 4.0 12.0 0.60 0.40 0.60 76.1 94.5
Wide band 50 4.0 12.0 0.65 0.35 0.60 76.2 94.7
Shifted high 50 4.0 12.0 0.66 0.42 0.60 75.9 93.9
Shifted low 50 4.0 12.0 0.58 0.34 0.60 76.0 94.1
Earlier cutoff 50 4.0 12.0 0.62 0.38 0.50 76.2 94.4
Later cutoff 50 4.0 12.0 0.62 0.38 0.70 75.8 94.9

Varying event gate sharpness and thresholds. We vary the soft gate sharpness 3
and thresholds 7o, 7o (Sec. A.7). We observe a broad plateau: once thresholds
are sufficient to suppress low-activity updates and hysteresis prevents flicker,
performance is stable. Extremely sharp gates without hysteresis can produce
over-suppression in ambiguous regions; extremely soft gates reduce benefits on
causal initiation.

Practical guidance. For reproducibility, we report (i) K (steps/NFE) and (ii)
CFG scale w in Sec. A.9 (see also Eq. (31)); (iii) the event cutoff t* and annealing
schedule p(t) in Secs. A.9 and A.7; and (iv) gating parameters (8, Ton, Toff) in
Sec. A.9. These controls are sufficient to reproduce the qualitative behaviors
highlighted in Figs. 4-5 and the quantitative gains on EVD-Bench.

A.11 EVD-Bench construction and leakage audit

Prompt release. We release the full EVD-Bench prompt list (150 prompts) ver-
batim in the supplemental material and will host it in a public repository upon
publication. Prompts are fixed and used unchanged across all experiments and
ablations.

Design goals and scope. EVD-Bench targets interaction realism rather than
broad cinematic diversity. Prompts are short, atomic, single-event captions with
a clear precondition — interaction — postcondition structure, chosen to be
judgeable from video alone (no hidden state) and to minimize ambiguity in
actors/objects.
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Table 5: EVD-Bench leakage audit summary. Caption-level and semantic overlap
checks against the EVD fine-tuning caption pool.

Check Rule Outcome

Exact match normalized string match 0 prompts removed
Nearest-neighbor similarity max cosine > 0.90 7 prompts removed
Paraphrase audit manual review of top-k neighbors 11 prompts replaced
Prompt perturbation synonym /rephrase invariance stable behavior observed

Construction pipeline. We (i) seeded a large pool of short interaction captions
spanning contact /impact, placement, support /stacking, constrained mechanisms
(doors/drawers), and material transfer (pouring/spilling); (ii) removed near-
duplicates using semantic clustering (text-encoder embeddings + cosine thresh-
old) and keyword normalization; and (iii) balanced the final set across the four
failure categories used in Fig. 2 (State Persistence, Spatial Accuracy, Support
Relations, Contact Stability).

Leakage safequards (caption overlap). To mitigate overlap with the EVD fine-
tuning captions, we perform an explicit caption-level audit against the fine-
tuning prompt/caption pool: for each EVD-Bench prompt p, we compute its
nearest-neighbor similarity to all training captions using a frozen text encoder
(same family as the model text encoder), and we remove p if its maximum
cosine similarity exceeds a conservative threshold (e.g., 0.90) or if it matches
any training caption after normalization (lowercasing, punctuation stripping,
number normalization). This filtering is performed before any evaluation.

Leakage safequards (semantic paraphrase). Because semantic overlap can occur
without exact matches, we additionally run a paraphrase audit: we retrieve the
top-k nearest training captions for each benchmark prompt and manually verify
the top matches. Prompts judged as paraphrases of frequently occurring training
captions are replaced with semantically distinct alternatives within the same
failure category.

Memorization check (generation invariance). As a sanity check against mem-
orization, we test prompt perturbations (synonym swaps and minor rephras-
ings) [22] and verify that EVD’s qualitative behavior is stable under these per-
turbations, rather than producing a brittle template-like output.

What this does and does not guarantee. These audits substantially reduce the
risk that gains are driven by trivial caption memorization of the fine-tuning pool.
They do not guarantee zero overlap with the (closed-source) backbone pretrain-
ing distribution, which is expected for any evaluation performed on natural-
language prompts. Importantly, EVD-Bench is used to measure interaction-
grounding behaviors (contact initiation, support stability, post-event settling)
that cannot be “solved” by caption memorization alone.
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A.12 Full EVD-Bench Prompt List

Table 6 lists the 150 prompts used in EVD-Bench. The prompt set is fixed across
all methods and ablations.

Table 6: Full EVD-Bench prompt list. We release the complete set of 150 short
interaction-centric prompts used for EVD-Bench. Prompts are fixed across all compared

methods, ablations, and human-evaluation runs.

ID Prompt ID Prompt
1 A basketball passes cleanly 76 A remote button is pressed and a
through a hoop TV turns on
2 A bicycle wheel spins freely while 77 A timer knob is turned and starts
the bicycle remains stationary ticking
3 A book slides across a desk and 78 A drawer is pulled open and left
comes to rest open
4 A bookend supports several books 79 A drawer is pushed in and stays
standing upright closed
5 A broom pushes dust across the 80 A mailbox flag is raised and stays
floor into a pile up
6 A ceiling fan begins spinning after 81 A lid is twisted off a jar
being switched on
7 A curtain is drawn closed acrossa 82 A lid is twisted onto a jar and
window tightened
8 A door swings open after the han- 83 A bottle cap is popped off and
dle is turned falls
9 A drawer slides shut into a cabinet 84 A cork is pulled from a bottle
10 A hammer strikes a nail into a 85 A straw is inserted into a cup
piece of wood
11 A ladder is leaned carefully 86 A straw is removed from a cup
against a wall
12 A mailbox door is opened and left 87 Ice cubes are dropped into a glass
hanging downward and splash
13 A man kicks a ball into a goal 88 Water is poured into a bowl and
rises
14 A person drops a ball onto the 89 Water is poured out of a bowl and
ground empties
15 A person pushes a box across the 90 A cup is tilted and liquid pours
floor. out
16 A person stacks one book on top 91 A bowlis tipped and contents spill
of another onto a table
17 A picture frame rests against a 92 A liquid spill is wiped and the sur-
wall on a shelf face becomes dry
18 A pillow is placed onto a bed and 93 Sugar is poured onto a table and
compresses slightly forms a small pile
19 A plate is placed onto a dining ta- 94 Salt is sprinkled into a bowl and
ble disperses
20 A remote-controlled toy car drives 95 Flour is poured into a bowl and

forward and then stops

settles

Continued on next page
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ID Prompt ID Prompt

21 A robotic arm places a cube onto 96 Cereal is poured into a bowl and
a platform fills it

22 A rolling ball collides with a wall 97 Milk is poured onto cereal and
and stops spreads

23 A rope is pulled across the floor 98 A spoon stirs coffee and the liquid
and straightens swirls

24 A set of keys falls onto a tabletop 99 A spoon is dropped into a cup and

sinks

25 A sliding glass door is opened 100 A teabag is dipped into water and
along its track darkens the cup

26 A sponge is pressed against a sur- 101 A slice of bread is placed into a
face and then released toaster

27 A trash can lid opens and then 102 A toaster lever is pushed down
falls closed and stays down

28 A wet sponge drips water onto the 103 A toaster pops up and the lever
floor rises

29 A window is pushed upward and 104 A pan is placed onto a stove
stays open burner

30 A woman opens a door and walks 105 A pot lid is placed on a pot and
through it rests flat

31 A woman places a glass on a 106 A pot lid is lifted and steam es-
wooden table capes

32 An elevator door opens and peo- 107 A kettle is placed on a stove and
ple step inside sits still

33 An escalator carries people up- 108 A microwave door is opened and
ward while steps rotate under- then closed
neath

34 Coffee is poured into a cup and 109 A microwave starts and the light
fills it gradually turns on

35 Someone pulls a chair from under 110 A refrigerator door is opened and
a table then closed

36 Someone pushes a suitcase and it 111 A chair is pushed and slides
rolls across the floor on its wheels slightly

37 Someone rolls a shopping cart for- 112 A chair is pulled and stops aligned
ward down an aisle with the table

38 Two people pass a basketball to 113 A stool is placed under a counter
each other and stays there

39 Water is poured from a bottle into 114 A box is lifted and set onto a shelf
a glass

40 Water spills onto a table and 115 A box is placed inside a larger box
spreads outward

41 A coin is dropped into a glass and 116 A suitcase is lifted onto a luggage
lands inside rack

42 A coin slides across a table and 117 A backpack is placed on the floor
falls off the edge and collapses slightly

43 A tennis ball bounces on the floor 118 A pillow is fluffed and expands
and comes to rest then settles

44 A ball rolls down a ramp and 119 A blanket is pulled across a bed

stops at the bottom

and smooths out

Continued on next page
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ID Prompt ID Prompt
45 A rolling can hits a book and 120 A curtain is tied back with a strap
stops
46 A bottle is nudged and tips over 121 A rope is looped around a post
onto its side and tightened
47 A cup is pushed and slides to a 122 A rope is released and slackens
stop
48 A sponge is squeezed and water 123 A chain is lifted and then drops
drips out with a clink
49 A towel wipes water off a tabletop 124 A rubber band is stretched and re-
leased
50 A napkin is unfolded and laid flat 125 A rubber band snaps back onto a
on a table surface
51 A sheet of paper is crumpled into 126 A spring is compressed and then
a ball expands
52 A sheet of paper is torn in half 127 A ball is caught in a net and stops
moving
53 A paper airplane is thrown and 128 A ball is thrown into a basket and
glides forward lands inside
54 A book is opened and a page is 129 A basketball bounces off the rim
turned and falls
55 A book is closed and set down 130 A soccer ball hits a post and de-
flects away
56 A pen is placed into a cup 131 A frisbee hits a wall and drops
57 A pen rolls off a desk and falls 132 A skateboard rolls forward and
then stops
58 A marker draws a line on paper 133 A shopping cart turns a corner
and continues rolling
59 A pencil is sharpened and shav- 134 A toy car bumps a wall and re-
ings fall verses slightly
60 A key is inserted into a lock and 135 A marble is dropped into a bowl
turned and rattles to rest
61 A light switch is flipped and the 136 A domino is tipped and knocks
lamp turns on over the next domino
62 A faucet is turned on and water 137 A stack of blocks is tapped and
flows wobbles but stays upright
63 A faucet is turned off and water 138 A block is removed from a stack
stops and the stack settles
64 A shower curtain is pulled open 139 A block is placed on top of a tower
and stays open and stays balanced
65 A closet door slides open along its 140 A cup is stacked onto another cup
track
66 A cabinet door swings shut and 141 A plate is slid across a table and
latches stops
67 A door is pushed closed and stops 142 A plate is placed onto a rack and
stays there
68 A window latch is flipped and the 143 A bowl is placed onto a table and
window opens stays still
69 A window is pushed down and 144 A tray is carried and set down

closes fully

without spilling

Continued on next page
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ID Prompt ID Prompt

70 A blind cord is pulled and blinds 145 A phone is placed onto a charging
rise pad

71 A blind cord is released and blinds 146 A phone is picked up from a table
stop moving

72 A zipper is pulled up and closes a 147 A laptop lid is opened and stays

jacket open

73 A zipper is pulled down and opens 148 A laptop lid is closed and stays
a jacket closed

74 A belt buckle is fastened and 149 A person hands a book to another
tightened person

75 A button is pressed and a device 150 Two people exchange a small box
turns on hand-to-hand

A.13 Human evaluation protocol

Task and interface. We use a two-alternative forced-choice (2AFC) setup. For
each prompt, raters view two videos (EVD vs. baseline) side-by-side in ran-
domized left/right order and select the better one under three criteria: Text
Faithfulness, Overall Quality, and Dynamics. Raters are instructed to prioritize
causal correctness for Dynamics (e.g., contact — motion, stable postconditions)
and to ignore minor aesthetic differences when judging dynamics.

Raters and assignments. We recruit 120 raters from a third-party crowdworking
platform with eligibility requirements of >95% approval and >500 completed
tasks. Each comparison (prompt x criterion x baseline) is independently eval-
uated by 5 distinct raters. Assignment is balanced so that each rater sees a
mixture of prompts and baselines, and no rater evaluates the same prompt more
than once for a given criterion.

Quality control (QC). We include (i) 10% attention checks with trivially distin-
guishable pairs (e.g., prompt—video mismatch) and (ii) duplicated comparisons
with swapped ordering to detect random clicking. We discard responses from
raters who fail more than 20% of checks or whose answers disagree on > 2 du-
plicated items. We also enforce a minimum viewing time of 6 seconds before
submission.

Aggregation and confidence intervals. For each method pair and criterion, we
report the win rate (percentage of votes favoring EVD). We compute 95%
confidence intervals by nonparametric bootstrap over prompts (10,000 resam-
ples), which accounts for prompt-to-prompt variability. When comparing mul-
tiple baselines, we control for multiple comparisons using Holm—Bonferroni and
report significance at a = 0.05.
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Table 7: Human evaluation protocol statistics (2AFC). Summary of rater pool,
assignment, quality control (QC), and agreement used for the human preference results
reported in the paper.

Item Value

Rater eligibility >95% approval, >500 completed tasks

Unique raters recruited 120

Judgment protocol 2AFC (randomized left/right), side-by-side videos
Criteria Text Faithfulness, Overall Quality, Dynamics
Ratings per comparison 5 raters per (prompt X criterion X baseline)
Attention checks 10% of assignments (prompt—video mismatch)
Duplicate checks Swapped-order duplicates (consistency test)

QC exclusion (attention) >20% failed checks
QC exclusion (duplicates) >2 inconsistent duplicate items

Minimum viewing time 6 seconds

Aggregation Win-rate (% votes favoring EVD)

Confidence intervals 95% bootstrap over prompts, 10,000 resamples
Multiple comparisons Holm—Bonferroni, e = 0.05

Inter-rater agreement Fleiss’ x (reported per criterion)

No cherry-picking First sample per prompt (fixed seed, fixed sampler)

Inter-rater agreement. We report inter-rater agreement using Fleiss’ x computed
after QC filtering, and we report it separately per criterion (Text Faithfulness /
Quality / Dynamics).

No cherry-picking. All human evaluation uses the first generated sample per
prompt under a fixed seed and fixed sampler configuration; we do not resample
or select outputs.

A.14 Additional Stress Tests and Diagnostics

We include additional evaluations that probe event localization, composi-
tional /temporal complexity, simultaneous events, recent open-source baselines,
and robustness of the gating design. All reported samples use fixed prompts
and fixed seeds; no outputs are re-rolled or selected post hoc.

Pseudo-target and gate localization. To verify that EVD does not merely track
arbitrary motion, we measure activity inside semantic interaction regions versus
inactive/background regions. Across held-out placement and pouring examples,
background leakage remains low while interaction-region activity is high (0.07
versus 0.61), indicating that the pseudo-targets, learned activity, and final gates
concentrate on prompt-relevant events rather than diffuse background changes.

Compositional and temporal stress tests. We additionally evaluate fixed-seed
subsets drawn from T2V-CompBench and NeuS-V prompt pools, filtered for
temporal ordering, compositionality, and concurrent-event structure. On a 40-
prompt compositional /temporal subset, EVD improves the compositional score
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t; before

t; placementicontact t; after

Fig. 6: Pseudo-target and gate localization diagnostics. We visualize two held-
out diagnostic clips, placement/contact (left) and pouring/material transfer (right),
using three time points per clip. The first row shows the RGB frames; the remaining
rows overlay event signals on the corresponding RGB frames. The pseudo-target a; is
the self-supervised event activity target extracted from localized video/latent change,
the learned activity a: is the event-head prediction from DiT features, and the final
gate g; is the post-processed update gate after smoothing, hysteresis, and scheduling.
The signals are therefore aligned but not identical: a: provides supervision, a; is the
model prediction, and g: is the stable gate used to modulate latent updates. Activity
peaks at the glass—table contact and along the bottle-mouth — stream — receiving-
glass transfer path, while inactive/background regions remain suppressed.

to 64.8 compared with Wan, Hunyuan, and DiT-30B (58.7/56.9/51.2), and im-
proves temporal-order pass rate from 42.6 to 58.3. On a 30-prompt simultaneous-
event subset, event-pair success improves from 46.7 to 63.3, with multi-active
gates observed in 82% of successful clips. This supports that the token-wise gate
is not winner-take-all: multiple event regions can remain active while global DiT
attention couples their effects.

Recent baselines and metric stability. We compare against recent open-source
video generators on EVD-Bench and observe that EVD wins dynamic prefer-
ence against Wan and Hunyuan (68.4% and 65.7%, respectively), while DiT-
30B+EVD achieves higher VBench Dynamics (95.7) than Wan (91.6) and Hun-
yuan (90.8). We also report additional VBench subdimensions: compared with
DiT-4B, DiT-4B+EVD improves Dynamics (78.9—94.8) while preserving Ap-
pearance (75.4—76.2), Motion Smoothness (96.1—96.5), Subject Consistency
(91.3—91.6), and Temporal Flickering (96.8—97.0).

Human statistics and robustness. For human evaluation, EVD obtains 2AFC
win rates of 96.4 [94.1, 98.2] for Dynamics, 91.3 [88.0, 94.0] for Quality, and
88.9 [85.2, 92.1] for Text Faithfulness, with Fleiss’ x of 0.46/0.41/0.52, respec-
tively. Removing the ordering loss reduces dynamics preference from 96.4 to 89.2,
VBench Dynamics from 94.8 to 92.7, and contact stability by 5.8 points. The
schedule is stable across t* € {0.50,0.60,0.70}, yielding VBench Dynamics of
94.1/94.8/94.5.
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Table 8: Additional stress tests and diagnostics. All checks use fixed prompts
and fixed seeds. Higher is better except background leakage.

Check Metric / setup Result
Pseudo-target und leakage vs. egion activity 0.07 vs. 0.61

Human statistics Dynamics / Quality / Text win rate with 95% CI; Fleiss’ 96.4 [94.1, 98.2] / 91.3 [88.0, 94.0] / 88.9 [85.2, 92.1]; 0.46/0.41/0.52
Extra VBench subdims ~ Dynamics / Appearance / Smoothness / Subject / Flicker: DiT-4B — +EVD 78.9-94.8 / 75.4—76.2 / 96.1—96.5 / 91.3—91.6 / 96.8—97.0
Recent baselines Dynamic preference vs. Wan/Hunyuan; VBench Dynamics 68.4% / 65.7%; DiT-30B+EVD 95.7 vs. Wan 91.6, Hunyuan 90.8
Compositional / temporal 40-prompt T2V-CompBench/NeuS-V subset; compositional score; order pass-rate 64.8 vs. 58.7/56.9/51.2; 42.6-58.3

i events 30-prompt ovent subset; event-pair success; ctive gates 46.7-563.3; 82%

Ablation / robustness W/0 Lorder; schedule t* = 0.50/0.60/0.70 96.4-+89.2, 94.8—92.7, contact stability —5.8; 94.1/94.8/94.5

A.15 Event grounding vs. motion masking: audit and controls

Why naive motion masking is insufficient. A gate based purely on motion mag-
nitude can suppress spurious updates, but it does not encode causal interaction
structure: it cannot distinguish camera-induced motion from contact-driven mo-
tion, nor can it enforce that outcomes occur because an event is active (e.g.,
realizing a placement action rather than “teleporting” to the postcondition).
EVD is designed to learn when/where an interaction is active and to couple that
signal to state change during both training and sampling.

Pseudo-event targets: localized latent-change with camera-motion suppression.
We compute pseudo-event activity from token-level latent change rather than
raw pixel flow. Let z; be the encoded clean latent clip and let Tok(2]) € RV*¢
denote tokens at frame 7. We define per-token change magnitude

1
Mri = 5||T0k(zf+1),; - TOk(ZDin (74)

and remove global (camera-dominated) motion by subtracting the frame-wise
mean:

N
mr; = max{0, m,; — & me-}. (75)
j=1
We then normalize .. per frame and smooth it on the spatial patch grid;
pseudo-activity is obtained by thresholding the normalized map and optionally
applying hysteresis. Finally, we reject clips whose activity is too spatially diffuse
(high entropy / low Gini over tokens), which empirically corresponds to domi-
nant camera motion. This ensures the supervision signal preferentially captures
localized interactions rather than global motion.

Control 1: inference-only motion gate (motion masking baseline). To test
whether improvements are due to motion masking alone, we construct a
baseline that replaces the learned event head with the external motion signal
above at inference (i.e., gate is derived from m with the same (7on, 7o) and
schedule), while training uses only Lyase. This control suppresses some drift but
underperforms full EVD on interaction realization and causal initiation.

Control 2: inference-only EVD vs. full EVD (learned event grounding). Table 2
includes an inference-only variant (no event losses) that enables gating with an
external /weak event signal. Its performance improves over the ungated backbone
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Table 9: Event grounding vs. motion masking (EVD-Bench). A minimal con-
trol comparing full EVD against an inference-time motion-mask baseline that gates up-
dates using the same latent-change signal but without event-grounded training. Higher
is better for EVD wins; VBench is computed under identical sampling settings.

Variant Text Faith. Quality Dynamics VBench App. VBench Dyn.
Motion-mask gate at inference (no event losses) 58.7 61.4 68.9 75.9 86.2
DiT-4B + EVD (full) 88.9 91.3 96.4 76.2 94.8

but remains substantially below full EVD, indicating that the main gains require
learning an event representation aligned with the backbone’s latent geometry,
not merely masking motion at inference.

Control 3: schedule removal separates “motion score” from “interaction qual-
ity”. Table 2 also shows that constant-strength gating can retain high automatic
dynamics while harming human preference, consistent with the interpretation
that naive gating/masking can distort late-stage refinement. The scheduled gate
(strong early, anneal late) is therefore part of the event-grounded mechanism
rather than a generic motion filter.

Takeaway. Across these controls, the strongest and most consistent improve-
ments arise only when event activity is learned and coupled to state evolution
during training, and when sampling uses event gating primarily to enforce causal
initiation and stable postconditions rather than uniformly suppressing motion
everywhere.

A.16 External baseline normalization protocol

Scope. This protocol governs evaluation of external baselines (e.g., MovieGen,
Sora, Kling) that are accessed via public APIs or closed inference endpoints
and therefore do not expose solver internals, step counts, or exact sampling
hyperparameters.

Prompt formatting (identical text across models). We use the same prompt string
for all models, with a fixed template and no model-specific prompt engineering.
We only apply minimal normalization: ASCII normalization, whitespace cleanup,
and removal of trailing punctuation. No negative prompts or per-model style
tokens are used unless a baseline requires them for execution, in which case we
use an empty/default value and report it.

Duration and frame rate normalization. EVD-Bench is defined at 128 frames @
24 fps. For external baselines that allow explicit duration control, we request the
closest supported duration to 5.33s and 24 fps (or the closest supported frame
rate). If the baseline returns a different duration, we temporally resample to
128 frames using uniform frame sampling (no interpolation) for evaluation and
visualization.
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Table 10: Normalization checklist for external baselines. All models are eval-
uated under the same prompt list and output normalization pipeline.

Control Prompt Duration Resolution Sampling

DiT/EVD same text 128@24fps resized for metrics 1 sample, fixed seed
External baselines same text resample to 128@24fps resized for metrics 1st sample, no re-roll

Spatial resolution normalization. Because external baselines may return differ-
ent native resolutions, we normalize all decoded videos to a common evaluation
resolution using bicubic resizing prior to computing automatic metrics. We re-
port the evaluation resolution alongside the benchmark results and use the same
resizing pipeline for all methods (including DiT/EVD) to avoid confounds.

Sampling multiplicity (no re-rolling). To avoid selection bias, we generate exactly
one sample per prompt per model and evaluate the first returned video. We do
not rerun prompts, cherry-pick seeds, or select the best of multiple generations.
When the API exposes a random seed, we fix it; otherwise we treat the endpoint
as stochastic and still use the first returned sample.

Default settings and documentation. For each external baseline, we use default
guidance/quality presets unless explicitly stated otherwise, and we record the
exact API parameters (model version, quality preset, duration, resolution, seed
availability) at evaluation time. When an API provides multiple tiers (e.g., stan-
dard/pro), we use the tier closest to the paper’s comparison claim and list it in
the table caption or footnote.

What is and is not comparable. We emphasize that external baselines are com-
pared as black-box generators under a standardized prompt and normalization
pipeline. This isolates differences in interaction realism and causal dynamics
under matched evaluation format (duration/resolution) without claiming strict
equivalence of underlying compute (NFE) or training data.

A.17 Limitations and Scope

Known failure cases and non-claims While EVD significantly improves
event-grounded dynamics for a broad class of everyday interactions, it does not
solve all aspects of physical reasoning or long-horizon planning in video genera-
tion.

Non-claims. EVD is not presented as a full “world simulator”. In particular, we
do not claim:

— robust long-horizon multi-scene planning or story coherence beyond the clip
duration,

— accurate conservation laws for complex multi-body collisions or high-
frequency fluid dynamics,

— precise articulated hand-object manipulation in cluttered, occluded scenes
without dedicated supervision.
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Hard cases in practice. We find EVD is less reliable in the following regimes:

Zoomed-out motion: interactions occupy a small fraction of the frame,
reducing the signal-to-noise ratio of event cues.

Thin or turbulent fluids: fine-grained liquid behavior (splashes, thin
streams) can exceed the resolution of the latent space.

Dense clutter and occlusion: event localization becomes ambiguous when
contact is heavily occluded or multiple interactions overlap.

Highly non-rigid articulation: subtle deformations (fingers, fabric folds)
may require more specialized priors than our event field.

Why these remain challenging. These cases share a common structure: the event
signal is weak or ambiguous at the model’s operating resolution, so both the
pseudo-targets (Sec. A.4) and the learned event head (Sec. A.5) can become
underdetermined. In such settings, hard event gating risks suppressing legitimate
motion, while soft gating may not sufficiently prevent hallucinated dynamics.

Future directions. Improving event extraction under occlusion (e.g., with depth
or segmentation priors), incorporating higher-resolution latent representations,
and extending event modeling to explicit contact graphs or object-centric state
variables are promising directions to expand EVD’s coverage.
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