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Abstract

Text-to-video diffusion models have shown remarkable progress in generating co-
herent video clips from textual descriptions. However, the interplay between motion,
structure, and identity representations in these models remains under-explored. Here, we
investigate how self-attention query (Q) features simultaneously govern motion, struc-
ture, and identity and examine the challenges arising when these representations interact.
Our analysis reveals that Q affects not only layout, but that during denoising Q also has a
strong effect on subject identity, making it hard to transfer motion without the side-effect
of transferring identity. Understanding this dual role enabled us to control query feature
injection (Q-injection) and demonstrate two applications: (1) a zero-shot motion transfer
method – implemented with VideoCrafter2 and WAN 2.1 – that is 10× more efficient
than existing approaches, and (2) a technique for consistent multi-shot video genera-
tion, where characters maintain identity across multiple video shots while Q-injection
enhances motion fidelity. Project page: research.nvidia.com/labs/par/MotionByQueries/

1 Introduction
Video generation from text is at the forefront of generative AI. Despite progress in controlling
entities in video, several major challenges remain, including generating natural, engaging
motion and preserving consistent identity of entities throughout the video. These two goals
often form a trade-off: It is easy to preserve consistency if motion is strongly limited, and
making entities move makes it harder to enforce consistency, as the appearance of an entity
changes. A major challenge lies in understanding how motion and identity are represented
in various components of video generation models and how to effectively control them.

This limited understanding hinders downstream applications in video generation. For
instance, while many current motion transfer approaches [34, 52, 58, 63] rely on tuning or
test-time optimization, there is growing interest in developing inference-time methods, simi-
lar to how text-to-image layout transfer already operates through feature manipulation [1, 7].
Better model understanding could lead to further progress in this direction. As another ex-
ample, consider consistent characters in multi-shot video generation, where the goal is to
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preserve consistency of character identity and appearance across shots. Image-based mod-
els tackle this through feature-sharing, but applying the same ideas to video leads to loss of
motion because the shared features encode both identity and motion.

Target video (same class)

   👍 Motion and structure 👍 Different identity

   👍 Motion and structure 👎 Identity leakage 

Source video

Target video (different class)

Transferring 
Queries

Figure 1: (click-to-view-online) Our analysis reveals differences in Q-injection between
text-to-video and text-to-image models. One key observation is that in text-to-video models,
zero-shot Q-injection can transfer structure and motion between different video shots. How-
ever, when a target video is prompted for the same subject, Q-injection suffers from identity
leak.

To understand representation of motion and identity in a video model, let us first draw
analogies from text-to-image (T2I) models which are better understood. Motion can be
viewed as a "3D-shape" in the 3D tensor defined by a sequence of frames, so it is natu-
ral to look at representation of shape and structure in image generation models. Previous
works showed that diffusion-based T2I models establish the layout of the generated image
in early steps [39]. Several studies [1, 7, 49] analyzed how different model components de-
termine this structure. They showed that self-attention queries (Q) encode structural layout
information, and injecting queries between images during generation “copies" shape while
preserving appearance. As motion is the video equivalent of structure, we investigate the
relationship between query vectors, motion, and identity in video generation.

We conduct an empirical analysis, and observe that in contrast to image models, Q in
video-generation models affects both motion and identity. Moreover, videos require more
denoising steps than images to capture motion patterns. We use this insight to control motion
in two different applications: motion transfer and consistent multi-shot video generation.

For motion transfer, we find that injecting Q features from a source video during denois-
ing of a generated video allows transferring motion to a new video in a zero-shot manner
(without extra fine-tuning or optimization). Our simple pipeline achieves generation quality
close to leading methods, while being 10× more efficient than existing approaches.

For consistent multi-shot video generation, we build on insights from multi-shot image
generation [49] relying on shot-to-shot extended attention. We find that Q-injection from
unconstrained video generation can preserve layout and motion diversity. However, unlike
images, video generation requires more Q-injection steps, causing identity leak from the un-
constrained source video and compromising shot-to-shot consistency. We address this with
a two-phase approach: Q-Preservation maintains motion structure using Q values from un-
constrained generation, while Q-Flow instead preserves feature flow maps, avoiding leaked
identity in later steps.

Our main contributions: 1) We provide a systematic analysis of Q-features in text-to-
video diffusion models, revealing their dual role in encoding both motion and identity infor-
mation, with effects persisting longer into the denoising process. 2) We introduce “Motion
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by Queries”, an efficient approach that enables zero-shot motion transfer in both UNeT and
Diffusion-Transformer architectures. 3) We present a training-free method for consistent
multi-shot video generation that balances character consistency and motion quality.

2 Related work
Motion Transfer in Video Generation: Motion transfer guides video generation using
source video motion patterns, spanning camera movements and object deformations while
maintaining structural integrity. Common approaches involve model adaptation (fine-tuning
temporal attention [27, 43], LoRAs [63], motion embeddings [52]) or test-time optimiza-
tion [58]. Concurrent noise-warped methods [6, 34] require weeks of training on 8/64 GPUs
to inject motion via warped noise, and are out of the scope of our zero-shot setup. In contrast,
our method enables zero-shot motion transfer via query injection without extra training or
optimization. In [32], a zero-shot approach is also employed using temporal attention maps,
but incurs ×12 denoising overhead. Our work analyzes motion in a broader context through
spatial Q features, providing principles applicable across video generation tasks and models.

Source

Figure 2: Same-class motion transfer suffers from identity leak (purple), worsening with
increased Q-injection. Cross-class transfer (green) achieves reasonable separation at 40%
injection, where motion quality is also preserved. The leftmost purple data point shows
results for random same-class images (no injection). Quantitative results use motion-transfer
data from [52]. For Illustration we use frames from the videos in Fig. 1.

Video Editing: Video editing modifies specific video attributes while preserving oth-
ers, rather than replicating motion patterns. Bai et al. [4] also use feature injection for
edit and do not address our broader Q-injection context. Zhao et al. [64] combine Con-
trolNet and CLIP. Image-based methods [13, 35, 41, 46, 55] struggle with coherence, as
they lack a temporal model. Structure and Appearance in Text-to-Image Models: Early
work in text-to-image showed that Keys and Queries guide structure (“Where"), while Val-
ues set appearance (“What") Tewel et al. [48]. Further studies established that the layout
is set early in denoising [39], and self-attention queries encode structural layout [1, 49].
We extend these findings to video, showing queries play a more complex role than previ-
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Source

Figure 3: Motion is
compromised with
extended attention
across video-shots.
To recover the
motion, longer Q-
injection periods are
required, which con-
sequently increases
identity leak.

ously understood - affecting both motion and identity. Additionally, we find that capturing
motion patterns in videos requires more denoising steps compared to images, highlight-
ing fundamental differences between these domains. Extended Attention Sharing: When
using text-to-image models to generate [9, 29, 55] or modify a video [21], an extended
self-attention block [55] is often employed to share keys and values across different frames,
enabling them to draw visual appearances from each other and enhance consistency. Beyond
cross-frame consistency, it has been used to inject consistent identities from a source image
to video [10, 24, 50, 57], maintain appearance in layout editing [3, 7], combine appear-
ances [1], for personalization [20, 61] and style transfer [23]. Consistent generation aims
to maintain consistent subjects across outputs from a generative model, and has mainly stud-
ied in text-to-image tasks. A common approach is to use personalization [18, 44] to promote
consistency, either through inpainting with a personalized model [26], personalized LoRA
models [45], or training LoRAs for large, semi-consistent clusters [2]. Alternatively, en-
coders can inject identity at inference [19, 54, 59], but require large pre-training and struggle
with new domains. Storyboard-based methods [16, 33], and video personalization methods
[28, 56, 60, 62] face similar limits. Recent work [15, 49] achieves character consistency
without personalization or tuning, using feature sharing across images.

3 Analysis: Query features in text-to-video generation
To study the role of Q-features in text-to-video (T2V) models, we design an injection exper-
iment. The idea is simple: we take a source video VS with a known text description τS, and
generate a target video VT using a prompt τT . We then record Q features from VS, inject them
into the generation of VT , and analyze the effect of that injection. We base our main analysis
on VideoCrafter2 [11] model, and later test Q-injection in other architectures for generality.

More specifically, given the video VS, we add noise at a level corresponding to a noisy
step t, yielding a noisy latent zt . We then perform a single DDPM denoising step (with a 50-
step schedule) and record the Q features from all spatial self-attention layers of the diffusion
model. This is repeated 20 times for various noise levels, resulting in a sequence of 20 Q
tensors (QS(50),QS(49), ...,QS(30), corresponding to DDPM steps t = 1000,980, ...,600).
Finally, we generate a new video VT with prompt τT , while injecting QS(t) tensors at the first
k DDPM denoising steps. We vary the amount of steps receiving Q-injection: From none
(0%) up to 40% of DDPM steps.

To understand the effect of Q-injection, we measure similarity between source and target
videos in two aspects: Identity Leakage and Motion Fidelity. Identity Leakage measures
mean DINO similarity between the frames of source VS and target VT videos. Motion Fidelity
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Figure 4: (click-to-view-online) Qualitative Results, Motion Transfer (VideoCrafter2).
Each pair of rows are frames from source (pair-top) real video and target (pair-bottom) gen-
erated video. Transferring Motion by Queries allows to use source videos to inject camera
motion (top), non-rigid movement (middle), and combinations of movements (bottom). See
the supplemental for videos and more examples.

[58] measures cross-correlation between point tracks in source and target videos:
1
m ∑

p̃∈P̃
max
p∈P

corr(p, p̃)+
1
n ∑

p∈P
max
p̃∈P̃

corr(p, p̃)

where P = {p1, . . . , pn}, P̃ = { p̃1, . . . , p̃m} are point tracks in source and target videos.
Error bars: are standard-error-of-the-mean (S.E.M) to show the significance of our findings.

Fig. 2 shows our results. We consider two Q-injection setups: one where the source and
target prompts share the same subject (purple), and one where they differ (green). We high-
light three key differences in how Q-injection behaves in T2V models versus T2I models.

First, Fig. 2 (bottom-left), shows that Motion Fidelity increases with Q-injection dura-
tion, reaching high similarity at 40% injection. We find that, unlike images–where structure
is established early in the denoising process–videos require significantly more steps to set
the motion structure. Second, more surprising is the top-left panel. It reveals that identity
similarity also increases with the duration of injecting Q. This suggests that video genera-
tion models also encode identity information into the Q vectors–an intriguing shift from its
traditionally assumed role in T2I models. Third, we observe an interesting phenomenon:
when τS and τT use the same subject, the target video often features a subject with an ap-
pearance identical to that of the source video while maintaining the background specified in
τT . This identity “leakage” is significantly less pronounced when τT and τS feature different
subjects. Qualitatively, in Fig. 2 (right), we present a source video of “A horse galloping in
the savanna" with a distinct white spot on its back. Notice that as the number of injection
steps increases, the target horse (purple) becomes more similar to the source horse while
preserving the cloud background specified in the prompt. On the other hand, when τT de-
scribes a giraffe, its shape and motion become more similar to those of the source horse, but
its appearance remains a giraffe. This suggests a clear distinction in Q-injection behavior: it
transfers appearance and motion when the subjects match, while for different subjects, the
transfer primarily affects motion characteristics.

Finally, we examine the effect of Q-injection when the target consists of multiple videos
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sharing generation features. Feature sharing within a batch is widely used in T2I generation,
aiding tasks like consistent character generation [49] and editing [7]. A common technique
is the extended attention mechanism, which modifies self-attention layers to attend across
elements of multiple videos in the same batch. Here, we explore the impact of Q-injection
when generating a batch of 3 videos at a time and using shared Extended Attention between
shots. In Fig. 2, we include the Extended Attention curve to visualize motion fidelity in
this scenario. Our results show that extended attention induces a "motion freeze" effect,
requiring Q to be injected for more steps to match the source video’s motion. Moreover,
since Q-injection in this setting needs more steps, it also introduces identity information,
making it difficult to disentangle motion from identity injection.
Generality Across Architectures. We extended our core Q-injection experiment of Fig. 1
to several T2V models: (1) WAN 2.1 [51], a SoTA DiT model; (2) T2V-Turbo-V2 [30], a
fast sampling model, using as few as 8 denoising steps; and (3) LTX-Video [22], a fast DiT
model. As in our main findings, Q-injection led to identity leak for same-subject prompts
and primarily transferred motion for different-subject prompts. We also verified that without
Q-injection, source and target prompts produced visually distinct outputs. Qualitative results
are provided in the supplemental and Fig. 8. See Appendix for implementation details.

4 Application 1: Motion transfer
Our first application is motion transfer. It allows creators to control motion in a fine way,
which cannot be achieved using text. In this problem we are given a video VS that contain
some pattern of movement, and we wish to generate a new video VT that follows the same
movement patterns. The movement can be of entities in the video, or the camera or both.

Our approach, called “Motion by Queries” follows the experiment described in section 2.
First, we extract a series of Q-features from VS, by denoising the model to various timesteps
(t = 1000,980, . . . ,600), obtaining [QS(50), . . . ,QS(30)]. Then, we inject those Q features
during the generation of the target video VT , this time with the new prompt τT (see Alg. 1).
For WAN 2.1, we extracted Q-features from a single low-noise timestep and injected them
into all higher-noise steps during target generation, inspired by [32]. See appendix for addi-
tional implementation details.

4.1 Experiments
We evaluate Motion by Queries qualitatively and quantitatively using a Motion-Transfer
benchmark [52], comprising 66 video prompts, guided by 22 source videos. Videos were
sourced from DAVIS [40], WebVID [5], and online resources, representing diverse scenes,
objects, and motion. For the base text-to-video model, we use VideoCrafter2 (VC2).

Baselines: We compare our approach with recent methods: (1) Diffusion Motion Trans-
fer (DMT), a test-time optimization approach [58], a (2) Motion-Inversion (MI) [52], a
fine-tuning method that learns motion-specific temporal embeddings from a source video,
and (3) MotionClone (MC) [32], a zero-shot approach where motion is guided by temporal
transformer self-attention maps extracted when U-Net processes source videos. MI∗, MC∗

indicate results we reproduced from their online code. Except for one case in the supple-
mental, all qualitative comparisons use videos from MI and DMT project pages. We also
adopt from [52] the quantitative results of Video Motion Customization (VMC) [27] and
Motion-Director (MD) [63], both are fine-tuning-based approaches.
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Source Ours Motion Inversion DMTMotion Clone

Two 
monkeys 
playing 

with 
coconuts

A boy 
walking in 

a field

A train 
riding on 

rails in 
autumn 

view

Figure 5: (click-to-
view-online) Quali-
tative Comparisons,
Motion Transfer.
Each column shows
keyframes from a dif-
ferent case. Boy and
train videos are com-
parable to baselines;
monkey shows a lower
motion magnitude
but preserves source
motion pattern.

Evaluation Metrics: We measure Motion Fidelity (M. Fidel.), the point track correlation
between generated and source videos, as described in Sec. 3; Temporal Flicker (T. Flick.)
which quantifies flickering artifacts, using mean absolute error between consecutive frames,
as in VBench [25]; Text Similarity (Text), the average CLIP-Text score between generated
frames and the textual prompt [42]; Temporal Consistency (Temp. C.) which measures video
coherence by averaging CLIP-Image similarity between consecutive frames [25]; Identity
Leak (Id. Leak) to quantify the similarity between source and target video frames, as de-
scribed in Sec. 3; Finally, Aesth., Smooth., and Bk Cons. which are VBench quality metrics
for visual appeal, temporal smoothness, and background consistency.

Additionally, we compare runtimes and overhead relative to each method’s base model.
We break the runtime to components: “Invers.” is for inversion or feature recording from
source video, “Optim.” for optimization or tuning, “Infer” for sampling a new video, “Sum”
is the total runtime, and “Overhead” is the ratio of “Sum” to inference in the base model.
Runtimes were measured on NVIDIA H100, when generating at a resolution of 576×320.

M. FIDEL. ↑ T. FLICK. ↑ TEXT ↑ TEMP. C. ↑ ID. LEAK ↓ AESTH. ↑ SMOOTH. ↑ BK CONS. ↑
DMT 78.8 - 28.8 93.6 - - - -
VMC 93.7 - 27.1 94.6 - - - -
MD 93.9 - 30.4 93.3 - - - -
MI 95.5 - 31.1 93.5 - - - -
MI∗ 97.0 ± 0.4 92.2 ± 0.4 29.2 ± 0.6 96.8 ± 0.2 43.7 ± 1.5 52.6 ± 1.2 95.6 ± 0.3 94.5 ± 0.3
MC∗ 95.0 ± 0.7 86.0 ± 0.6 29.9 ± 0.4 95.8 ± 0.3 24.2 ± 1.1 55.6 ± 0.9 93.5 ± 0.4 93.3 ± 0.4
OURS 91.6 ± 0.9 95.1 ± 0.3 28.8 ± 0.6 97.0 ± 0.2 38.6 ± 1.8 54.1 ± 1.3 97.3 ± 0.2 94.9 ± 0.4

Table 1: Quantitative Evaluation Metrics, Motion Transfer. Values are mean ± S.E.M.

Quantitative Results: Our approach demonstrates competitive results across various
metrics while remaining simple and optimization-free (Tables 1, 2). Specifically, our method
achieves lower (better) identity leak (38.6) than MI∗ (43.7), with text alignment (28.8) and
temporal consistency (97.0) comparable to baselines. While our motion fidelity (91.5) is
moderately lower than MI∗ (97.0), and identity leakage (38.6) is better than MI∗ (43.7), both
metrics remain within practical ranges as demonstrated by qualitative results, justifying our
10× efficiency gain. Compared to MC, our method attains higher identity leak (38.6 vs.
24.2, lower is better), while achieving improved temporal stability, as reflected in a higher
flickering score (95.1 vs. 86.0). In terms of efficiency, our method requires only ×1.2
overhead (70s) relative to the base model (VC2), and is more efficient than MC (×12, 104s),
MI (×23, 208s), and DMT (×45, 410s).
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TIME [SEC.] INVERS. OPTIM. INFER SUM OVERHEAD ↓
Z.SCOPE - - 9 9 -
DMT 260 150 410 ×45
MI 9 190 9 208 ×23
ANIMATEDIFF - - 9 9 -
MC 0.3 0 104 104 ×12
VC2 - - 58 58 -
OURS 12 0 58 70 ×1.2

Table 2: Runtime Comparison.
Existing methods are ×12-45
slower than their base model. Ours
adds merely ×1.2 overhead.

Figure 6: (click-to-view-online) Wan 2.1, Motion Transfer. Comparing source (top) to
generated (bottom) in each pair. See supplemental for videos and more examples.

Qualitative Results: In Figure 4 and supplemental, we show that Motion by Queries
guides videos generated by VC2 to follow the motion in source videos, capturing both cam-
era motion (top), and non-rigid object movement (bottom). Figure 5 compares our results
with MC, MI, and DMT: in the monkeys example, our method produces motion that resem-
bles the source video, albeit with slightly lower motion magnitude than the baselines. For
the boy and train examples, our results are comparable to those of MI and DMT. Supplemen-
tal comparisons further reveal cases where MC exhibits temporal instability and MI identity
leak, as seen in the quantitative results. They also provide examples illustrating custom
camera motion and hybrid object-camera motion. Figure 6 and supplemental present results
with the WAN 2.1 DiT model. Compared to VC2, WAN exhibits a stronger physical prior:
it tends to generate motion that is physically plausible and realistic, sometimes prioritizing
physical accuracy over exact pixel-level replication. This is noticeable in non-rigid motion
scenarios, such as the wall climbing example. We also find that WAN is more sensitive to
the choice of initial noise, resulting in greater variability in the generated outputs.

5 Application 2: Consistent multi-shot video generation
Generating long, coherent sequences remains difficult for text-to-video models, yet this abil-
ity is key for rich storytelling and creative video applications. A practical approach is to
generate several short video shots with the same characters, as in cinematic videos. The
main challenge is keeping character consistency across shots, since current models excel at
single clips but struggle with cross-shot generation.

Prior work [15, 49] tackled character consistency in text-to-image by sharing self-attention
features. However, as our analysis shows, video features encode both identity and motion,
making it challenging to apply these methods to video, where naive extended attention can
cause synchronized or diminished motion. To address this, we propose a method tailored for
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Algorithm 1 Q-Injection for Motion Transfer
Require: Source VS, prompts τS, τT ,

max injection step k
1: # Step 1: Extract Q-features
2: # Ql

S = queries from layer l of source
3: if WAN 2.1 then
4: Add noise to VS at step i = 45
5: Store queries {Ql

S} from layers 20-30
6: else if VideoCrafter2 then
7: for i = 0 to k−1 do
8: Add noise to VS at step i
9: Store {Ql

S(i)} from all spatial attn layers
10: # Step 2: Generate with Q-injection
11: Init random noise zT
12: # Q = target queries, QS = source queries
13: for i = 0 to k−1 do
14: Replace: Ql←Ql

S or Ql
S(i) # during denoise

15: for i = k to 49 do
16: Standard denoise with prompt τT
17: Output: VT with motion from VS

Algorithm 2 Q-Flow for Motion Fidelity
Require: For each shot:

Vanilla video VS w/o consistency,
target prompt τT , tpres = 750

1: Extract {Ql
S(t)} from VS (see Alg. 1)

2: # Q = target queries, QS = source queries
3: Init zT = zS # same noise used to generate VS
4: for each consistency denoising step i do
5: if ti ≥ tpres then # Q-Preserve
6: Replace: Ql ← Ql

S(ti) # during denoise
7: else # Q-Flow
8: for 5-frame seg. with edges fA, fB do
9: for frame f in segment do

10: # Find NN for Q tokens
11: iA = argmaxcos(Ql

S(ti, f ),Ql
S(ti, fA))

12: iB = argmaxcos(Ql
S(ti, f ),Ql

S(ti, fB))
13: # Interpolate using target Q
14: d1 = | f − fA|, d2 = | f − fB|
15: w = σ(d2/(d1 +d2))
16: Ql

f l( f ) = w ·Ql( fA)[iA]+

17: (1−w) ·Ql( fB)[iB]
18: α = 0.25+ ti/1000 # Blend
19: Replace: Ql ← αQl

f l +(1−α)Ql

20: Output: VT with preserved motion

consistent video generation, combining extended attention for consistency [49] with a two-
step Q-injection process. Early Q preservation sets motion structure, followed by flow-based
Q-injection that lets Q values evolve for better consistency while maintaining structure.

We build on ConsiStory [49] (Appendix, Sec. B.2) that applies extended attention within
a subject mask to share K, V self-attention features, but reduces layout variability. To restore
diversity, ConsiStory injects Q features from a vanilla, non-consistent sampling step. While
this works for images, injecting Q features from vanilla videos preserves motion diversity
but causes identity leak from those videos, breaking character consistency (Fig. 2).

Our two-stage solution—Q preservation followed by Q Flow—addresses this. In early
diffusion steps, which primarily control motion and layout, we inject the Q-features from
vanilla videos generated with the same prompts and noise but without extended attention.
Then, in the subsequent Q-Flow phase we apply a relaxed Q-injection that preserves the
flow of Q-features rather than injecting the features directly. This technique is inspired by
TokenFlow [21]. Specifically, for each vanilla video, we first compute the nearest-neighbor
correspondence field on its Q-features, defining a Q-feature flow to maintain in the gen-
erated consistent video. We then inject this correspondence into our generated video (see
Algorithm 2 and Appendix B.11 for details).

5.1 Experiments
We investigated the effects of self-attention query (Q) tokens on motion and identity for con-
sistent video generation described above. Further extensive evaluations, including baselines,
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Figure 7: (click-to-view-online) Q token strategies for consistent video (section 5.1).
“Ours" (top) balances identity and motion. VC2 (second) offers diverse motion but lacks
consistency. “Full Q Preservation" (third) keeps motion, but loses identity since it leaks
from VC2. “No Q Intervention" (bottom) keeps identity, degrades motion. Right boxes:
temporal cross-sections (y-t slices) along the yellow line, illustrating motion preservation.

user studies, and ablations, are in Appendix B. Fig. 7 shows typical generations for different
Q token strategies when combined with extended self-attention.

Without Q intervention (Fig. 7, 4th row), subject identity is preserved across shots, but
motion quality drops: (1) movements become synchronized, e.g., the dog’s head turning
simultaneously in all shots. (2) motion style and pose vary less: repeatition across shots,
e.g., the dog’s leap, the Muppet’s centered swaying, the camera movement becomes static in
the skating Muppet shot. (3) motion-artifacts, to reconcile motion sharing with the varying
text prompts, e.g., the skating Muppet’s body appears frozen while its legs are displaced. In
contrast, Injecting Q tokens from vanilla videos (3rd row) restores motion but loses subject
identity, e.g. the Muppet’s colors revert to those of the vanilla model. This reiterate the dual
role of Q tokens: injecting vanilla Qs restores motion, but leaks the vanilla non-consistent
identities into the multi-shot mechanism. Our approach (1st row) balances both, restoring the
original motion, including nuanced details like body and face orientations, postures, specific
body parts , as well as parallax camera movement.

6 Conclusion and Limitations
Our findings show that, unlike in text-to-image models, Q-injection in video models affects
both motion and identity, requiring more denoising steps to establish motion patterns. This
challenges the classic separation of "where" and "what" pathways [1, 39, 48], revealing a
more complex interplay in video models. These insights led to two applications: zero-shot
motion transfer and training-free consistent multi-shot video generation. Our method has
limits: motion fidelity can drop with fast movements, and cross-class transfer may cause
shape leakage from both subject and background, especially when source and target share
similar scene descriptions (See Fig. 9 in Appendix). In multi-shot generation, balancing
identity and motion remains hard—Q-injection can still hurt identity, and partial dropout
may be needed to preserve motion (section B.13).
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