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" “4 ballet dancer twirls on the surface 07;1 still lake at sunset”

“An acrobat executing a handstand on a narrow beam above water”

“Fingers press into a shimmering slime ball”

Figure 1. Text-to-video samples generated by VideoJAM. We present VideoJAM, a framework that explicitly instills a strong motion
prior to any video generation model. Our framework significantly enhances motion coherence across a wide variety of motion types.

Abstract

Despite tremendous recent progress, generative
video models still struggle to capture real-world
motion, dynamics, and physics. We show that
this limitation arises from the conventional pixel
reconstruction objective, which biases models to-
ward appearance fidelity at the expense of motion
coherence. To address this, we introduce Video-
JAM, a novel framework that instills an effective
motion prior to video generators, by encourag-
ing the model to learn a joint appearance-motion
representation. VideoJAM is composed of two
complementary units. During training, we extend
the objective to predict both the generated pix-
els and their corresponding motion from a single
learned representation. During inference, we in-
troduce Inner-Guidance, a mechanism that steers
the generation toward coherent motion by lever-
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aging the model’s own evolving motion predic-
tion as a dynamic guidance signal. Notably, our
framework can be applied to any video model
with minimal adaptations, requiring no modifica-
tions to the training data or scaling of the model.
VideoJAM achieves state-of-the-art performance
in motion coherence, surpassing highly competi-
tive proprietary models while also enhancing the
perceived visual quality of the generations. These
findings emphasize that appearance and motion
can be complementary and, when effectively in-
tegrated, enhance both the visual quality and the
coherence of video generation.

1. Introduction

Recent advances in video generation showcased remark-
able progress in producing high-quality clips (Brooks et al.,
2024; KlingAl, 2024; Polyak et al., 2024). Yet, despite con-
tinuous improvements in the visual quality of the generated
videos, these models often fail to accurately portray mo-
tion, physics, and dynamic interactions (Kang et al., 2024;
Brooks et al., 2024) (Fig. 2). When tasked with generat-
ing challenging motions like gymnastic elements (e.g., a
cartwheel in Fig. 2(b)), the generations often display severe
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(a) Basic motion (b) Complex Motion

D |

“Jogger s feet run along a rocky coast”

A man pe}jﬁ)}"ming a cartwheel”

(d) Rotational motion

“A hand holding a yellow spinner”

(c) Physics

“4A woman enjoying hula hooping”

Figure 2. Motion incoherence in video generation. Examples of incoherent generations by DiT-30B (Peebles & Xie, 2023). The model
struggles with (a) basic motion, e.g., jogging (stepping on the same leg repeatedly); (b) complex motion e.g., gymnastics; (c) physics, e.g.,
object dynamics (the hoop passes through the woman); and (d) rotational motion, failing to replicate simple repetitive patterns.

deformations, such as the appearance of additional limbs. In
other cases, the generations exhibit behavior that contradicts
fundamental physics, such as objects passing through other
solid objects (e.g., a hula hoop passing through a woman
in Fig. 2(c)). Another example is rotational motion, where
models struggle to replicate a simple repetitive pattern of
movement (e.g., a spinner in Fig. 2(d)). Interestingly, these
issues are prominent even for basic motion types that are
well-represented in the model’s training data (e.g., jogging
in Fig. 2(a)), suggesting that data and scale may not be the
sole factors responsible for temporal issues in video models.

In this work, we aim to provide insights into why video
models struggle with temporal coherence and introduce a
generic solution that achieves state-of-the-art motion gen-
eration results. First, we find that the gap between pixel
quality and motion modeling can be largely attributed to the
common training objective. Through qualitative and quanti-
tative experiments (see Sec. 3), we show that the pixel-based
objective is nearly invariant to temporal perturbations in
generation steps that are critical to determining motion.

Motivated by these insights, we propose VideoJAM, a novel
framework that equips video models with an explicit motion
prior by teaching them a Joint Appearance-Motion repre-
sentation. This is achieved through two complementary
modifications: during training, we amend the objective to
predict motion in addition to appearance, and during infer-
ence, we propose a guidance mechanism to leverage the
learned motion prior for temporally coherent generations.

Specifically, during the VideoJAM training, we pair the
videos with their corresponding motion representations and
modify the network to predict both signals (appearance and
motion). To accommodate this dual format, we only add
two linear layers to the architecture (see Fig. 4). The first,
located at the input to the model, combines the two signals
into a single representation. The second, at the model’s
output, extracts a motion prediction from the learned joint
representation. The objective function is then modified to
predict the joint appearance-motion distribution, encourag-
ing the model to rely on the added motion signal.

At inference, our primary objective is video generation, with
the predicted motion serving as an auxiliary signal. To guide
the generation to effectively incorporate the learned motion

prior, we introduce Inner-Guidance, a novel inference-time
guidance mechanism. Unlike existing approaches (Ho &
Salimans, 2022; Brooks et al., 2023), which depend on
fixed external signals, Inner-Guidance leverages the model’s
own evolving motion prediction as a dynamic guidance
signal. This setting requires addressing unique challenges:
the motion signal is inherently dependent on the other con-
ditions and the model weights, making the assumptions
of prior works invalid and requiring a new formulation
(Sec. 2, App. A). Our mechanism directly modifies the
model’s sampling distribution to steer the generation toward
the joint appearance-motion distribution and away from the
appearance-only prediction, allowing the model to refine its
own outputs throughout the generation process.

Through extensive experiments, we demonstrate that ap-
plying VideoJAM to pre-trained video models significantly
enhances motion coherence across various model sizes and
diverse motion types. Furthermore, VideoJAM establishes
a new state-of-the-art in motion modeling, surpassing even
highly competitive proprietary models. These advances are
achieved without the need for any modifications to the data
or model scaling. With an intuitive design requiring only the
addition of two linear layers, VideoJAM is both generic and
easily adaptable to any video model. Interestingly, Video-
JAM also improves the perceived quality of the generations,
even though we do not explicitly target pixel quality. These
findings underscore that appearance and motion are not
mutually exclusive but rather inherently complementary.

2. Related Work

Diffusion models (Ho et al., 2020) revolutionized visual con-
tent generation. Beginning with image generation (Dhariwal
& Nichol, 2021; Rombach et al., 2022; Ho et al., 2022a;
Black Forest Labs, 2024; Dai et al., 2023; OpenAl, 2024),
editing and personalization (Gal et al., 2022; Ruiz et al.,
2023; Chefer et al., 2024b;a), and more recently video gen-
eration. The first efforts to employ diffusion models for
videos relied on model cascades (Ho et al., 2022b; Singer
et al., 2023) or direct “inflation” of image models using tem-
poral layers (Guo et al., 2023; BarTal et al., 2024; Wu et al.,
2023). Other works focused on adding an auto-encoder
for efficiency (Blattmann et al., 2023b; An et al., 2023;
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Wang et al., 2023), or conditioning the generation on im-
ages (Blattmann et al., 2023a; Girdhar et al., 2024; Hong
et al., 2022). Recently, the UNet backbone was replaced
by a Transformer (Polyak et al., 2024; Brooks et al., 2024;
Genmo, 2024; HaCohen et al., 2024), mostly following
Diffusion Transformers (DiTs) (Peebles & Xie, 2023).

To control the generated content, Dhariwal & Nichol (2021)

introducedClassi er Guidance where classi er gradients

guide the generation toward a speci c class. Ho & Salimans

(2022) proposeflassi er-Free Guidance (CFG)eplac-

ing classi ers with text. Similar to Inner-Guidance, CFG

modi es the Samp”ng distribution. However, CFG does notFigUre 3.Motivation EXperiment. We compare the model's loss
address noisy conditions or multiple conditions. ClosespPefore and after randomly permuting the video frames, using a

to our work, Liu et al. (2022), handle multiple conditions “vanilla” DiT (orange) and our ne-tuned model (blue). The origi-
’ ' " nal model imnearly invariantto temporal perturbations for  60.

C1;:::;Cy, USing a compositional score estimate,
prediction with the original video, the noise, or a combi-
D (Xjcy: i G) = P (X;C15:i:;Cn) nation of the two (Ho et al., 2020; Lipman et al., 2023)
R p (Cc;iiiicn) (Sec. 4.1). We hypothesize that this formulation biases the
' model towards appearance-based features, such as color and
[ p(X;cy;iiiicn)=p (X) p (Gjx): texture, as these dominate pixel-wise differences. Conse-
i=1 quently, the model is less inclined to attend to temporal

information, such as dynamics or physics, which contribute
less to the objective. To demonstrate this claim, we per-
form experiments to evaluate the sensitivity of the model
éo temporal incoherence. The following experiments are
conducted on DiT-4B (Peebles & Xie, 2023) for ef ciency.

where denotes the model weights apds the sampling
distribution. The above assumes tlat: ::;c, are inde-
pendent of each other and which does not hold in our
case, since the motion is directly predicted by the model an
thus inherently depends orand the conditions. Similarly,
Brooks et al. (2023) assume independence between the caiWe conduct an experiment where two variants of videos are
ditions and model weights, which is, again, incorrectin noised and fed to the model— rst, the plain video without
our setting. See App. A for further discussion. intervention, and second, the video after applyingradom

. . . permutationto its frames. Assuming the model captures
The gap between pixel quality and temporal coherence is ?}em oral information, we anticipate that the temporally in-
prominent issue (Ruan et al., 2024; Brooks et al., 2024; Liu P ' b P y

et al., 2024b: Kang et al., 2024). Previous works exploretherem (perturbed) input will result in a higher measured

motion or physics-based signals to improve video generpSS compared to the temporally coherent input,

ation. Some methods use themiagut for guidance or Given a random set d5; 000 training videos, we noise
editing (Geng et al., 2024; Ma et al., 2023; Liu et al., 2024aeach video to a random denoising step [0; 99]. We then
Cong et al., 2023; Montanaro et al., 2024). Note that theiexamine the difference in the loss measured before and after
objective differs from ours since we aimt@achmodels a the permutation and aggregate the results per timestep. We
temporal prior rather than taking it as input. Other methodsconsider two models— the “vanilla” DiT, which employs a
suggest separating content and motion generation (Tulyakopixel-based objective, and our ne-tuned VideoJAM model,
etal.,, 2018; Ruan et al., 2024; Qing et al., 2023; Shen et alwhich adds an explicit motion objective (Sec. 4).

2024; Jin et al,, 2024b). In the context of image generatlonThe results of this experiment are reported in Fig. 3. As can

Liu et al. (2023) improves the realism of human image o . .
by incorporating spatial priors such as surface-normal ansge observed, the Qngmall model appears tcmbarly invart-
antto frame shuf ing until ste0 of the generation. This

f:lepth maps In addlthn toa conditioning skeleton given as|mpI|es that the model fails to distinguish between a valid
input. Finally, most similar to our approach, recent works . .

. . . o yvideo and a temporally incoherent one. In stark contrast,
use motion representations to improve coherence in image-

to-video generation (Shi et al., 2024; Wang et al., 2024), buPu.r ”?Ode' IS extrem.ely_ sensitive FO these perturbations, as
o " . Is indicated by the signi cant gap in the calculated loss.
these are limited to models conditioned on images.

In App. B we include a qualitative experiment demonstrating
3. Motivation that the steps 60 determine the coarse motion in the

video. Both results suggest that the training objective is less
During training, generative video models take a noised trainsensitive to temporal incoherence, leading models to favor
ing video and compute a loss by comparing the model'sappearance over motion.

3
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Figure 4.VideoJAM Framework. VideoJAM is constructed of two units; (dyaining. Given an input video; and its motion
representatiod; , both signals are noised and embeddedgingle, jointlatent representation using a linear lay&#, . The diffusion
model processes the input, and two linear projection layers predict both appearance and motion from the joint represetitdgican o)
We proposénner-Guidancewhere the model's own noisy motion prediction is used to guide the video prediction at each step.

4. VideoJAM The predictiony, is obtained using the DiT. First, the model
“patchi es” x; into a sequence gf p video patches. This

Motivated by the insights frpm the prewous.secnon, we prc_"sequence is projected into the DIT's embedding space via
pose to teach the model a joint representation encapsulatin

i i i A p? Crae Coir
both appearance and motion. Our method consists of tWa?Imear projectionWin 2 R , WhereCrag and

complemertay shases (e Fig. 1 () Dung aning,wa.7 &% ' Seddng drmensons of e TaCnc o1,
modify the objective to predict the joint appearance-motion P - bp y

A ! . . to produce a latent representation for the video, which is pro-
distribution; This is achieved by altering the architecture to'ected back to the TAE's space to yield the nal prediction

ngport a dual input-output format, wh_ere the quel pr.._singwout 5 RCor Cre P jg..
icts both the appearance and the motion of the video. (||5J

At inference, we add Inner-Guidance, a novel formulation
that employs the predicted motion to guide the generated
video toward coherent motion.

uXe;y;t; )= M (Xe Winsyits ) Wous  (4)

whereM denotes the attention blocks. For ef ciency, we
employ models that are pre-trained as described above and

ne-tune them using VideoJAM as explained next.
We conduct our experiments on the Diffusion Transformer

(DiT) architecture, which has become the standard backbon®-2- Joint Appearance-Motion Representations

for video generation (Brooks et al., 2024; Genmo, 2024)ye pegin by describing the motion representation employed

The model operates in the latent space of a Temporal Autcb-y VideoJAM. We opt to use optical ow since it is ex-

Encoder (TAE), which downsamples videos spatially andy)e generic, and easily represented as an RGB video:
temporally for ef ciency. We use Flow Matching (Lipman ,,s it does not require training an additional TAE. Optical

etal., 2023) to de ne the objective. During training, given ; computes a dense displacement eld between pairs of
a videoxy, random nois&o N (0;1), and a timestep . mes. Given two framels; 1, 2 R* W 3 the optical

t 2 [0;1], x4 is noised usingo to obtain an intermediate . 42 RH W 2 holds thatl(u; v) is the displacement
latent as follows, of the pixel(u; v) from 11 in I,. To convertd into an RGB

4.1. Preliminaries

Xy = X1+ (1 t)Xg: (1) image, we compute the angle and norm of each pixel,

The model is then optimized to predict the velocity, namely, ( p Y
dx m =min 1; —P——=  =arctan 2(v;u); (5)

vt:d—tt:xl Xo: 2) H2+ W

Thus, the objective function employed for training becomeswherem is the normalized motion magnitude,= 0:15,
L=E . e JUGGY:E ) w2 @) and is the motion direction (angle). Each angle is assigned

xixo N @:Dyit2[0:1) JUXG YL 2 a color and the pixel opacity is determinedty Our nor-
wherey is an (optional) input condition, denotes the malization enables the model to capture motion magnitude,

weights, andi(x¢;y;t; ) is the prediction by the model.  with larger movements corresponding to highewalues



