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Figure 1: SEGUE is a one-shot transition effect generator: it successfully connects two endpoints (a
video clip, a static image, or absent) given a reference transition. Videos on the project page.

ABSTRACT

One-Shot Transition Effect Generation (TEG) aims to bridge two video clips using
a transition effect provided in a reference clip. However, existing methods learn a
text shortcut: they rely heavily on prompts with detailed effect descriptions, and the
visual transition signal loses its weight. We present SEGUE, a framework designed
to read the transition strictly from the visual demonstration via two key mecha-
nisms: i) Visual reference isolation during training, pairing inputs with effect-free
neutral prompts and applying a one-way attention mask that keeps the reference
independent of the target; and ii) Null-reference guidance at inference, which
defines the unconditional path as a dissolve of the reference endpoints—adding no
motion or material of its own—to isolate and amplify the visual transition effect.
SEGUE flexibly supports endpoints that are video clips, static images, or absent,

†Joint last authors.
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unifying two-sided TEG and single-sided visual effect transfer within a single
model. We also introduce the SEGUE-Benchmark, a cross-paired dataset of 1,692
transition classes and 56,368 training pairs spanning creative presets, parametric
procedural transitions, and visual effects. On held-out effects, SEGUE outperforms
baselines adapted to TEG and previous visual effect transfer methods even with-
out a detailed effect description in the prompt, serving as the first open-source
framework for one-shot TEG. Project page: https://segue-video.github.io/

1 INTRODUCTION

Transitions shape the pacing and continuity of a video, deciding how one shot gives way to the
next (Zhang et al., 1993; Soucek & Lokoc, 2024; Shen et al., 2022). Beyond simple cuts or dissolves,
a transition effect performs this hand-off with its own visual dynamics, such as volumetric smoke,
opening portals, or wipes, and brings in motion and material that belong to neither endpoint (Liu
et al., 2025; Mao et al., 2026). While video diffusion models can bridge clips (Chen et al., 2023;
Yang et al., 2025; Kan et al., 2026; HaCohen et al., 2026), transferring an arbitrary transition effect
from a reference clip remains challenging. The model must connect unrelated scenes and transfer the
effect’s dynamics without leaking the reference’s own scenes into the output (Li et al., 2025a; Jones
et al., 2026; Yin et al., 2026). We formalize this task as One-Shot Transition Effect Generation (TEG,
Figure 1)1: given a reference clip showing a transition effect and a target pair of start and end clips,
synthesize that effect between them.
Current reference-conditioned approaches are primarily developed for visual effect transfer onto a
single starting frame or a full video (Li et al., 2025a; Bian et al., 2026; Jones et al., 2026; Yang et al.,
2026a). They pair the visual reference with a text prompt that describes the effect in detail, which we
call the effect prompt. This creates a text shortcut: because text provides a compact semantic signal,
models learn to infer the effect from the prompt, leaving the visual reference under-utilized (Figure 2).
As a result, once the effect description is removed from the prompt, the visual reference signal cannot
guide the generation and the transition quality drops. More importantly, text cannot convey the exact
motion and timing of an effect, and has no words for a novel, uncataloged effect. Because the true
dynamics exist only in the video frames, the model must read and transfer the transition directly from
the visual demonstration.
To address this limitation, we introduce SEGUE, a framework that reads the transition strictly from the
visual demonstration, through visual reference isolation during training and null-reference guidance at
inference. During training, SEGUE enforces reference isolation through two complementary designs:
neutral text conditioning that contains no description of the intended effect, to close the text shortcut,
and a one-way attention mask that allows the target to read the reference while preventing reference
representations from being rewritten. At inference time, SEGUE amplifies this visual signal using
null-reference guidance (NRG). Rather than contrasting against an empty condition, which removes
both the effect and the reference scenes and so amplifies both, NRG contrasts against a null reference
that keeps the scenes of the reference and removes only the transition effect, built as a dissolve of
the reference’s own endpoints. Because this dissolve adds no motion or material of its own, steering
away from it amplifies the transition dynamics and cancels out the leakage of the reference scenes.
Finally, SEGUE supports endpoints that are video clips, static images, or absent, unifying two-sided
TEG and single-sided visual effect transfer within a single model.
Because no existing benchmark supports training or evaluating reference-conditioned transitions,
we introduce the SEGUE-Benchmark. It establishes a comprehensive dataset spanning creative
preset transitions, parametric procedural transitions, such as geometric wipes, volumetric zooms, and
fluid warps, and complex physical visual effects. On held-out effects, SEGUE outperforms baselines
adapted to TEG and surpasses previous visual effect transfer methods, even though both rely on text
prompts containing the effect description, while SEGUE operates on the isolated visual reference
alone.
In summary, our key contributions are:

1A transition effect goes from the start clip to the end clip, whereas a visual effect is conditioned on the start
endpoint alone and ends freely, as in the last row of Figure 1. We call the first task TEG and the second visual
effect transfer.
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Figure 2: The text shortcut. Given the same visual reference (top) and endpoints, previous methods
rely heavily on the effect prompt and under-utilize the visual reference; with the neutral prompt (b),
they fail to produce the transition and degrade in quality. In contrast, SEGUE reads the dynamics
directly from the visual reference, preserving the effect with the effect prompt (a) and with the neutral
prompt (b).

• We formalize One-Shot Transition Effect Generation (TEG) and introduce SEGUE, the first model
designed for one-shot transition effect generation, capable of flexibly transferring transitions
across arbitrary endpoints, whether each is a video clip, a static image, or absent.

• We propose a two-part method to isolate and amplify the visual reference signal: training-side
visual reference isolation, which combines a neutral text prompt with a one-way attention mask to
close the text shortcut and isolate the visual reference, and inference-side null-reference guidance,
which contrasts against a dissolve of the reference endpoints to amplify the transition dynamics
while suppressing the leakage of the reference scenes.

• We build the SEGUE-Benchmark: a cross-paired dataset of 1,692 transition classes and 56,368
training pairs, spanning creative presets, parametric procedural transitions, and visual effects,
together with an evaluation dataset and the transition fidelity metric.

2 RELATED WORK

Controllable video generation. Pretrained video generators are steered by structure and motion
through control adapters (Zhang et al., 2023; Guo et al., 2024b; Wang et al., 2024b), and by example
videos that carry motion (Zhao et al., 2024b; Wei et al., 2024; Xu et al., 2026; Ressler-Antal et al.,
2025), actions (Sun et al., 2024), physics (Chen et al., 2026), or edits (Wang et al., 2026). Reading
a task from one visual example goes back to image analogies (Hertzmann et al., 2001) and visual
prompting (Bar et al., 2022; Wang et al., 2023a;b), and image models now do it with little or no
text (Gu et al., 2024; Li et al., 2025c; Chen et al., 2025). In-context conditioning places the example
in the same token sequence as the target (Huang et al., 2024a; Fei et al., 2024), so a clip, an image, or
nothing can fill an input slot without a dedicated branch (Jiang et al., 2025). Guidance amplifies a
condition by contrast with an empty condition (Ho & Salimans, 2022), a weaker model (Karras et al.,
2024; Ahn et al., 2024; Hyung et al., 2025), a degraded or learned negative (Sadat et al., 2025; Han
et al., 2026; Li et al., 2025b), or an appearance that cancels out of a motion (Huang et al., 2025); our
negative is the reference itself with its transition replaced by a dissolve, so its scenes cancel and only
the effect is amplified. Evaluation scores realism (Unterthiner et al., 2018), general quality (Huang
et al., 2024b), or similarity to the reference (Radford et al., 2021; Zhao et al., 2024a; Yatim et al.,
2024), and similarity rewards copying the input (Krojer et al., 2024). No existing dataset shows
one two-sided transition effect on many endpoint pairs, and transition benchmarks score how clips
connect without a reference effect (Yin et al., 2026).
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Transition effect generation. Work on transitions connects two given endpoints, but the transition
is chosen by the model or by text, never read from a reference clip. Inbetweening bridges two
frames (Reda et al., 2022; Feng et al., 2024; Xing et al., 2024; Wang et al., 2025; Zhang et al., 2026),
transition generation steers the bridge with text or structure (Chen et al., 2023; Yang et al., 2025; Kan
et al., 2026), and video foundation models take a first and a last frame (Wan et al., 2025; HaCohen
et al., 2026); several accept clips at both ends (Zhang et al., 2024; Kan et al., 2026; Jiang et al.,
2025). Commercial tools pick from a preset library (Higgsfield AI, 2026; Shen et al., 2022), and
morphing (Beier & Neely, 1992) and transition detection (Zhang et al., 1993; Soucek & Lokoc, 2024)
predate generative models. The task that does read an effect from a reference is visual effect transfer:
it applies the effect of a reference video to a single start image and leaves the end open (Li et al.,
2025a; Bian et al., 2026; Jones et al., 2026; Yang et al., 2026a; Ma et al., 2026). Most of these
methods also give the model text about the effect (refVFX makes it optional): a prompt that names
it (Li et al., 2025a; Bian et al., 2026; Ma et al., 2026), a description a multimodal LLM writes from
the reference (Yang et al., 2026a), or a prompt optimized to match the reference (Zhao & Shou, 2026).
Others generate effects from text alone (Mao et al., 2026; Liu et al., 2025; Yang et al., 2026b) or copy
pixels of the reference into the target (Guo et al., 2024a). SEGUE receives no text about the effect,
reads it from the reference alone, and must arrive at a given end clip.

3 SEGUE: ISOLATING AND AMPLIFYING THE REFERENCE TRANSITION

SEGUE addresses TEG through two complementary mechanisms (Figure 3): training-side reference
isolation, which combines neutral prompts with a one-way attention mask so the model reads the
effect strictly from the visual reference (§3.2), and inference-side null-reference guidance to amplify
that effect during inference (§3.3).

3.1 ONE-SHOT TRANSITION EFFECT GENERATION (TEG) FORMULATION

TEG transfers a transition effect from a visual reference clip Vr (connecting scenes Ar and Br) onto
target endpoints A and B in a one-shot manner. Given a text prompt c, the model generates a video:

V = fθ(Vr, A,B, c). (1)

The output must satisfy three core criteria: (i) transition fidelity, faithfully transferring the reference
transition to the generated transition; (ii) endpoint fidelity, opening seamlessly on A and closing on
B, preserving their visual content and motion; and (iii) reference disentanglement, preventing the ref-
erence’s original scenes (Ar, Br) from leaking into the output. Each endpoint flexibly accommodates
a video clip, a static image, or nothing (B = ∅), unifying two-sided TEG and single-sided visual
effect transfer within a single architecture.

3.2 TRAINING: VISUAL REFERENCE ISOLATION

We structure training around visual reference isolation: the model reads the reference through a
neutral prompt and a one-way attention mask, so the prompt says nothing about the effect and
the target never rewrites the reference. This closes the text shortcut that previous approaches take
(Figure 2) and leaves the reference as the only input that carries the effect. Below we describe the
model (Figure 3): its token layout and objective, the attention mask, and the neutral prompt.
In-context reference conditioning. Let V = [A,M,B] denote the target video, where the middle
M holds the frames that carry the transition between the endpoints A and B. Let zr, zA, zM , and
zB be the VAE latents of the reference, the two endpoints, and the middle. Following in-context
conditioning for diffusion transformers (Huang et al., 2024a), we place the reference, the endpoints,
and the noised middle in one token sequence on a single positional grid:

xσ =
[︁
zr, zA, z

σ
M , zB

]︁
, zσM = (1− σ)zM + σϵ, (2)

where σ ∈ [0, 1] is the noise level, and the diffusion transformer reads xσ as one sequence of tokens.
Only the middle is noised: zr, zA, and zB are given without noise and serve as context. This
sequential layout handles every endpoint type without a dedicated conditioning branch, in the spirit
of unified video conditioning (Jiang et al., 2025): a clip contributes all of its frames, an image
contributes one frame, and an absent endpoint contributes no tokens. We build the training data
with different endpoint settings, so one set of adapter weights covers two-sided transitions between
video clips or static images as well as single-sided visual effect transfer from a start alone. We
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(c) Neutral Text Conditioning
c = caption of A <task> caption of B

A black swan glides on a pond. <task> A rhino
stands in a dusty enclosure.

Effect Description Excluded

Flames burst from the figure and engulf the
scene before the next one appears.

A B

Figure 3: SEGUE overview. (a) In-context reference conditioning: the reference Vr, start A, and
end B are encoded with the noised middle in one sequence, which the LoRA-adapted DiT denoises;
the neutral prompt c enters through cross-attention. (b) One-way reference attention: masked self-
attention blocks the reference from attending to the target and keeps full attention elsewhere. (c)
Neutral text conditioning includes only captions of A and B without the effect description.

train LoRA adapters (Hu et al., 2022) on a frozen video diffusion backbone, with the flow-matching
objective (Lipman et al., 2022) restricted to the middle:

L(θ) = Eσ, ϵ

[︂ ⃦⃦
m⊙

(︁
uθ(xσ, c)− u

)︁⃦⃦2 ]︂
, mi = 1{ i ∈ M }, (3)

where u is the target velocity, c is the text prompt of Eq. (5), and m masks the loss outside M . With
fixed endpoints, all training signal is focused on the transition.
One-way attention mask. With full self-attention, the reference tokens would also read the target
tokens, and layer by layer the representation of the reference would drift toward the target scenes. We
therefore make the attention one-way. Let R index the reference tokens and G the remaining tokens,
the endpoints and the middle. The mask is (Figure 3b):

token i attends to token j ⇐⇒ i ∈ G or j ∈ R. (4)

The target tokens G read the reference R, but the reference tokens never read G. The representation of
the reference therefore depends on Vr alone, in every layer, and the target cannot alter it. This one-way
rule is adapted from the reference attention of VFXMaster (Li et al., 2025a), which introduced it for
effect transfer onto a single frame; their mask also covers text tokens and a reference prompt, neither
of which is in our sequence (refer to Appendix B).
Neutral text conditioning. The text shortcut runs through the prompt: if the prompt named the
effect, the model could read it from there and ignore the motion in the reference. We therefore use a
neutral prompt that describes only the two scenes (Figure 3c):

c =
[︁

caption of A
]︁
⟨task⟩

[︁
caption of B

]︁
, (5)

where ⟨task⟩ is a fixed separator token. No word about the effect enters the prompt during training.
This leaves the reference as the only source of the transition effect, a clean visual signal that inference
can amplify (§3.3).

3.3 INFERENCE: NULL-REFERENCE GUIDANCE

Reference isolation makes the reference the carrier of the transition effect. At inference, we want a
guidance that amplifies the transition effect without reference scene leakage.
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Figure 4: Null-reference guidance. The null reference V 0
r replaces the transition in Vr with a

dissolve between the same reference endpoints. The model processes both with identical endpoints
(A,B) and prompt c, so their predictions, vr with the reference and v0 with the null reference, differ
primarily in the transition effect; guidance steers away from the dissolve and toward the effect.

Negative reference. Classifier-free guidance (Ho & Salimans, 2022) amplifies a condition by
steering away from the prediction without it, or away from a negative condition (Ban et al., 2024).
With the reference as the condition, this reads v̂ = v(∅) + w

(︁
v(Vr)− v(∅)

)︁
. But a reference clip

carries both, the transition effect and its scenes (Ar, Br); and an empty reference removes both. The
contrast therefore amplifies the scenes of the reference along with its effect, which is the reference
scene leakage we want to avoid (Figure 13 in Appendix E). Instead, we want a negative reference
that keeps the reference’s scenes and removes only the effect.
The null transition. We observe such a condition in the base model. Given two endpoints and a
prompt that describes only the two scenes, LTX-2 (HaCohen et al., 2026) mostly produces a straight
cut or a dissolve (Appendix G): it keeps both scenes and adds no motion and no material of its own.
We take the dissolve, a linear blend of two frames, as the null transition,

T0(a, b) : Vτ = (1− τ) a+ τ b, τ ∈ [0, 1], (6)

where a is the last frame of the start and b the first frame of the end. The null reference is the reference
with its own transition replaced by the null transition:

V 0
r =

[︁
Ar, T0(Ar, Br), Br

]︁
. (7)

Vr and V 0
r show the same scenes and differ only in the transition, which is the effect in Vr and a

dissolve in V 0
r (Figure 4).

Null-reference guidance (NRG). Like classifier-free guidance, at each sampling step we run the
model twice, with the same endpoints (A,B), the same prompt c, and the same noise, and change
only the reference. With vr = uθ

(︁
xσ(Vr), c

)︁
and v0 = uθ

(︁
xσ(V

0
r ), c

)︁
,

v̂ = v0 + w (vr − v0), w ≥ 1. (8)

At w = 1 this is the model without guidance; for w > 1 the sample moves away from the dissolve
and toward the effect of the reference. Everything except the effect is shared by the two passes, so the
contrast is specific to the effect. The null reference is a valid video and not an empty input, so no
condition dropout is needed in training and NRG applies to the trained model as it is.

3.4 SEGUE-BENCHMARK

Table 1: Data sources. A training pair is a target
video with up to three references of the same effect.
External effects include the 34 EffectData effects,
used only for evaluation.

Source
Effect
types

Distinct
endpoints Videos

Training
pairs

Effects per
endpoint

Endpoints
per effect

Creative transitions 26 350 1,364 4,060 3.6 49.0
Procedural transitions 1,590 1,103 15,436 46,308 14.0 9.7
External effects 76 2,051 2,034 6,000 1.0 27.2

Total 1,692 3,504 18,834 56,368 5.4 11.1

Existing video datasets rarely show one transi-
tion effect on many scenes: transitions in avail-
able footage are one-off instances tied to spe-
cific clips. We therefore build the SEGUE-
Benchmark, in which every transition effect is a
class with many videos. A training sample pairs
two videos of the same class on different end-
points: one is the reference Vr, and the other is
the target V , whose endpoints (A,B) are given
as conditions. The data is cross-paired: each
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Table 2: Evaluation metrics. V : the generated video; Vr: the reference clip; R: real videos of the
reference’s transition class. Full definitions in Appendix C.

Metric What it checks Score

Transition fidelity↑ Does V show the transition effect of
Vr?

100 · sim(V,R) / sim(R,R); sim: change over time (DINOv2),
motion (CoTracker3), appearance; real videos score 100

Motion fidelity↑ Does V move like Vr? 100 · corr
(︁
Tracks(V ),Tracks(Vr)

)︁
, CoTracker3 point tracks

Action KL↓ Does V show the same action as Vr? KL
(︁
Swin(Vr) ∥ Swin(V )

)︁
, Video Swin action probabilities

Reference similarity↑ Does V look like Vr? 100 · cos
(︁
VideoPrism(V ),VideoPrism(Vr)

)︁
Seam-free rate↑ Does V leave the given clips without a

visible cut?
% of outputs whose LPIPS change at the hand-off is within their usual
frame-to-frame change

transition effect appears on many endpoint pairs,
and each endpoint pair under many transition effects, so effects and endpoints are decorrelated and
neither can be inferred from the other.
The training set combines three sources (Table 1), chosen to cover many kinds of transitions and to
keep the pairing dense, with many effects per endpoint and many endpoints per effect. (i) Creative
transitions: 26 preset transitions from Higgsfield (Higgsfield AI, 2026), each learned by a small
LoRA and rendered on a shared set of endpoints, with every video inspected by hand. (ii) Procedural
transitions: 1,590 parametric transitions, such as geometric wipes, volumetric zooms, fluid warps,
and alpha-blended shaders with randomized direction, speed, and boundary softness, rendered on
shared endpoints. (iii) External visual effects from prior visual effect transfer work, refVFX (Jones
et al., 2026) and EffectData (Yang et al., 2026a), which add single-sided visual effect transfer and
other endpoint configurations. In total, the benchmark has 1,692 effect types and 18,834 videos.
The 34 EffectData effects and 17 classes of our own sources are held out of training and form the
evaluation dataset (Section 4.1).

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Implementation details. SEGUE is a rank-128 LoRA adapter (Hu et al., 2022) on the frozen LTX-2
19B model (HaCohen et al., 2026), trained on 8 H100 GPUs on the 56K training pairs of Table 1.
Outputs are 480× 640 at 24 fps and 121 frames long. We sample with 30 steps and null-reference
guidance at w = 6 in every table; Appendix E sweeps w and Appendix B gives details.
Evaluation dataset and metrics. The evaluation dataset of SEGUE-Benchmark is fully held out:
neither its transitions nor its endpoints appear in training. Each evaluation sample consists of a
reference clip that shows a transition effect and the target endpoints to which the effect must be
transferred: a start and an end for two-sided TEG (38 samples), or the start alone for single-sided
visual effect transfer (183 samples). The 221 samples cover 51 transition classes (the 34 EffectData
classes and 17 classes held out from our own sources) and 150 distinct endpoints, and each sample
is generated with two seeds. Appendix F lists the classes and the samples. We report five metrics,
defined in Table 2. Transition fidelity compares the output with real videos of the reference’s transition
class in change over time, motion, and appearance, scaled so that real videos score 100. Motion
fidelity, action KL, and reference similarity compare the output with the reference clip in tracked
motion, action class, and appearance, and the seam-free rate checks the hand-off to the given clips for
a visible cut. Every system is run with two prompts: the neutral prompt (N), which describes only the
endpoints, as in Eq. (5), and the effect prompt (E), which also describes the reference transition. For
every metric we report both scores and |∆|, the absolute difference between them. A small |∆| means
that the model reads the transition mainly from the reference and depends little on the text prompt.
Baselines. No previous approach is designed for a reference clip together with two endpoints. For
two-sided TEG, we therefore adapt existing models as baselines: the base LTX-2 (HaCohen et al.,
2026), VACE (Jiang et al., 2025), and Wan2.1 FLF2V (Wan et al., 2025) take both endpoints but
no reference, so the effect prompt is their only source of the effect; refVFX (Jones et al., 2026)
takes the reference and the start endpoint, and we adapt it by giving it the end endpoint as well.
For single-sided visual effect transfer, we compare with the previous visual effect transfer methods
Video-As-Prompt (Bian et al., 2026), VFXMaster (Li et al., 2025a), and refVFX, which take the
reference and the start endpoint. Each runs in its native setting, with its own prompt format, resolution,
and frame count.
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Table 3: Comparison with previous approaches and adapted baselines on the evaluation dataset.
N and E: the neutral prompt, which describes only the endpoints, and the effect prompt, which
also describes the reference transition; |∆|: the absolute gap between them. SEGUE w/o NRG: no
guidance (w = 1), not ranked; small numbers under its values: its difference from SEGUE (green:
better, red: worse).

Transition fidelity↑ Motion fid. (×100)↑ Action KL↓ Ref sim. (×100)↑ Seam-free %↑

N E |∆| N E |∆| N E |∆| N E |∆| N E |∆|
Transition effect generation: both endpoints given

Base LTX-2 49.8 84.7 34.9 8.8 8.1 0.7 5.98 5.48 0.50 94.8 95.3 0.5 80.3 93.4 13.1
VACE 51.9 77.0 25.1 11.9 9.9 2.0 5.71 5.04 0.67 95.1 95.2 0.1 92.1 93.4 1.3
refVFX 49.8 70.5 20.7 14.1 11.4 2.7 5.68 5.38 0.30 95.2 95.4 0.2 88.2 97.4 9.2
Wan2.1 FLF2V 56.6 84.3 27.7 9.4 7.4 2.0 5.59 4.98 0.61 95.0 95.2 0.2 94.7 100.0 5.3
SEGUE 97.0 97.9 0.9 12.8 12.5 0.3 4.62 4.52 0.10 95.9 96.0 0.1 97.4 98.7 1.3
SEGUE w/o NRG 92.9 96.2 3.3 11.7 12.0 0.3 5.03 5.14 0.11 95.8 95.9 0.1 100.0 100.0 0.0

−4.1 −1.7 +2.4 −1.1 −0.5 +0.41 +0.62 +0.01 −0.1 −0.1 +2.6 +1.3 −1.3
Visual effect transfer: start endpoint given

Video-As-Prompt 40.9 70.3 29.4 12.9 13.7 0.8 5.69 4.41 1.28 94.7 95.8 1.1 92.1 93.2 1.1
VFXMaster 49.9 85.5 35.6 17.5 19.2 1.7 5.48 4.50 0.98 94.9 96.2 1.3 96.7 99.7 3.0
refVFX 42.1 66.3 24.2 18.0 16.1 1.9 5.60 4.75 0.85 94.9 95.7 0.8 66.7 94.5 27.8
SEGUE 92.6 94.0 1.4 22.6 22.7 0.1 4.15 4.05 0.10 96.5 96.6 0.1 93.4 92.9 0.5
SEGUE w/o NRG 86.4 91.0 4.6 20.3 20.4 0.1 4.52 4.29 0.23 96.3 96.5 0.2 96.4 96.2 0.2

−6.2 −3.0 +3.2 −2.3 −2.3 +0.37 +0.24 +0.13 −0.2 −0.1 +0.1 +3.0 +3.3 −0.3

Human raters VLM judge
Transition Overall win rate of SEGUE (%)

Both endpoints given
refVFX 96.8

93.5
94.7

82.9

Base LTX-2 75.8
75.8

81.6
72.4

Start endpoint given
Video-As-Prompt 91.1

90.0
91.0

85.2

VFXMaster 80.0
83.3

74.0
68.0

refVFX 90.0
86.7

83.6
67.8

0 50 100 0 50 100

Figure 5: Human study and VLM judge. Win
rate (%) against each system for transition and
overall quality. Protocol in Appendix D.

Table 4: Flagged clips (%) by the raters’ ma-
jority and by the VLM judge, for a missing
effect, a missed endpoint (End., among clips
with an effect), and leaked reference content.

Raters (%)↓ VLM judge (%)↓

Effect End. Leak Effect End. Leak
Both endpoints given
refVFX 40.3 41.9 19.4 5.3 8.3 0.0
Base LTX-2 40.3 40.3 6.5 10.5 2.9 –
SEGUE 0.0 1.6 4.8 0.0 5.3 5.3
Start endpoint given
Video-As-Prompt 32.2 35.6 23.3 4.4 0.0 1.1
VFXMaster 24.4 30.0 14.4 0.0 0.0 0.0
refVFX 26.7 32.2 16.7 1.1 0.6 0.0
SEGUE 0.0 1.1 1.1 2.2 0.0 0.0

4.2 ANALYSIS

SEGUE transitions are more faithful. To test whether a model can transfer a transition effect
it has never seen, we compare SEGUE with previous approaches on held-out effects, in both tasks
with the neutral and the effect prompt (Table 3). SEGUE produces the most faithful transitions in
both tasks: with the neutral prompt, it scores close to real videos of the same effect, while previous
approaches reach about half of that. Even with the effect prompt, they stay below SEGUE, which
shows that a text description cannot convey the motion and timing that the reference clip shows. The
other reference metrics agree, and the seam-free rate shows that the hand-off to the given clips stays
clean. The qualitative comparison makes the difference visible (Figure 6; Figure 8 in Appendix E for
the start alone): SEGUE reproduces the dynamics, timing, and appearance of the reference between
the endpoints without leaking its scenes, whereas previous approaches render a generic frame-filling
effect even with the reference or its description.
SEGUE uses the visual signal of the reference transition. Our hypothesis is that previous
approaches take the effect from the text prompt rather than from the reference. To measure this, we
run every system with the effect prompt (E) and with the neutral prompt (N) and report the gap |∆|
(Table 3). Previous approaches lose most of the effect once the prompt stops describing it, so their
visual reference contributes little. SEGUE barely changes on any metric: it reads the transition from
the reference clip, and the prompt adds almost nothing to what the reference already carries.
Human study and VLM judge. Automatic metrics may miss how people perceive a transition, so
we also ask human raters and a VLM judge to choose between SEGUE and one other model, on the
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Figure 6: Qualitative comparison, both endpoints given. Top: the reference; below: one system per
row, frames in time order. Videos and additional results are on the project page.

transition and overall, and to flag clips with a missing effect, missed endpoint, or leaked reference
content (Figure 5 and Table 4; protocol in Appendix D). With both endpoints given, the opponents
are refVFX and the base LTX-2 with the effect prompt; with the start alone, Video-As-Prompt,
VFXMaster, and refVFX. Raters and the judge prefer SEGUE over every other model, significantly
on both transition fidelity and overall quality. The flags follow the same order; the judge is more
lenient than the raters on whether an effect is present.
Ablations. To isolate the role of null-reference guidance, we run SEGUE without it (w = 1), the
SEGUE w/o NRG rows of Table 3. Without guidance, the transitions are less faithful to the reference
in both tasks and depend more on the effect prompt, while the hand-off becomes slightly smoother:
guidance strengthens the effect that the reference carries, at a small cost in seamlessness. Appendix E
repeats the ablation on references whose transition classes were seen in training and sweeps the
guidance weight; we use w = 6 throughout.

5 CONCLUSION

We introduced One-Shot Transition Effect Generation (TEG) and SEGUE, a model that transfers a
transition effect from a single reference clip to new endpoints, whether video clips, static images, or
absent. SEGUE combines visual reference isolation during training with null-reference guidance at
inference, so the transition is read and amplified from the visual demonstration rather than from the
effect prompt. We also introduced the SEGUE-Benchmark, a cross-paired dataset with a held-out
evaluation dataset and the transition fidelity metric. Our results show that a visual reference alone is
sufficient to specify and reuse a transition effect across endpoints.
Limitations. Two failure modes appear on a few samples, shown in Figure 14 of Appendix E. As
the guidance weight grows, on some samples we observed scene leakage from the reference, and for
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one specific endpoint that shows intense motion, the endpoints were not preserved. As any instance
of classifier-free guidance, our null-reference guidance doubles the model evaluations per sampling
step, and all results are on one base model, LTX-2 (HaCohen et al., 2026).
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A DATASET CONSTRUCTION

Creative transitions. We collect videos of 43 preset transitions from Higgsfield (Higgsfield AI,
2026), 26 for training and 17 held out, and standardise every clip to 121 frames at 24 fps and 480×640
pixels. To show one transition on many scenes, we train a small LoRA per training transition on its
collected clips and render the transition onto 350 shared endpoints: the 139 Higgsfield scenes and
211 clips from DAVIS (Pont-Tuset et al., 2017) and HumanVid (Wang et al., 2024a). Every rendered
clip is inspected by hand, and clips with a boundary artifact, a frozen or black frame, or a changed
start scene are removed; 192 of 1,417 rendered clips were rejected. The row of Table 1 counts the
139 collected clips and the 1,225 kept renders.
Procedural transitions. Each procedural transition is a GLSL shader from the gl-transitions
bank (GL Transitions contributors, 2026) with sampled parameters: the shader uniforms, an easing
curve, the onset and release times, a flip, and a swap of the two inputs. The timing is part of the
transition, so two samplings of one shader are two transitions. We render each transition between
10 pairs of real clips at 121 frames, 24 fps, and 480× 640; the first and last 9 frames are the source
clips byte for byte, so the endpoints are exact by construction. The endpoint clips come from DAVIS,
HumanVid, and VC-Bench (Yin et al., 2026). Shader families are held out whole: 10 families are
never rendered, each with a same-genre cousin in training.
External effects. From refVFX (Jones et al., 2026) we take all 42 effect LoRAs at their native 33
frames, 16 fps, and 832 × 448, one effect per clip and 47 to 50 clips per effect; 5 further refVFX
effects are held out. From EffectData (Yang et al., 2026a) we select 34 effects as 17 couples that share
a start subject, keep one reference video per effect and 51 start subjects, and never train on them.
Training pairs. Within each effect the clips are sorted, and every clip is the target of up to three
pairs whose references are the next three clips of the same effect in cyclic order. The reference and
the target never share an endpoint, and effects with fewer than two clips are dropped. This gives the
56,368 pairs of Table 1 from 18,800 videos.
Prompts. Every training prompt is rendered from per-clip scene descriptions by one template: the
start scene, the trigger token, and, for a two-sided clip, the end scene, as in Eq. (5). The descriptions
are written from the first nine frames of the clip, and for a two-sided clip also from the last nine, so
no prompt describes the transition. A leak check confirms that a judge given only the prompt cannot
identify the effect above chance.
Held-out sets. The held-out class tier of the evaluation dataset uses the 17 held-out Higgsfield
transitions and the 34 EffectData effects. Its 150 endpoints and 68 reference clips are disjoint from
the training set, including the DAVIS clips that the creative renders use.

17



B TRAINING DETAILS

Adapter. SEGUE is a rank-128 LoRA on the frozen LTX-2 19B model. The adapter sits on
the query, key, value, and output projections of self- and cross-attention and on both feed-forward
projections of every block, 654M parameters, 3.4% of the backbone. The backbone, its VAE, and its
text encoder stay frozen.
Sequence layout. The token sequence of Eq. (2) holds the reference in full, followed by the target.
A given start clip contributes its first 9 frames and a given end clip its last 8, a static image contributes
one frame, and an absent endpoint contributes no tokens. The middle fills the rest of a 121-frame
target, so a transition between two clips has 104 generated frames. All videos are 480× 640 at 24 fps;
the EffectData samples use 81-frame targets, the length of their source clips. The reference and the
endpoints enter clean, only the middle is noised, and the loss covers only the middle (Eq. (3)).
Optimization. We train with AdamW at a learning rate of 10−4, decayed linearly to 10−5 over
10,000 steps without warmup, in bf16 with an effective batch of 8 (8 H100 GPUs, one sample each),
about 3 seconds per step. The endpoint setting is chosen per sample from the pairs of Table 1, so one
adapter serves clips, images, and absent endpoints.
Sampling. Sampling uses 30 steps, the backbone’s default text guidance of 4 and spatio-temporal
guidance of 1, and null-reference guidance at w = 6 (Section 3.3). Null-reference guidance runs the
model twice per step, once with the reference and once with the null reference, so a clip costs twice
the time of the base model.
One-way reference attention. The rule of Eq. (4) is that of the reference attention of VFXMas-
ter (Li et al., 2025a), applied to the video tokens: the reference tokens attend only to themselves,
and the endpoint and middle tokens attend to everything. The mask of VFXMaster also covers the
text tokens of its sequence and a reference prompt; LTX-2 reads the text through cross-attention and
SEGUE uses no reference prompt, so no text token is masked. We implement the rule without a mask
tensor, as two unmasked attention calls per layer, one for the reference queries over the reference
keys and one for the target queries over all keys, and verified that the result matches the dense-mask
attention. Both calls run on the fused scaled-dot-product attention kernels of PyTorch 2.9.1. For
a forward and backward pass over 9,600 tokens in bf16 on an L40S GPU, attention takes 27.0 ms
bidirectional, 82.5 ms with a dense mask, and 21.8 ms with the two calls, so the one-way rule is no
slower than full attention.
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C EVALUATION METRICS

This appendix defines the five metrics of the result tables, summarized in Table 2. Every metric
compares the generated video V with the reference clip Vr, or with real videos of the transition effect
that Vr shows. All are computed on the whole output at its native resolution and frame rate. Four of
them sample the video at fixed fractions of its duration, so clips of different length and frame rate are
compared on equal footing; the seam-free rate looks at consecutive frames instead.
Transition fidelity. The score asks whether V shows the same transition effect as the real videos of
the reference’s class, in five steps.
1. Features. Every frame is described by its DINOv2 class token (Oquab et al., 2023). The given

windows at the two ends of the video, 9/121 and 8/121 of its length, give two endpoint anchors,
and the frames between them are resampled to 32 steps of normalized time.

2. Residual. Each frame feature is projected off the plane spanned by the two anchors. What
remains, the residual rt, is the part of the frame that the endpoints do not explain: the effect.

3. Three distances between V and a real video U . Change over time: the residual steps rt+1 − rt
are unit directions, each with a mass equal to its length and a time stamp equal to how far the
clip has progressed from the start scene to the end scene; the two sets of steps are matched by
optimal transport with cost (1 − cos) + 0.25 |∆progress|, so a mistimed or differently shaped
change costs more. Appearance: every unit residual frame is matched to its most similar frame in
the other video, in both directions and without regard to order; the distance is one minus the mean
best cosine. Motion: CoTracker3 (Karaev et al., 2025) tracks a 20× 20 grid of points; the tracks
are smoothed and resampled to 32 steps, and each step is summarized by 18 numbers (fraction
of moving points, mean speed, an 8-bin direction histogram weighted by speed, the divergence,
curl, and two shear terms of an affine fit to the motion field, the mean translation, and the spread
of the moving points), z-scored on the corpus; the distance is one minus the cosine of the two
concatenated descriptors, so the order of the steps matters.

4. Normalization. Each distance becomes a rank: one minus its empirical CDF over all pairs among
the 222 real transition clips of our sources. The three ranks are averaged with equal weights, and
the average is ranked once more against the same average over the corpus pairs. This puts the
three distances on one scale and makes the score comparable across effects.

5. Score. The similarity of V is averaged over the real videos of the reference’s transition class,
without the reference itself, and divided by the mean similarity of those real videos to one another.
The result is multiplied by 100 and capped at 100, so a real video of the effect scores 100 on
average.

Motion fidelity. As in Yatim et al. (2024): the CoTracker3 tracks of V and of Vr are reduced to
unit velocity directions at 64 steps; every moving track is matched to the track of the other video with
the highest direction correlation, and the mean over both directions is the score. A clip in which no
point moves has no score and is left out of the mean.
Action KL. Thirty-two uniformly sampled frames of the whole video pass through Video Swin-
B (Liu et al., 2022) trained on Kinetics-400. The score is the KL divergence from the class distribution
of Vr to that of V : it is lowest when the output triggers the same action classes as the reference. The
400 classes serve as a signature of the motion, not as names of the effects.
Reference similarity. Cosine similarity between the VideoPrism (Zhao et al., 2024a) embeddings
of V and of Vr, computed with the scorer released with refVFX, so the column is comparable with
that paper.
Seam-free rate. LPIPS between consecutive frames, dt, is computed over the whole output. At the
hand-off from the given start frames to the generated frames, and, when both endpoints are given, at
the hand-off back to the given end frames, the step dt is compared with the other steps of the same
video by a robust z-score (median and median absolute deviation). An output is seam-free when the
larger of its hand-off z-scores is at most 3. The rate is the share of seam-free outputs.
Reporting. Each number in a result table is the mean over the videos of its block: 38 two-endpoint
samples with two seeds each (76 videos) and 183 start-only samples with two seeds each (366 videos)
on the held-out class tier; our own variants are also reported on the other tiers in Appendix E. Motion
fidelity and reference similarity are printed times 100. |∆| is the absolute difference between the two
printed means, E and N. Bold marks the best value of each column within a block, separately for N
and for E, and the smallest |∆|.
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D HUMAN STUDY AND VLM JUDGE PROTOCOL

Samples and pairs. A pair shows the reference clip, the given start frame (and the given end
frame for transition effect generation), and two outputs on the same sample: SEGUE and one other
system, each at its native frame count and resolution. Samples come from the held-out class tier
of the evaluation dataset (38 two-sided and 183 single-sided samples). The VLM judge rates every
sample of the tier: the 38 two-sided samples against refVFX and Base LTX-2 (76 pairs), and the
183 single-sided samples against Video-As-Prompt, VFXMaster and refVFX (549 pairs); seed 42
throughout. The human study rates 197 of these pairs, on 76 samples chosen at random from the tier:
31 two-sided samples (62 pairs) and 45 single-sided samples, one per effect class (135 pairs).
Human raters. Raters were recruited on Prolific and the study is anonymous: the page asks for no
name or identifier, and only the answers are recorded. A rater first reads a short instruction screen,
then walks through four worked examples with their answers, and then rates a set of 15 pairs, about
8 minutes. Each pair is shown as in Figure 7: on the left the given start image (and the given end
image for transition effect generation) and the reference, labelled “intended transition”; on the right
the two outputs, labelled A and B, with the side of SEGUE drawn at random per pair. Every clip
plays at its own native frame rate and length, holds its last frame when it ends, and all clips of a pair
restart together; the instructions state that a shorter or less smooth video is never a reason to prefer
one. Five questions follow in one row. Two are forced choices between A and B with no tie: (1)
which video reproduces the intended transition on the given image(s) better, and (2) which video
is the better effect-transfer result overall, considering the transfer of the intended transition, visual
quality and aesthetics. Three are statements answered True or False for A and for B separately: (3) a
real transition happens, not just a cut, fade or frozen image; (4) it starts on the start image (and ends
on the end image); (5) it leaks content from the intended transition, where a leak is people, objects or
background of the reference’s own scene that are not part of the effect. A rater may go back to an
earlier pair of the set and change an answer; the last answer counts. Pairs are served least-rated first,
so every pair reaches three raters before any pair gets a fourth. Nothing on the page names a system,
effect or prompt, and media files carry hashed names.
Scoring. A rater’s own answer to statement (3) gates that rater’s two choices on the pair: if only
one of the two clips shows a transition, that clip wins both choices; if neither does, the pair is a tie for
that rater; otherwise the rater’s choices stand. Per pair, the gated votes are combined by majority (an
even split is a tie), and the win rate of SEGUE against a system is the mean over that system’s pairs
with a tie counted as half. Significance is a two-sided sign test on the decided pairs; the interval is
a Wilson 95% interval over pairs. Flag rates are per clip: a clip is flagged when the majority of its
raters answer False to statement (3) or (4), or True to statement (5); a clip without a transition also
counts as an endpoint miss. In total, 29 raters gave 529 ratings over the 197 pairs, 2.7 per pair on
average. Raters agreed pairwise on 73% of the gated transition choices, 71% of the overall choices,
and on 74%, 88% and 73% of statements (3), (4) and (5).
Questions as shown to raters. Verbatim from the page (single-sided wording; for pairs with both
endpoints given, question 1 reads “on the start and end images” and statement 4 reads “It starts on the
start image and ends on the end image.”). Each question carries a one-line note in smaller type, given
here in italics.

1. A or B. Which video reproduces the intended transition on the start image better?
Same kind of effect, entering, spreading and clearing the same way, with similar timing.

2. A or B. Which video is the better effect-transfer result overall?
Consider everything together: how well the intended transition is transferred, visual quality and
aesthetics.

3. True or False, for A and for B. A real transition happens (not just a cut, fade or frozen image).
Answer for each video.

4. True or False, for A and for B. It starts on the start image.
Answer for each video.

5. True or False, for A and for B. It leaks content from the intended transition.
A leak: people, objects or background from the intended transition’s own scene show up although
they are not part of the effect. Things that belong to the effect itself are not a leak.

The instruction screen adds: the videos play at their own speed and length, then wait for each other
and replay together, and a shorter or less smooth video is never a reason to prefer one; the study is
anonymous and only the answers are recorded.
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Figure 7: The human study page (a single-sided pair). Inputs on the left (start image, and the end
image when given, then the intended transition), the two outputs on the right, and the five questions
in one row: two A/B choices and three True/False statements answered for each clip. The questions
are reproduced verbatim below.

VLM judge. Gemini 2.5 Pro, temperature 0, videos sampled at 8 frames per second, structured
JSON output with the evidence field before the answer. Each question is asked in its own call with
only the inputs it is defined on. Per pair, two forced-choice calls, (i) transition fidelity and (ii) overall,
each from the given frame(s), the reference and the two outputs; each is made twice with the outputs
swapped, and a pair counts as a win or a loss only when both orders agree, otherwise as a tie. Per clip,
two yes/no calls: (iii) whether a transition effect occurs at all and whether content of the reference’s
own scenes appears, from the given frame(s), the reference and that clip alone; (iv) whether the
clip’s first (and last) frame is the given frame, from stills only. A clip without an effect loses both
forced-choice questions by rule and is left out of the endpoint count. No system, effect or prompt is
ever named to the judge. Call (i) also returns a per-output effect answer, which agrees with call (iii)
on 99.8% of SEGUE clips and 98.6% of the other systems’ clips. Table 5 gives the counts behind
Table 4. The four instructions follow verbatim (two-endpoint variant; the one-endpoint variant drops
the clauses about the given end frame).
Call (i): transition fidelity.

You are an expert judge of video transition effects. You receive
the GIVEN START frame as a still image, the GIVEN END frame as a
still image, a REFERENCE video, and two candidate videos, OUTPUT A
and OUTPUT B. The REFERENCE shows a transition effect between its
own two scenes. Both outputs were asked to reproduce that same
effect on the given frame(s), which show different scenes from the
reference’s. No text describes the effect: the REFERENCE is the
only specification.

The outputs may come from different systems. All videos are
time-normalized to a similar duration and sampled at 8 frames per
second. Native frame rates and lengths differ, so held or repeated
frames, choppier motion or a shorter clip must never decide a
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Table 5: VLM judge, counts behind Table 4. Wins / ties / losses of SEGUE on the two forced-choice
questions; a tie is a pair whose choice flipped with the presentation order. Twenty-eight pairs were
decided by the no-effect rule.

SEGUE vs. Transition fidelity Overall

Transition effect generation: both endpoints given (n = 38)
refVFX (Jones et al., 2026) 34 / 4 / 0 30 / 3 / 5
Base LTX-2 28 / 6 / 4 24 / 7 / 7

Visual effect transfer: start endpoint given (n = 183)
Video-As-Prompt (Bian et al., 2026) 161 / 11 / 11 149 / 14 / 20
VFXMaster (Li et al., 2025a) 117 / 37 / 29 110 / 29 / 44
refVFX (Jones et al., 2026) 143 / 20 / 20 108 / 32 / 43

question. Do not judge visual quality or how well the first and
last frames are kept; those are judged elsewhere.

First, for each output, state whether a transition effect occurs
at all: "yes" if something beyond a plain cut, crossfade,
dissolve, fade through black or white, blur, blend or a static
image happens; "no" otherwise.

Then answer two questions. Answer each on its own. For each, first
write one sentence of evidence citing timestamps from both
outputs, then choose A or B even when the difference is small,
then state the margin: "none", "slight" or "clear".

1. TRANSITION. Which output better reproduces the REFERENCE’s
effect? An output without an effect loses this question. Otherwise
compare the effect itself: the same mechanism and material (smoke,
fire, liquid, particles, a portal, a morph, a shatter...),
entering, spreading and clearing the same way, with similar
timing. The scenes are supposed to differ: different people,
objects or backgrounds are not errors.

2. REFERENCE CONTENT. Which output shows LESS content that belongs
to the REFERENCE’s own scenes: its people, objects, backgrounds,
the look of its scenes? The given frame(s) show what the output’s
scene should contain; anything from the reference’s scenes is
leakage. Material that is part of the effect itself (the smoke,
the fire, the particles) is not leakage. If neither output shows
any, choose either and set the margin to "none".

Return only a JSON object:
{"occurrence": {"A": "yes", "B": "yes"},
"transition": {"evidence": "...", "choice": "A", "margin":

"clear"},
"reference_content": {"evidence": "...", "choice": "A", "margin":

"none"}}

Call (ii): overall.

You are an expert judge of video transition effects. You receive
the GIVEN START frame as a still image, the GIVEN END frame as a
still image, a REFERENCE video, and two candidate videos, OUTPUT A
and OUTPUT B. The REFERENCE shows a transition effect between its
own two scenes. Both outputs were asked to reproduce that same
effect on the given frame(s), which show different scenes from the
reference’s. No text describes the effect: the REFERENCE is the
only specification.

The outputs may come from different systems. All videos are
time-normalized to a similar duration and sampled at 8 frames per
second. Native frame rates and lengths differ, so held or repeated

22



frames, choppier motion or a shorter clip must never decide the
question.

Question: OVERALL, which output is the better result for this
task, the one you would keep? Weigh what a user of this effect
would care about: that the reference’s effect is performed on the
given scene, that the video stays on the given scene and its
frame(s), and that it is free of visual failures a viewer would
notice. An output with no effect at all (a cut, crossfade, fade,
blur or still image) cannot be preferred. Different people,
objects or backgrounds from the reference are not errors: the
scenes are supposed to differ.

First write one sentence of evidence citing timestamps from both
outputs, then choose A or B even when the difference is small,
then state the margin: "none", "slight" or "clear".

Return only a JSON object: {"evidence": "...", "choice": "A",
"margin": "clear"}

Call (iii): effect present and reference leak, per clip.

You are an expert judge of video transition effects. You receive
the GIVEN START frame as a still image, the GIVEN END frame as a
still image, a REFERENCE video, and one OUTPUT video. The
REFERENCE shows a transition effect between its own two scenes.
The OUTPUT was asked to reproduce that same effect on the given
frame(s), which show different scenes from the reference’s. No
text describes the effect: the REFERENCE is the only
specification.

Videos are sampled at 8 frames per second. Native frame rates and
lengths differ, so held or repeated frames, choppier motion or a
shorter clip never decide an answer. Do not judge how well the
effect is reproduced, how well the given frames are kept, or
visual quality; those are judged elsewhere.

Answer two yes/no questions about the OUTPUT alone. For each,
first write one sentence of evidence citing timestamps (for
example 0:01-0:02), then answer.

1. EFFECT. Does a transition effect occur in the OUTPUT at all?
"yes" if something happens beyond a plain cut, a crossfade or
dissolve, a fade through black or white, a blur or blend between
frames, or a static image. "no" otherwise. The effect does not
need to resemble the reference’s to count.

2. LEAK. Does content that belongs to the REFERENCE’s own scenes
appear in the OUTPUT: a recognizable person, object, background or
scene of the reference? The given frame(s) show what the OUTPUT’s
scene should contain. Material that is part of the effect itself
(smoke, fire, liquid, particles, light) is not leakage. A color
cast or a vague shape is not leakage. The subject copying the pose
or action of the reference’s subject is not leakage. If "yes",
name what leaked in the evidence.

Return only a JSON object:
{"effect": {"evidence": "...", "answer": "yes"},
"leak": {"evidence": "...", "answer": "no"}}

Call (iv): endpoints kept, per clip, stills only.

You are an expert judge. You compare still frames only.

You receive the GIVEN START frame and the GIVEN END frame, then
the FIRST frame of the OUTPUT and the LAST frame of the OUTPUT.
The output was supposed to begin on the GIVEN START and end on the

23



GIVEN END.

Question: does the output’s first frame show the GIVEN START, and
does the output’s last frame show the GIVEN END? Judge only what
is visible in these stills: the same scene, the same subject and
identity, the same camera framing, the same pose. A frame that
shows all of these still counts as the given frame ("yes") even if
it is softer, blurrier, darker, color-shifted or partly warped, as
long as the scene, subject and pose remain recognizable. Answer
"no" when the frame shows a different scene, a different subject
or identity, a clearly different framing or pose, or is degraded
so far that the given frame is no longer recognizable. Ignore
anything you might guess about the video in between.

For each frame, first write one sentence naming what is the same
and what differs, then answer "yes" or "no".

Return only a JSON object: {"start": {"evidence": "...", "answer":
"yes"}, "end": {"evidence": "...", "answer": "yes"}}
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E ADDITIONAL RESULTS

Table 6 gives the ablations on the seen and held-out instance tiers.

Table 6: Ablations on the seen and held-out instance tiers, both tasks included. N, E, and |∆| as in
Table 3.

Transition fidelity↑ Motion fid. (×100)↑ Action KL↓ Ref sim. (×100)↑ Seam-free %↑

N E |∆| N E |∆| N E |∆| N E |∆| N E |∆|

Seen
Plain LoRA 85.2 92.8 7.6 17.8 15.4 2.4 4.25 4.23 0.02 95.9 96.0 0.1 94.2 94.2 0.0

SEGUE w/o NRG 92.1 95.5 3.4 13.3 13.6 0.3 4.35 4.31 0.04 96.1 96.1 0.0 96.2 96.2 0.0
SEGUE 96.1 96.7 0.6 14.2 14.5 0.3 3.81 3.84 0.03 96.3 96.4 0.1 98.1 100.0 1.9

Held-out instance
Plain LoRA 72.6 84.3 11.7 15.3 14.4 0.9 5.52 5.06 0.46 95.5 95.9 0.4 97.8 97.4 0.4

SEGUE w/o NRG 82.5 87.6 5.1 14.8 14.7 0.1 5.02 4.74 0.28 95.9 96.1 0.2 95.6 94.2 1.4
SEGUE 87.9 89.9 2.0 16.3 16.6 0.3 4.58 4.47 0.11 96.1 96.2 0.1 92.3 91.2 1.1

Table 7 sweeps the guidance weight w of SEGUE on each tier. Transition fidelity rises with w on
every tier; on the held-out instance and held-out class tiers the seam-free rate gives up a few points at
w = 6. We use w = 6 throughout.

Table 7: Guidance weight w by tier. w = 1 is SEGUE w/o NRG, w = 6 is SEGUE.

Tier
Transition
fidelity ↑

Motion
fid. ↑

(×100)
Action
KL ↓

Ref
sim. ↑

(×100)
Seam-

free % ↑
Seen w = 1 92.1 13.3 4.35 96.1 96.2

w = 1.5 92.8 13.9 4.09 96.2 98.1
w = 3 94.1 13.8 4.09 96.3 98.1
w = 6 96.1 14.2 3.81 96.3 98.1

Held-out instance w = 1 82.5 14.8 5.02 95.9 95.6
w = 1.5 84.0 14.7 4.89 96.0 95.3
w = 3 86.5 15.5 4.80 96.1 94.5
w = 6 87.9 16.3 4.58 96.1 92.3

Held-out class w = 1 87.5 18.8 4.61 96.2 97.1
w = 1.5 89.7 19.2 4.54 96.3 97.1
w = 3 92.3 20.1 4.34 96.4 97.3
w = 6 93.4 21.0 4.23 96.4 94.1

Figure 8 compares the systems of Table 3 with the start endpoint given, in the layout of Figure 6.
Figures 9 to 12 show more results of SEGUE and more comparisons, in the layouts of Figures 1
and 6.
Videos of these and more results are on the project page, https://segue-video.github.io/; refer to
them for a better grasp of the results of SEGUE and prior art.
Negative reference. Section 3.3 contrasts SEGUE’s dissolve null with an empty null that simply
drops the reference from the null pass. Figure 13 makes the difference concrete on three examples:
with the empty null the guidance amplifies the reference’s own scenes along with its effect, so the
ground, the running scene, and the fire hydrant of the reference leak into the output. With the dissolve
null the start clip’s scene is kept and only the effect is amplified.
Failure cases. Figure 14 shows the two failure modes of Section 5 on three samples: in the first
two, scenes of the reference leak into the output; in the third, whose endpoint shows intense motion,
the endpoints are not preserved.
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Figure 8: Qualitative comparison, start endpoint given. Top: the reference; below: one system per
row, frames in time order.

26



Re
fe

re
nc

e
Tr

an
sit

io
n

SE
G

U
E

Start Clip Generated Transition End Clip

Re
fe

re
nc

e
Tr

an
sit

io
n

SE
G

U
E

Start Clip Generated Transition End Clip

Re
fe

re
nc

e
Tr

an
sit

io
n

SE
G

U
E

Start Clip Generated Transition End Clip

Re
fe

re
nc

e
Tr

an
sit

io
n

SE
G

U
E

Start Clip Generated Transition End Clip

Re
fe

re
nc

e
Tr

an
sit

io
n

SE
G

U
E

Start Clip Generated Transition End Clip

Figure 9: More results of SEGUE, both endpoints given.
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Figure 10: More comparisons, held-out class tier, both endpoints given, on samples where the VLM
judge preferred SEGUE.
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Figure 11: More results of SEGUE, start endpoint given.
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Figure 12: More comparisons, held-out class tier, start endpoint given, on samples where the VLM
judge preferred SEGUE.
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Figure 13: Negative reference: empty null vs. dissolve null. Each block shows the reference clip
(top strip) and SEGUE run twice with the same reference, endpoints, neutral prompt, seed 42 and
guidance w = 6. Only the null reference changes. With the empty null (the reference dropped from
the null pass) the guidance amplifies the reference’s own scenes along with its effect, so reference
content leaks into the output: the ground (top block), the running scene (middle) and the fire hydrant
(bottom). With SEGUE’s dissolve null (a dissolve of the reference’s own endpoints) only the effect is
amplified and the start clip’s scene is kept.
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Figure 14: Failure cases of SEGUE, both endpoints given. Top two rows: scenes of the reference
leak into the output. Bottom row: the appearance of the endpoints is not preserved through the
transition.
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F EVALUATION DATASET

Table 8: Evaluation dataset by tier. Endpoints are shared across tiers, so the total counts distinct
endpoints.

Samples

Tier Effect types Distinct endpoints Both endpoints Start endpoint

Seen 13 26 4 22
Held-out instance 25 82 32 105
Held-out class 51 150 38 183

Total 76 204 74 310

Tiers. The evaluation dataset has 384 samples in three tiers, defined by how the reference clip
relates to the training set of SEGUE. In the seen tier the reference clip itself was trained on. In the
held-out instance tier the reference clip was not, but other clips of its effect were. In the held-out
class tier the whole effect was held out: none of its 51 effects, 68 reference clips, or 150 endpoints
appears in the training set. The held-out class tier is the evaluation dataset of Section 4.1; the other
two tiers serve the appendix tables. Table 8 lists the three tiers.
Samples. A sample is a reference clip together with the target endpoints: both endpoints for
two-sided TEG, or the start alone for single-sided visual effect transfer. The endpoints are of three
kinds, so that the same reference is tested on scenes at three distances from it: a scene from another
clip of the reference’s own effect, never the reference clip itself (124 samples); a scene from a clip of
another effect of our sources (130 samples); and a clip from DAVIS or HumanVid that no effect was
ever applied to (130 samples). The seen tier uses only the first kind. Endpoints are shared across tiers,
so the 204 endpoints of Table 8 are distinct.
Held-out class tier. Its 51 effects are the 17 Higgsfield transitions held out from training, each with
two reference clips and six to eight samples, and the 34 EffectData effects, each with one reference
clip and three samples, one of each endpoint kind. The EffectData effects are chosen as 17 couples
that share a start subject, so the same subject appears under two different effects, and their endpoints
are 51 EffectData subjects and 17 HumanVid clips. EffectData samples are 81 frames long, the native
length of its clips; all other samples are 121 frames.
Generation. Every sample is run with two seeds. Each of our variants generates all 384 samples
with the neutral prompt, 768 videos, and once more with the effect prompt for the E and |∆| columns
of Tables 3 and 6. Previous approaches generate the 183 start-only samples of the held-out class tier
(n = 366 per system), and the adapted baselines its 38 two-endpoint samples (n = 76 per system).
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G DISTANCE FROM LINEAR INTERPOLATION

Section 3.3 states that the base model, given two endpoints and a prompt that describes only the two
scenes, mostly produces a cut or a dissolve. In pixel space both belong to the linear interpolation
family ℓ,

Vτ =
(︁
1− α(τ)

)︁
a+ α(τ) b, for a monotonic schedule α(τ) ∈ [0, 1], (9)

where τ ∈ [0, 1] is normalized time, a is the last frame of the start, and b the first frame of the end. A
member of ℓ only blends the two given frames: it keeps the scenes of both endpoints and adds no
motion and no material of its own; the dissolve of Eq. (6) is the member with α(τ) = τ . Table 9
measures how far videos sit from ℓ: the outputs of the base LTX-2 sit less than half as far from ℓ as
real transitions do.

Table 9: Distance from linear interpolation. Mean ± s.d. over n clips.

n Distance from ℓ

Real transitions 73 0.54± 0.15
Base LTX-2 transitions 90 0.24± 0.11
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