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Figure 1. TokenDial enables continuous slider control of both appearance and motion dynamics in text-to-video generation. In-
creasing slider strength produces progressive, monotonic changes in appearance (top) and motion magnitude (bottom) while preserving
identity, background, and temporal coherence. Left-side labels are for illustration only (not prompts). Red circles highlight the same region
to compare motion at matched time steps.

Abstract

We present TokenDial, a framework for continuous,
slider-style attribute control in pretrained text-to-video gen-
eration models. While modern generators produce strong
holistic videos, they offer limited control over how much
an attribute changes (e.g., effect intensity or motion magni-
tude) without drifting identity, background, or temporal co-
herence. TokenDial is built on the observation: additive off-
sets in the intermediate spatiotemporal visual patch-token
space form a semantic control direction, where adjusting
the offset magnitude yields coherent, predictable edits for

*Work done while Zhixuan was an intern at Adobe Research.

both appearance and motion dynamics. We learn attribute-
specific token offsets without retraining the backbone, us-
ing pretrained understanding signals: semantic direction
matching for appearance and motion-magnitude scaling for
motion. We demonstrate TokenDial’s effectiveness on di-
verse attributes and prompts, achieving stronger control-
lability and higher-quality edits than state-of-the-art base-
lines, supported by extensive quantitative evaluation and
human studies.

1. Introduction

Text-to-video (T2V) generation has advanced rapidly, pro-
ducing high-quality videos from high-level prompts. Yet for
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Figure 2. Explicit spatiotemporal masking. (top) Composable masking: localize different sliders to different concepts (person vs.
campfire) and compose them in one video. (bottom) Spatial/temporal masking: leveraging TokenDial and soft masks, we can easily make
only the top portion of the ink videos redder and create a gradient effect, or make aurora brighter only towards the end of the video.

real creative workflows, realism is only the starting point:
creators need the ability to keep a scene fixed while pre-
cisely controlling how much a particular attribute changes.
Prompts can specify what appears (e.g., “a campfire”, “a
person”), but they are a weak interface for dialing attribute
strength (e.g., fire intensity, aging, or motion magnitude)
without drifting identity, background, or temporal coher-
ence. We study continuous semantic scalar control: slider-
style modulation of continuous attributes while preserving
the rest of the video.

A major missing capability is motion dynamics con-
trol. Existing “video sliders” primarily target appearance
attributes, while continuously dialing motion properties,
such as intensity, rhythm, or perceived speed, remains brit-
tle. Equally importantly, current controls are largely im-
plicit in space and time: whether a learned edit takes ef-
fect at a particular region or moment is often decided by the
model, rather than specified by the user. Table 1 highlights
this gap: prior methods do not provide reliable motion-
dynamics sliders, nor an explicit spatiotemporal interface
to determine where and when an edit applies.

Prior approaches only partially address these needs. One
way is to use progressive prompts to edit the video via

Table 1. Capabilities of baselines.

Appear.&. Prog. Explicit. ID.
Method Motion Attr. Scaling Mask. preserve.

I2I + I2V ✗ ✗ ✓ ✓
Text-based V2V ✗ ✗ ✓ ✓
Concept Sliders ✗ ✓ ✗ ✗

SliderSpace ✗ ✓ ✗ ✗
Text Slider ✗ ✓ ✗ ✗
FreeSliders ✗ ✓ ✗ ✗

TokenDial (Ours) ✓ ✓ ✓ ✓

video-to-video (V2V) models. While they can change video
content, these models do not offer continuous, monotonic
control of attribute strength required for slider-style ma-
nipulation. Slider methods based on discrete categories
or lightweight weight updates (e.g., LoRA [14]) can learn
an appearance editing direction, yet they can be training-
intensive and difficult to disentangle and compose. In ad-
dition, low-rank adaptors and other finetuning-based meth-
ods alter the base model weights, which risks degrading
the general capability of the model and can result in over-
fitting. More importantly, because these finetuned models
now have updates baked into the weights, making localized
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edits remains difficult (e.g., only make the left person older
but not the right).

We present TokenDial built on the following observa-
tion: the visual patch token space in pretrained T2V dif-
fusion transformer (DiT; [30]) models contains directions
that correspond to semantic attribute changes. We show that
by leveraging the strong priors of a pretrained understand-
ing model, a single offset vector in the token space can be
learned to associate to a specific attribute; when these off-
sets are added to the visual tokens, they can strengthen or
weaken the associated attributes. This not only provides a
straightforward mechanism to scale the effects of a desired
attribute or compose multiple attributes, it also provides
an intuitive interface to control how attributes are changed
spatiotemporally by adding to specific patch tokens during
denoising. This controllability makes TokenDial naturally
suited for fine-grained controls, including motion dynamics
that were not previously addressed by existing slider-based
methods.

We validate TokenDial through extensive experiments on
diverse attributes for both appearance (e.g., aging, weather)
and motion (e.g., higher/lower motion magnitude). Quanti-
tative benchmarks and human evaluations confirm that Tok-
enDial achieves superior controllability and editing quality
compared to state-of-the-art baselines, effectively balancing
attribute modification with content preservation.

2. Related Work
Controllable video generation. Recent advances have en-
abled diverse forms of control in generative models, ranging
from architecture- and conditioning-based designs [2, 7, 44]
to application-driven controls such as subject personaliza-
tion [11, 15, 33] and camera motion guidance [1, 12, 22, 26,
41]. While these directions greatly improve usability, they
typically address discrete or coarse controls (what to gener-
ate, where to place it, or which trajectory to follow), rather
than continuously dialing the strength of an attribute during
generation. In contrast, we study continuous, slider-style
control of fine-grained appearance and motion attributes in
T2V models.

Video editing. Instruction- or example-based video edit-
ing methods [17, 20, 23, 36, 40, 48] achieve strong open-
domain edits. However, their control interface is typically
discrete: edit strength is specified through instruction text
or a small set of pre-defined levels, which makes it diffi-
cult to achieve continuous, monotonic slider-style modula-
tion of attribute strength. They also often rely on substantial
edited supervision or synthetic training data, limiting scal-
ability. In contrast, we target continuous attribute control
during generation, using pretrained understanding signals
rather than large-scale paired edits.

Fine-grained and continuous video generation. This line

of work explores slider-based controls on attributes with
various setups and architectures [4, 6, 9, 10]. FreeSliders [6]
and Text Slider [4] have begun to study slider-style control
for videos. FreeSliders provides training-free concept steer-
ing via an inference-time approximation of noise updates,
whereas Text Slider learns lightweight LoRA directions in
the shared text encoder for plug-and-play, reusable control.
Other work in the image domain also pursue fine-grained,
continuous edits by injecting LoRA modules or steering
text/conditioning tokens [9, 10, 18, 28]. Despite control-
lability, existing sliders are largely appearance-centric and
keep the spatiotemporal extent of edits implicit, which lim-
its precise localization, weakens identity preservation, and
makes motion dynamics difficult to dial.

Semantics of various latent spaces. Semantic structure in
representation spaces has long enabled controllable genera-
tion, from linear directions in GAN latent space [3, 16, 31]
to semantic bottlenecks in diffusion models that support
editing and interpretability [5, 21, 29]. Recent work fur-
ther shows that aligning denoising representations with pre-
trained understanding models improves training efficiency
and generation quality, including extensions to video [34,
43, 46]. TokenVerse [11] revealed the modulation space in
Flux-like models can be used for personalization of diverse
concepts. Inspired by these findings, we propose to explore
the token embedding space of video DiTs to augment spe-
cific attributes using external understanding models.

3. Method

In this section, we detail our method formulation that lever-
ages V+ space for semantic (appearance and motion) at-
tribute scaling. We first formalize the learnable space and
define the offset vector with which we align the attribute
semantics to (§3.1); we then introduce the self-supervised
training objectives (§3.2). Finally we describe the inference
set up using our method (§3.3). The overview of our method
is illustrated in Figure 3.

During inference, a pretrained T2V diffusion model gen-
erates a sample by integrating a learned vector field in con-
tinuous time. We denote xt as the latent video at time
t ∈ [0, 1], c as the conditioning input (e.g., text prompts),
and θ as the frozen model parameters. Starting from Gaus-
sian noise x1 ∼ N (0, I), sampling follows the ODE: dxt

dt =
Φθ(xt, t, c), which is integrated from t = 1 to t = 0 to ob-
tain the generated video x0. During training, we sample a
random time t and train the model to predict the denoising
direction (i.e., the vector field) from xt under conditioning
c, via the flow-matching objective.

3.1. Construct the learnable token offsets
Visual patch-token space V . A pretrained video DiT op-
erates on a sequence of visual patch tokens. Given a la-
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Figure 3. Overview of TokenDial. We inject learnable spatiotemporal token offsets into intermediate video patch tokens of a frozen
text-to-video DiT. Offsets are trained with external understanding models: appearance via semantic direction matching and motion via
motion-magnitude scaling.

tent video x ∈ RC×F×H×W (encoded by a VAE/video
encoder), the model applies a patchification operator
Patchify(·) to obtain

T = Patchify(x) ∈ RL×d, (1)

where d is the hidden dimension and L is the number of
visual patches (tokens), which depends on the video reso-
lution and length. We denote the set of such patch-token
sequences by V := RL×d, and a token sequence as T ∈ V .
Importantly, patchification preserves the spatial-temporal
correspondence: each token index i ∈ {1, . . . , L} maps to
a specific region in space and time, providing an explicit
handle to address where and when an edit is applied.
Offset space V+. We introduce an offset space V+ := Rd,
whose elements are additive offset vectors ∆ ∈ Rd that are
applied to visual patch tokens. Since V+ depends only on
d, it is agnostic to video resolution and length. Applying
an offset uniformly (or selectively) to tokens yields a new
token sequence

T ′ = { ti + si∆ | ti ∈ Rd, i = 1, . . . , L }, (2)

where s = {si ∈ [0, 1]} is a (soft) spatiotemporal mask.
This formulation makes control explicit: by choosing s, we
can specify which regions/frames are affected, and by scal-
ing ∆ we obtain a linear strength dial once a direction is
learned.

We further allow the offset to be layer-dependent. Let
∆(k) ∈ Rd denote the offset applied after the k-th DiT
block, leading to

T ′(k) = { ti + si∆
(k) | ti ∈ Rd, i = 1, . . . , L }. (3)

This adds a small number of learnable degrees of freedom
without modifying the backbone weights (see Figure 3 for
an overview). For example, in our implementation, the
learnable offsets {∆(k)} introduce only 0.256% as many
trainable parameters as a rank-64 LoRA. Note that unlike
textual inversion [8], this does not alter the token length nor
the attention structure.

3.2. Embed semantics onto token offsets
Our goal is to align the token offset with a target attribute
semantics. We therefore learn an attribute-specific offset
vector

∆attr ∈ V+ , (4)

and apply it to the visual patch tokens as described in
Sec. 3.1. When layer indices are not essential, we drop the
superscript (k) for clarity. We optimize ∆attr while keep-
ing the pretrained generator frozen, using gradient feedback
from external pretrained understanding models (Fig. 3). We
next describe a stable training procedure.
Multi-step posterior refinement. As shown in Figure 3, all
components except for the offset vectors are frozen during
training. A naive objective would apply the external super-
vision directly on the one-step estimate videos obtained at
an intermediate noise level. At each training iteration we
sample a timestep t and obtain xt from the clean latent x0

via the forward noising process. With the backbone frozen,
we run the denoiser twice: (i) without offsets, and (ii) with
offsets injected into the token stream, producing two pos-
terior estimates of the clean latent, denoted by x̂0(∅) and
x̂0(∆) (via Tweedie’s formula [13]). However, x̂0 recon-
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structed from a highly noisy xt lacks high-frequency de-
tails, which makes gradients from understanding models
unstable and noisy.

To stabilize training, we refine the posterior estimate by
unrolling a small number of additional denoising steps be-
fore computing the loss. Specifically, starting from the ini-
tial prediction at timestep t, we run K extra reverse steps
to obtain a refined estimate x̂ref

0 . For efficiency, we stop
gradients through the refinement unroll and backpropagate
only through the initial prediction, similar to [24]. In our
experiments we use a small K (e.g., K=4) for high-noise
timesteps.
Appearance Control: Semantic Direction Matching.
We supervise appearance control in a pretrained video-
understanding embedding space using InternVideo2 [39].
Let E(·) denote the InternVideo2 visual encoder. Given re-
fined reconstructions with and without offsets, we define the
predicted attribute direction in the embedding space as

dpred = E
(
x̂ref
0 (∆)

)
− E

(
x̂ref
0 (∅)

)
. (5)

We align this direction with a target direction dtgt using co-
sine distance:

Lapp = 1− cos(dpred,dtgt) . (6)

To preserve identity and scene content, we add a perceptual
regularizer based on LPIPS [45] between two reconstruc-
tions. The final appearance objective is

Lappear = Lapp + λa · LPIPS
(
x̂ref
0 (∆), x̂ref

0 (∅)
)
, (7)

where λa controls the regularization strength. This objec-
tive encourages the offset to realize the desired attribute
change while minimally disturbing the underlying content.
We obtain dtgt by contrasting either paired text prompts
(e.g., “hot” vs. “cold”) or exemplar videos, and projecting
them into the same InternVideo2 feature space.
Motion Control: Motion Magnitude Scaling. We next
supervise motion dynamics (e.g., making an action high-
er/lower motion magnitude or more/less intense). While
video foundation model embeddings can capture temporal
information, we found them less reliable for quantifying
motion strength during training, as the resulting signals are
sensitive to the keyframe sampling.

Instead, we directly measure motion magnitude in a fea-
ture space that is stable and semantically meaningful. We
extract frame-wise patch embeddings using DINOv2 [27]
and compute optical flow on these embeddings with the
Lucas–Kanade (LK) method [25], yielding a motion field
m(·). Our goal is to scale motion strength by a factor γ
(γ > 1 amplifies motion; γ < 1 attenuates it). Crucially,
we use a self-supervised target: using a fixed reference
video (e.g., the no-offset prediction) becomes misaligned

after training, since the offset video can evolve faster/s-
lower and thus no longer matches the reference frame-to-
frame. In this case, optical flow comparisons across two
sequences produce inconsistent correspondences and high-
variance gradients. We therefore scale the motion field of
the offset sample itself and use stop-gradient .sg() to define
a stable target:

Lmot = ∥m(x̂ref
0 (∆))− γ · [m(x̂ref

0 (∆)).sg( )]∥22. (8)

DINOv2 patch features provide temporally stable local an-
chors, reducing spurious jitter when scaling motion magni-
tude. To better preserve identity and scene content while
changing dynamics, we encourage the first frame to remain
consistent across attribute scales by regularizing DINOv2
features on the first frame:

Lff = 1− cos
(
D
(
x̂ref
0, t=0(∆)

)
,D(x̂ref

0,t=0(∆).sg( )
)
, (9)

where D(·) denotes the DINOv2 feature extractor on a sin-
gle frame.

Finally, the motion objective is

Lmotion = Lmot + λm Lff, (10)

where λm controls the regularization strength. Minimizing
this objective learns offsets that modulate the magnitude of
motion while preserving the underlying motion pattern and
identity cues.

3.3. Inference with Token Offset
After training, the learned offset ∆ acts as an attribute direc-
tion in token space: injecting it into the generator produces
the desired semantic change. As shown in Figure 9e, sim-
ply injecting this offset globally already yields the desired
attribute change (e.g., making the campfire bluer while pre-
serving the tent). However, to achieve precise spatiotem-
poral localization, strictly preserve the background (Fig-
ure 9f), and achieve the slider effect (Figure 1), we expose
two complementary controls: where/when the edit applies
and how strongly it is applied.

Structure-Aware Spatiotemporal Modulation. We ob-
serve that ∆ specifies what to change, while the model’s
attention maps reveal where and when the change should
occur. Early in denoising, we extract attention from the tar-
get text token (e.g., “campfire”) to visual patch tokens and
aggregate it into a token-level soft mask s ∈ [0, 1]L, where
L is the number of spatiotemporal patch tokens. Although
s is defined over tokens, patchification preserves spatiotem-
poral correspondence, so s can be viewed as a soft matte
over space and time. We gate the offsets using s, confining
the edit to the object’s trajectory across time and protect-
ing unrelated regions from drift. Importantly, the mask is
soft rather than binary, enabling subsequent self-attention to
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Figure 4. (a) TokenDial learned token offsets transfers zero-shot across video resolutions and lengths. (b) TokenDial composes attributes
by combining offsets, enabling independent control along multiple sliders (e.g., ink “redder” and “more diluted”).

propagate the change to correlated regions when appropri-
ate. For instance, in Fig. 2b, as the aurora becomes brighter,
the mountain region also brightens due to the reflected il-
lumination, while the underlying identity and structure are
preserved.

Intensity Control via Compositional Flow Guidance. To
control the magnitude of the edit (the “slider” effect), a
naive choice is to scale the offset ∆ directly in feature space,
which can distort the generation trajectory at large mag-
nitudes. Instead, we dial edit strength at the vector field
level by composing a text-consistent base flow with an edit-
induced flow. Let Φθ(xt, t, c) denote the predicted vector
field and ∅ the unconditional input. We define the update ũ
as

ũ =Φθ(xt,∅) + stxt(Φθ(xt, c)− Φθ(xt,∅))

+ sedit(Φθ(xt, c,∆)− Φθ(xt, c)) .
(11)

The first two terms form the standard text guidance and de-
fine the base trajectory, while the third term isolates the dif-
ferential velocity induced by ∆. Adjusting sedit scales only
the edit-induced component, enabling continuous slider
control while preserving the text-consistent structure.

4. Applications
TokenDial provides a practical control interface for T2V
generation that goes beyond existing video sliders: it sup-
ports continuous modulation of motion dynamics, explicit
where/when localization with composable edits, and strong
transfer across video settings and model architectures. We
highlight these below.
Continuous control of appearance and motion dynam-
ics. TokenDial enables slider-style control over a broad set
of attributes, spanning both appearance (e.g., aging, color,
lighting) and motion dynamics. Varying the offset strength
yields smooth, monotonic changes while largely preserv-
ing identity, background, and temporal coherence, shown in

Figure 1 and Figure 7.
Explicit spatiotemporal locality and compositional ed-
its. Offsets specify what to change, while attention-derived
masks or user-provided masks specify where and when the
change applies. This produces a soft spatiotemporal matte
that confines edits to the target trajectory and protects unre-
lated regions from drift (Figure 2). Because offsets can be
gated independently, TokenDial naturally supports compo-
sition: multiple regions (Figure 2a) and multiple attributes
(Figure 4b) can be edited in the same video without inter-
fering with each other.
Generalization across video length and resolution. Off-
sets live in V+ and depend only on the hidden dimen-
sion, making them agnostic to the number of spatiotempo-
ral tokens. As a result, an offset trained on shorter, lower-
resolution clips transfers zero-shot to different video lengths
and resolutions supported by the backbone, enabling effi-
cient training while retaining high-resolution controllability
at test time. Figure 4a shows unified “person older” token
offsets generalized to different video length and resolution
at test time.
Generalization across video model architectures. Tok-
enDial is not tied to a specific backbone design. Our main
experiments use an internal DiT backbone that relies on full
self-attention and does not provide an explicit modulation
space, similar to [42, 47]. We demonstrate that the same
token-offset principle transfers to Wan 2.1 [37], a cross-
/self-attention-based video model equipped with modula-
tion layers, Fig. 5 and Fig. 4a show the results generated
by Wan. To apply TokenDial on Wan, we define the injec-
tion point in its feature stream at the self-attention residual
and learn offsets in that space, obtaining consistent control-
lability. This cross-architecture transfer indicates that Tok-
enDial captures a general mechanism for continuous con-
trol instead of being model-specific.
Semantic disentanglement. Fig. 6(b) shows that supervi-
sion in the InternVideo2 [39] embedding space can inherit
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Figure 5. Generalization to Wan. TokenDial transfers to the Wan 2.1 backbone, enabling continuous appearance sliders by injecting
offsets into Wan’s feature stream. Examples show a “more kitten” slider (cat) and a “more furry” slider (dog).

spurious correlations (e.g., the direction for “older” may un-
intentionally co-vary with body weight). We mitigate this
by projecting out biased principal directions in the super-
vision space, following a simple debiasing strategy similar
to [35], which yields better disentangled edits (Fig. 6).

5. Experimental Setup

Concepts, attributes, and slider tasks. We study slider-
style control defined over a concept-attribute pair. A con-
cept is the main entity or phenomenon described in the
prompt (e.g., campfire, ink, person) with localized spa-
tiotemporal support in the video. An attribute is a contin-
uous scalar property of that concept that can be modulated
while preserving scene layout and identity (e.g., color inten-
sity, size, dilution, motion magnitude). A slider task evalu-
ates whether a method can produce progressive, monotonic
changes along the attribute scale under the same prompt
and seed. We consider two families of tasks: appearance
sliders modulate object-centric spatial attributes under strict
localization, with background and identity preserved; mo-
tion sliders modulate motion magnitude while preserving
the underlying motion pattern.
TokenDial dataset and evaluation protocol. We evaluate
on 12 concepts spanning particle systems, volumetric phe-
nomena, fluids, and articulated subjects, with 5 attributes
per concept. Appearance offsets are trained on small,
concept-specific video–text collections without paired ed-
its. Motion offsets are trained on a few hundred green-
screen clips and applied universally across prompts dur-
ing inference. See the supplementary material for dataset
details. For each concept-attribute pair, we generate 16
base videos and evaluate 5 slider strengths under identical
prompts, seeds, and inference budgets, resulting in roughly
4,500 videos per method. We additionally show that Tok-
enDial can be trained using synthetic text-video pairs gener-
ated by the backbone itself, while retaining similar control-
lability; i.e., the same “person older” slider can be learned
from real videos (Fig. 2a) or from synthetic videos gener-

(a)	original (b)	biased	edit (c)	de-biased	edit

Figure 6. Semantic debiasing. “Older” edits learned from Intern-
Video2 can also increase body weight (b); debiasing removes this
coupling (c).

ated by the model (Fig. 4a).
Implementation details. We optimize token offsets on a
frozen pretrained text-to-video DiT model, sharing a similar
architecture to [42, 47]. Unless specified otherwise, we use
λa=0.5 for appearance and λm=5.0 for motion, and train
offsets for 300 steps with AdamW (lr = 10−5). Training
uses 32-frame videos at 24 FPS with 320× 176 resolution;
at inference we broadcast offsets to longer sequences (up to
64 frames). We use classifier-free guidance with text scale
stxt=4.5 and vary the edit strength with sedit ∈ [0, 1] across
all experiments.
Baselines. We compare against representative methods
for continuous control. Our primary video slider base-
lines are FreeSliders [6] and Text Slider [4]. We also
adapt image-domain sliders, Concept Sliders [9] and Slid-
erSpace [10], to videos by applying their learned directions
consistently across frames. Finally, we include a strong
text-driven video editing baseline, UniVideo [40], by pro-
gressively strengthening the instruction (e.g., slightly →
moderately → much → extremely), and an I2I+I2V pipeline
that combines the image slider Kontinuous Kontext [28]
with Senorita [48] for propagating first-frame edits.

6. Results
6.1. Qualitative Comparison
In Fig. 7, we qualitatively compare TokenDial with prior
slider-based methods. For appearance control, Text Slider
often shows a weak response, while FreeSliders and image-
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Figure 7. Qualitative comparison on appearance and motion sliders. TokenDial achieves smooth, continuous slider control for appear-
ance (a) and motion dynamics (b), with stronger edits and better preservation than prior methods.

domain sliders adapted to video (Concept Sliders, Slider-
Space) frequently introduce identity drift or background
changes as edit strength increases. The I2I+I2V pipeline
is limited by first-frame editing: the image slider affects
only the initial frame, and the propagated edit can miss ob-
jects that appear later in the video. Text-driven V2V editing
does not provide reliable progressive strength control via
prompts alone. In contrast, TokenDial produces strong and
continuous appearance edits while better preserving identity
and context.

For motion dynamics, competing methods show limited
ability to amplify motion magnitude. TokenDial success-
fully scales dynamics (e.g., walking → running), producing
larger pose, clothing, and hair displacements while main-
taining coherent structure.

6.2. Quantitative Comparison
We evaluate TokenDial from two complementary perspec-
tives: (i) slider controllability: whether edit strength
changes progressively, smoothly, and monotonically; and
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Table 2. Quantitative comparison on VLM metrics and video quality metrics.

Method VLM Evaluation Video Qual. Text Align.

Edit Qual. ↑ ID Pre. ↑ BG Pre. ↑ Continuity ↑ Overall ↑ PickScore ↑ ViCLIP ↑
ConceptSlider 3.635 4.722 4.599 3.654 4.153 19.610 24.737
SliderSpace 3.743 4.722 4.603 3.738 4.202 19.659 24.813
FreeSlider 3.932 4.830 4.775 3.936 4.368 19.697 25.242
TextSlider 2.771 4.970 4.974 2.833 3.887 19.726 24.936

Kontinuous Kontext
+Senorita (I2I+I2V) 2.578 4.868 4.940 2.518 3.726 19.567 24.353

UniVideo (V2V) 3.032 4.754 4.874 2.786 3.862 19.461 23.722

Ours 4.165 4.988 4.959 4.234 4.587 19.651 24.942

(a) (b)

Figure 8. Human survey results. We compare methods on appearance (a) and motion sliders (b) using quadrant plots of edit quality vs.
content preservation, and slider continuity vs. video general preference.

Table 3. Quantitative evaluation of slider controllability.

Editing Quality Preserve

Method Range(CR) ↑ Mono. ↑ Smooth(CSM) ↓ LPIPS(SP) ↓ Overall ↑

ConceptSlider 0.210 0.512 0.735 0.391 0.416
SliderSpace 0.451 0.550 0.676 0.403 0.645
FreeSlider 0.378 0.567 0.537 0.296 0.755
TextSlider 0.004 0.501 0.262 0.110 0.742

Slider-based I2I+I2V 0.196 0.542 0.373 0.085 0.808
Text-based V2V 0.276 0.534 1.154 0.440 0.037

Ours 0.460 0.573 0.386 0.249 0.982

(ii) edit quality and preservation: whether the edit is cor-
rect while identity, background, and temporal coherence are
maintained.
Slider controllability. Following FreeSliders [6], we report
Conceptual Range (CR), Conceptual Smoothness (CSM),
Semantic Preservation (SP), and a monotonicity score. CR
measures the semantic span of a slider using CLIP [32]
distance between endpoint generations. CSM measures
how uniformly CLIP scores change across strength levels
(lower is better), and monotonicity measures whether the
semantic change progresses consistently in one direction.
SP measures content preservation across slider levels using
LPIPS [45]. A key caveat is that CSM/SP can favor con-
servative methods: approaches that make very small edits
may appear smooth and preserving, yet have limited seman-
tic range (low CR). This behavior is visible for Text Slider
and the I2I+I2V pipeline, which achieve strong preservation

scores but weak semantic response in Fig. 7. To balance
strength and stability, we follow [6] to report the overall
score (OS):

OS =
CR

ϵ+ SP
+ (1− CSM), (12)

where ϵ is set to 1 following [6]. As shown in Table 3, To-
kenDial achieves the best OS (0.982), far above conserva-
tive baselines with high CSM/SP but weak edits (I2I+I2V:
0.808; Text Slider: 0.742), indicating that it attains large se-
mantic range while maintaining smooth, stable transitions
and strong preservation. Notably, prompt-driven V2V edit-
ing (UniVideo) exhibits less consistent progression across
strength prompts, as shown in Fig. 7, and correspondingly
attains the highest (worst) CSM score, indicating poor edit-
ing continuity.
VLM-based evaluation. Following EditVerse [17], we
further assess editing quality, identity preservation, back-
ground preservation, and temporal continuity using a VLM-
based rubric. As shown in Table 2, TokenDial obtains
the highest scores on editing quality, identity preservation,
and continuity, while maintaining comparable video qual-
ity and text alignment measured by PickScore [19] and Vi-
CLIP [38]. Notably, methods with high preservation scores
but weak edits (e.g., Text Slider and the I2I+I2V pipeline)
align with the qualitative comparison in Fig. 7, where at-
tribute changes are visibly limited.
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(a)	original (b)	LoRA (c)	text	token

(d) 𝒱 + space	
token	offset	

(e) + Posterior	
Refinement

(f) + Attn.	Mask	
(ours	full)

Figure 9. Ablation. (b) and (c) show the alternative to token off-
set, and (d) to (e) shows our results as additional components are
progressively integrated.

Table 4. Ablation analysis of components for controllable editing.
Editing Quality Preserve

Method Range ↑ Mono. ↑ Smooth ↓ LPIPS ↓ Overall ↑

Text Token 0.011 0.458 0.241 0.129 0.769
LoRA 0.393 0.550 0.758 0.434 0.516

V+-Space Offset 0.412 0.566 0.419 0.270 0.905
+ Posterior Refine 0.499 0.570 0.440 0.298 0.944
+ Attn. Mask (ours full) 0.460 0.573 0.386 0.249 0.982

6.3. Human Evaluation Study
We conduct a human study to assess edit effectiveness and
preservation, with an emphasis on motion dynamics, which
are difficult to evaluate reliably with existing metrics and
keyframe-based VLM scores. We randomly sample 32 ap-
pearance sliders and 32 motion sliders, and recruit 212
participants from Prolific. In each trial, participants view
the original video followed by edited outputs at increasing
slider strengths. They rate each method on four 0–5 Likert
scales: (1) prompt-following/edit quality, (2) identity/con-
tent preservation, (3) temporal continuity, and (4) overall
preference. Each participant evaluates TokenDial and all
baselines in a randomized order for fair comparison.

As summarized in the quadrant plots (Fig. 8), Tok-
enDial is clearly preferred for motion edits (Fig. 8b),
achieving the highest perceived edit quality while maintain-
ing strong preservation. Competing methods either fail to
produce noticeable temporal changes or degrade coherence
when attempting stronger motion edits. For appearance ed-
its (Fig. 8a), human preferences closely match our quanti-
tative results, confirming that TokenDial delivers strong ed-
its while preserving identity and context. See the supple-
mentary material for the full protocol and additional human
study analyses.

6.4. Ablation study
Fig. 9 isolates the key design choices of TokenDial. Starting
from a minimal baseline, we progressively add each compo-
nent to reveal its role in controllable and localized editing.
Offset parameterization. We first replace our V+ token

offsets with alternative parameterizations, including LoRA-
based tuning and text-token tuning. As shown in Fig. 9b,
LoRA-based edits tend to affect the entire video (including
background) due to the lack of an explicit spatial handle,
whereas text-token tuning yields negligible visual change
(Fig. 9c).
V+-space offsets. Introducing additive offsets in V+ pro-
vides a direct control handle on visual patch tokens, en-
abling localized appearance edits while better preserving
background content (Fig. 9d).
Posterior refinement. Without refinement, supervision
from understanding models can be unstable at high noise
levels, leading to weak edits. Multi-step posterior refine-
ment stabilizes training and yields semantically meaningful
changes (Fig. 9e).
Attention-derived masking. Finally, attention-based
masking further confines edits to the target concept across
space and time, improving focus and reducing background
drift (Fig. 9f). Table 4 corroborates these observations,
showing consistent improvements as each component is
added.

7. Conclusion

In this work, we propose TokenDial that introduces con-
tinuous slider control to pretrained text-to-video models by
learning additive token offsets in an intermediate spatiotem-
poral patch-token space. We show that this offset space is
semantic: scaling a learned direction yields smooth, pre-
dictable changes in attribute strength, enabling controllable
edits for both appearance and motion dynamics without re-
training the backbone. More broadly, our efforts open av-
enues for interactive, fine-grained controllable video gener-
ation and richer semantic control in future generative sys-
tems.
Limitations. Our method relies on pretrained video un-
derstanding models (e.g., InternVideo2) to define semantic
directions for appearance control. While effective in
many cases, the underlying understanding space may
exhibit entanglement and biases that are difficult to
fully disentangle. Beyond high-level semantic biases
(e.g., age correlated with body weight), we observe that
certain low-level attributes, such as color changes, can
be entangled with other visual factors in the embed-
ding space. In such cases, simple semantic debiasing
via subspace projection may be insufficient to isolate
the desired attribute without affecting related properties.
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Appendix

In this supplementary material, we provide additional de-
tails and results to support the main paper. We include hu-
man evaluation details (§A), descriptions of the slider-based
I2I-I2V and text-based V2V baselines (§B), dataset de-
tails (§C), an analysis of posterior refinement (§D), Lucas–
Kanade optical flow on DINOv2 patch features (§E), imple-
mentation details on Wan 2.1 (§F), the VLM prompt used
for slider evaluation (§G), and additional qualitative results
(§H).
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A. Human Evaluation Study

We conducted human evaluation study using a Qualtrics
survey distributed through Prolific. As shown in Fig. 11,
each survey question presented an original video together
with four edited videos. The edited videos were generated
by one of six baseline methods or by our method, chosen
randomly, and with edit strength increasing progressively
across the four edits. The baselines included Concept-
Slider [9], SliderSpace [10], FreeSlider [6], Text Slider [4],
Kontinuous Kontext [28] combined with Senorita [48] as
a slider-based image-to-image (I2I) plus first-frame propa-
gation video editing baseline, and UniVideo [40] as a text-
based video-to-video (V2V) editing baseline.

Below the videos, participants rated six statements on a
Likert scale. These questions were aligned with our VLM-
based evaluation and were designed to measure (1) edit
quality and progression, (2) content preservation, and (3)
subjective human preference. On each survey page, partic-
ipants were shown five sets of video edits, one from each
method being compared, together with the corresponding

Table 5. Mapping our evaluation metrics to the Likert statements
in our study

Metric Question

Editing
Quality

The attribute becomes modifier in the edited videos.

ID Preserve Despite the changes, the people/objects are clearly rec-
ognizable as the same people/objects.

BG Preserve The parts of the video that are not related to the at-
tribute remained unchanged in the edited videos.

Continuity The intensity of the edit increases progressively from
the first video to the last (left to right).

Artifacts The edited videos do not add artifacts (e.g., glitches,
grid-like patterns, unrealistic visuals).

Useful These edits provide a reasonable range of the effects
that I can choose from in different editing scenarios.

questions. This design ensured that every participant evalu-
ated all compared baselines the same number of times, en-
abling a fair comparison across methods. The order of the
baselines was randomized.

We generated a total of 64 editing directions for this
study, corresponding to real-world video editing tasks such
as making a person walk faster or making a fire brighter.
Among them, 32 editing directions targeted appearance at-
tributes, while the other 32 targeted temporal or dynamic
changes. As shown in Fig. 11, the editing prompt was
inserted directly into the survey; for example, campfire/s-
maller could be replaced with speed/slower.

In total, we recruited 212 participants through Prolific.
We first compared TokenDial against video-slider-based
methods. Specifically, FreeSlider [6] and Text Slider [4] are
originally designed for video slider control, while Concept-
Slider [9] and SliderSpace [10] are image-slider methods
that we adapted to our base text-to-video (T2V) generation
model to obtain video-slider baselines. For this comparison,
we recruited 122 participants. Each participant rated 20
sets of video edits, corresponding to 4 different editing in-
structions evaluated across 5 methods (the four video-slider-
based baselines and ours).

We recruited another 90 participants to evaluate the
slider-based I2I+I2V and text-based V2V baselines. Each
participant rated 12 sets of video edits, corresponding to
4 different editing instructions evaluated across 3 methods:
Kontinuous Kontext [28] combined with Senorita [48], Uni-
Video [40], and our method.

We report the average Likert-scale ratings in Table 6,
where “strongly agree” corresponds to 5 and “strongly dis-
agree” corresponds to 1. Participants generally agreed that
our method can produce progressive edits while preserv-
ing subject identity and background consistency. These
results largely follow the same trends as the VLM-based
evaluation, although the human ratings exhibit substantially
greater variance, particularly for identity (ID) and back-
ground (BG) preservation.
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Figure 10. A screenshot example from our human evaluation study.

Participants also agreed more strongly than for other
baselines that the “edits provide a reasonable range of the
effects that I can choose from in different editing scenarios,”
as reflected in the “General Preference” column of Table 6.
This suggests a clear subjective preference for our proposed

editing approach.

We further visualize the Likert-scale distributions in
Fig. 12. Each segment of the diverging stacked bar chart
represents the percentage of participants who assigned a
particular Likert rating to a given question for a given
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Figure 11. We compare methods across appearance sliders and motion sldiers using quadrant plots of edit quality vs. content preservation,
and slider continuity vs. video general preference. The results are the combination of appearance sliders and motion sliders.
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The parts of the video that are not related to the <attribute> remained unchanged in the edited videos.
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The intensity of the edit increases progressively from the first video to the last (left to right).
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The edited videos do not add artifacts (e.g., glitches, gridlike patterns, unrealistic visuals).
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These edits provide a reasonable range of the effects that I can choose from in different editing scenarios.
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Figure 12. Distribution of Likert ratings in our human evaluation
study.

baseline. Our method consistently receives more “strongly
agree” and “agree” responses across most questions, all of
which were phrased such that agreement indicates a posi-
tive evaluation. However, for content-preservation-related
questions, Text Slider and Kontinuous Kontext + Senorita
sometimes receive comparable or even higher agreement.

Table 6. User study results across 6 baselines including appear-
ance/motion sliders.

Method Editing
Qual. ↑ Content

Prev. ↑ BG.
Prev. ↑ Continuity ↑ Less

Artifact ↑
General

Preference ↑

ConceptSlider 2.98 3.00 2.46 3.25 2.97 3.16
SliderSpace 2.89 2.90 2.51 3.24 3.12 3.19
FreeSlider 3.25 3.48 3.21 3.28 3.52 3.32
TextSlider 2.09 4.23 4.05 2.36 4.02 2.89

Senorita 2.73 4.22 3.95 2.71 3.71 2.84
Univideo 3.06 3.99 3.63 2.92 3.43 3.09

Ours 3.91 4.06 3.59 3.75 3.68 3.69

We attribute this to the fact that these methods tend to
make minimal changes, which also explains their many
“strongly disagree” responses on edit-quality-related ques-
tions in Fig. 12. Figure 13 compares our method with two
baselines, Text Slider and Kontinuous Kontext + Senorita.
Both baselines tend to make only minimal edits, which
helps preserve subject identity and background appearance,
but limits their ability to produce noticeable and control-
lable changes. Figure 14 further highlights a limitation of
Kontinuous Kontext + Senorita: since it performs editing
based only on the first frame, it can fail when the target ob-
ject or region to be edited is absent in that frame. This lim-
itation then propagates to the entire video, leading to weak
or unsuccessful edits.

B. Details of slider-based I2I-I2V and text-
based V2V

We first generate a base video from our underlying video
generation model using the same prompt and same ran-
dom seed. For the slider-based I2I baseline, we use Kon-
tinuous Kontext [28], a slider-based image editing pipeline.
Given an editing instruction, Kontinuous Kontext produces
the corresponding edited image at different strength levels.
We use the first frame of the generated video as the im-
age to be edited. After obtaining the edited first frames, we
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Figure 13. Comparison with Text Slider and Kontinuous Kontext + Senorita. Both baselines tend to make only minimal edits, which better
preserves identity and background but limits edit strength and controllability.
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Figure 14. Failure case of Kontinuous Kontext + Senorita. Because the method edits only based on the first frame, it struggles when the
target object or region is absent initially, causing the failure to propagate through the full video.

apply a first-frame propagation-based video editing model,
Senorita [48]. Given the edited first frame and the original
video, Senorita propagates the first-frame edit to the entire
video, producing the final edited videos.

For the text-based V2V baseline, we use UniVideo [40],
a text-driven video-to-video editing model. Given the orig-
inal video and an editing instruction, we construct a set of
modified editing instructions that explicitly encode different
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Table 7. Concepts and Attributes for Evaluations

Concepts Attributes

aurora brighter, dimmer, larger, more purple, smaller
bubble more likely to burst quickly, denser, larger, smaller,

sparser
campfire bluer, brighter, larger, smaller, warmer
confetti more chaotic, more color-saturated, denser, sparser,

more stable
explosion brighter, dimmer, larger, smaller, more smoky
ink more diluted, greener, redder, more spread out, thicker
person more curly hair, happier, heavier, older, from walk to

run
smoke calmer, darker, thicker, thinner, more turbulent
snowflake brighter, denser, larger particle, smaller particle,

sparser
spark brighter, more chaotic, denser, sparser, more stable
water splash more chaotic, less droplet, more droplet, more stable,

higher viscosity
speed higher motion magnitude, lower motion magnitude

edit strengths (e.g., slightly → moderately → much → ex-
tremely). For example, if the original instruction is “make
the campfire redder,” the corresponding scale-specific in-
structions are:

• “make the campfire slightly redder”
• “make the campfire moderately redder”
• “make the campfire much redder”
• “make the campfire extremely redder”

We use these prompts as inputs to UniVideo and perform
each edit independently.

C. Dataset Details

C.1. Training Dataset

Table 7 summarizes the concepts and attributes used in our
evaluation. For each concept, we construct a small in-
ternal text–video paired dataset containing a few hundred
training samples with minimal supervision. We first use
keyword-based filtering to select text–video pairs whose
text descriptions explicitly mention the target concept, fol-
lowed by light manual cleaning and deduplication. This
produces training pairs where the target concept is named in
the prompt and usually visually centered in the correspond-
ing video. For example, for the campfire concept, one train-
ing sample uses the text prompt: “A campfire in an aban-
doned city street at night, with urban ruins surrounding it.”

For the speed concept, we additionally curate a few hun-
dred green-screen training videos. The motivation for using
the green-screen videos is to reduce background noise and
focus the supervision more directly on foreground motion
changes. Although these green-screen videos are used dur-
ing training, empirically we found the learned model gener-
alizes well to natural scenes at inference time.

C.2. Test Time Settings
At test time, for each concept–attribute pair shown in Ta-
ble 7, we construct 16 base prompts that are not included
in the training set. Each prompt explicitly contains the tar-
get concept. For each prompt, we generate two base videos
using different random seeds. For every concept–attribute–
prompt–seed combination, we then generate edited videos
at scales 1–4, where scale 0 corresponds to the original
video. This evaluation protocol enables us to assess con-
trollable editing across diverse concepts, prompts, random
seeds, and edit strengths.

D. Effect of Posterior Refinement
We further study the effect of posterior refinement during
training. Intuitively, during reverse diffusion, the model’s
one-step prediction at high-noise timesteps can deviate from
the desired posterior trajectory, often leading to blurry struc-
tures, weakened details, or distorted content in the recon-
structed result. Such noisy and overly smoothed predictions
are also likely to be out of distribution for downstream un-
derstanding models, which are typically trained on cleaner
and more natural visual inputs. As a result, when these
predicted clean videos are further processed by understand-
ing models such as InternVideo2 [39] or DINOv2 [27], the
extracted features and resulting supervision signals can be-
come less reliable and more noisy.

Fig. 15 shows qualitative comparisons at several noisy
timesteps during training. The second column shows the
ground-truth video frames used during training. The third
column shows the one-step prediction of the clean video
from noisy latents at different timesteps. The fourth col-
umn shows the corresponding predicted clean video after
applying posterior refinement.

Without posterior refinement, the decoded intermedi-
ate samples tend to be over-smoothed and less structurally
faithful, especially for fine-grained appearance details such
as flame boundaries, high-frequency textures, and local
shape variations. In contrast, with posterior refinement,
the intermediate predictions remain noticeably closer to the
ground-truth video, yielding sharper flame structures, better
local contrast, and more stable spatial layouts. This leads to
more meaningful feedback from the understanding models
and helps stabilize the gradients during training.

E. Lucas–Kanade Optical Flow on DINOv2
Patch Features

For dynamic attributes, the main paper defines the motion
objective through a flow extractor m(·) operating in an un-
derstanding space. In our implementation, m(·) is instan-
tiated as Lucas–Kanade optical flow computed on DINOv2
patch features rather than on RGB pixels. This design fol-
lows the motion-magnitude scaling formulation in the main
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Figure 15. Qualitative comparisons at several noisy timesteps during training, the second column shows ground truth video during training,
the third column shows the ons-step prediction of clean video from noisy latent at different noisy timsteps, the fourth column shows the
predicted clean video with posterior refinement.

paper.
Given a predicted video x̂ref

0 (∆), we first sample a fixed
set of keyframes and resize each frame to 224× 224 before
feeding them into a frozen DINOv2 encoder D. For each
frame, we extract the normalized patch tokens,

D
(
x̂ref
0 (∆)

)
∈ RK×N×D,

where K is the number of sampled frames, N is the number
of spatial patches, and D is the patch-feature dimension.
We then reshape the patch tokens into a spatial grid of size
Hp ×Wp with HpWp = N .

We define m
(
x̂ref
0 (∆)

)
as the patch-level flow field es-

timated from these DINOv2 features using a multi-channel
Lucas–Kanade formulation. For two consecutive frames,
let ft(i, j) ∈ RD denote the DINOv2 feature vector at patch
location (i, j). We compute spatial gradients by central dif-
ferences and temporal gradients by frame differences:

Ix =
ft(i, j + 1)− ft(i, j − 1)

2
,

Iy =
ft(i+ 1, j)− ft(i− 1, j)

2
,

It = ft+1(i, j)− ft(i, j).

Under the Lucas–Kanade assumption, the local flow (u, v)
is obtained by solving a least-squares system jointly over
all feature channels. In practice, we first form the structure-
tensor terms

Ixx =
∑
d

I(d)x I(d)x ,

Iyy =
∑
d

I(d)y I(d)y ,

Ixy =
∑
d

I(d)x I(d)y ,

Ixt =
∑
d

I(d)x I
(d)
t , Iyt =

∑
d

I(d)y I
(d)
t ,

average them within a local spatial window, and then solve
the resulting 2×2 linear system independently at each patch
location. This produces a patch-level flow field

m
(
x̂ref
0 (∆)

)
∈ R(K−1)×N×2.

Our implementation uses replicate padding for boundary
handling, central differences for spatial gradients, a small
square averaging window for local coherence, and Cramer’s
rule to solve the 2× 2 system.
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To enforce motion magnitude scaling, we follow the
stop-gradient design in the main paper and construct the tar-
get flow by scaling a detached reference flow:

mref = γ ·
[
m
(
x̂ref
0 (∆)

)
.sg()

]
,

where γ is the motion scaling factor. The dynamic loss is
then

Ldyn =
∥∥∥m(

x̂ref
0 (∆)

)
− γ ·

[
m
(
x̂ref
0 (∆)

)
.sg()

]∥∥∥2
2
.

In implementation, the detached branch is computed with-
out gradient, while the flow extracted from the current pre-
diction remains differentiable with respect to the generated
video frames.

F. Implementation Details on Wan 2.1
We use Wan 2.1 T2V 1.3B [37] as the base video gener-
ation model. Consistent with the formulation in the main
paper, TokenDial is implemented by injecting additive to-
ken offsets into intermediate video patch tokens of the pre-
trained video DiT. On Wan 2.1, we realize this interven-
tion inside each DiT block by adding the learned offset to
the self-attention residual branch. Concretely, after the hid-
den tokens are normalized and modulated by the timestep-
conditioned adaptive parameters, they are passed through
the self-attention layer; the predicted token offset is then
added to the self-attention output before the gated residual
update. The subsequent cross-attention and feed-forward
branches are kept unchanged.

Our choice of the self-attention residual branch is mo-
tivated by both architectural considerations and empirical
ablations. We experimented with injecting the token offset
at several alternative locations, including before and after
the modulation layers, in the cross-attention branch, and af-
ter each full DiT block. Among these choices, injecting
into the self-attention residual branch consistently provided
the best trade-off between editability and preservation. In
particular, this location better preserves the original video
structure while still enabling meaningful attribute-level ed-
its. Intuitively, the self-attention branch primarily operates
on the model’s latent visual tokens and thus offers a natural
intervention point for modifying internal visual semantics
without excessively disturbing the text-conditioning path-
way or the overall block computation. By contrast, injecting
into cross-attention or after the full block tends to produce
less stable edits or weaker structural preservation.

This implementation preserves the core design of our
method, namely, learning attribute-specific additive offsets
in the intermediate token space rather than modifying back-
bone weights, while adapting it to the architectural structure
of Wan 2.1.
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G. VLM Prompt for Slider Evaluation

We use the following prompt template for VLM-based slider evaluation.

You are a meticulous video editing quality evaluator.

Your task is to assess a VIDEO EDIT SLIDER by analyzing 5 images sampled from the SAME timestamp,
corresponding to 5 increasing slider scales.

Scale definition:
- Scale 1: Original video frame (before editing)
- Scale 2-5: Edited frames with progressively stronger edit strength

Concept: "{concept}"
Target attribute direction: "{attribute}"
Goal: Make the concept become more "{attribute}" progressively from Scale 2 to Scale 5.

Instructions:
Analyze the 5-scale sequence as a whole and evaluate how well the editing slider satisfies the editing

goal while preserving visual consistency.
- All 5 images depict the SAME moment in time.
- The main subject identity and background should remain the SAME across all scales despite the edit.
- Stronger edits NEVER justify replacing the subject or changing the background.

Score the ENTIRE 5-scale sequence on 4 criteria, each integer in [0,5] where higher is better.
Provide a short justification for each score.

You will evaluate the slider across FOUR criteria.
For each criterion, provide a score from 0 (worst) to 5 (best) and a brief justification.

1. Prompt Following (Score: 0-5)
Question:
Does the slider edit direction correctly and consistently make the SAME "{concept}"
appear more "{attribute}" from Scale 2 to Scale 5?

Scoring Guide:
- 5: The edit perfectly follows the prompt, with Scale 5 being the strongest and most aligned.
- 4: The edit mostly follows the prompt with minor weaknesses.
- 3: The edit partially follows the prompt but is ambiguous or inconsistent.
- 2: The edit weakly reflects the prompt.
- 1: The edit barely relates to the prompt.
- 0: The prompt is ignored or contradicted.

2. Identity Preserving (Score: 0-5)
Question:
Does the main subject remain the SAME identity and category across all scales?

If the subject is replaced, changes category, or becomes a different person/object at ANY scale,
this is considered a severe violation and will be heavily penalized.

Scoring Guide:
- 5: Identity is perfectly preserved across all scales.
- 4: Very minor visual changes but clearly the same subject.
- 3: Noticeable drift, but identity is still mostly recognizable.
- 2: Major identity inconsistency or partial replacement.
- 1: Severe identity change.
- 0: The subject is completely replaced or unrecognizable.

3. Background Consistency (Score: 0-5)
Question:
Have the regions that should NOT be edited (background, scene layout, camera viewpoint)
remained stable across all scales?

Scoring Guide:
- 5: Background is perfectly preserved and stable.
- 4: Minor, subtle background changes.
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- 3: Noticeable but non-catastrophic background drift.
- 2: Significant background changes or redraw.
- 1: Severe background inconsistency.
- 0: Background is completely altered.

4. Progressive Intensity (Score: 0-5)
Question:
Does the edit strength increase monotonically and smoothly from Scale 1 to Scale 5?

Scoring Guide:
- 5: Smooth, monotonic increase with clear ordering from weak to strong.
- 4: Mostly monotonic with minor irregularities.
- 3: Inconsistent progression.
- 2: Weak or unclear progression.
- 1: Reversed or chaotic progression.
- 0: No meaningful progression.

Return STRICT JSON ONLY (no markdown) with this schema:
{

"prompt_following": {"score": <int 0-5>, "reason": <string>},
"id_preserving": {"score": <int 0-5>, "reason": <string>},
"background_consistency": {"score": <int 0-5>, "reason": <string>},
"progressive_intensity": {"score": <int 0-5>, "reason": <string>}

}

H. More Results
More results for appearance sliders and motion sliders can be found in the attached video presentation, and the index.html
file inside the project page folder.
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Figure 16. Additional results for appearance slider.
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apply	”campfire	bluer”	slider
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Figure 17. Additional results for appearance slider.
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Figure 18. Additional results for appearance slider.

apply	”snowflake	denser”	slider
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Figure 19. Additional results for appearance slider.
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