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Abstract

Despite rapid advances in text-to-video genera-
tion, state-of-the-art generative models still suffer
from producing temporally incoherent and un-
realistic motion for videos. The key weakness
of existing works is that they commonly treat
videos as frame sequences and directly adopt Flow
Matching (FM) objectives, which are originally
designed for images. This practice fails to ex-
plicitly model motion priors or temporal depen-
dencies, resulting in suboptimal dynamics that
may appear incoherent and unrealistic. To solve
this problem, we propose Temporal-aware Flow
Matching (TFM), a novel training paradigm that
embeds inter-frame constraints into the flow ob-
jective, leading to temporally coherent motion
modeling in video generation. More specifically,
the proposed TFM enforces temporal correlations
across frames while retaining the desirable prop-
erties of FM, and further introduces a residual-
type loss that aligns naturally with this new flow.
We theoretically prove that models trained with
TFM are able to exhibit remarkably enhanced
temporal perception ability. Notably, TFM im-
poses no additional cost during inference and is
applicable to any model using FM. Extensive ex-
periments demonstrate that our TFM can signif-
icantly improve motion realism across diverse
motion types. Generated videos are presented at
https://pzrain.github.io/tfm.

1. Introduction

Despite rapid progress in text-to-video generation (Brooks
et al., 2024; Esser et al., 2024; Kodaira et al., 2025), existing
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state-of-the-art approaches, even those billion-parameter
models (Wan et al., 2025; Wu et al., 2025) capable of pro-
ducing visually high-quality clips, still suffer from a critical
problem, i.e., how to generate temporally coherent and re-
alistic motion (Hu et al., 2025) in videos. This problem is
largely caused by two factors, i.e., (i) the violation of basic
physical laws (e.g., Figure 1(a) demonstrates the failure of
the baseline in rendering water splashes when feet step on
the ground), and (ii) incoherent or unstable scenes under
complex motion (e.g., Figure 1(b) shows that the sample
generated by baseline displays visible body deformations).

In this paper, we study the problem of video generation with
temporally coherent motion, which poses a fundamental
challenge in current video models, i.e., the inability to effec-
tively internalize motion priors from video data. Although
motion naturally arises from the temporal relationships be-
tween adjacent frames and should, in principle, be learnable
directly from large video corpora, empirical evidence sug-
gests that this remains challenging in practice (Kang et al.,
2025). Even when trained on massive video datasets, it is
extremely difficult to capture coherent and physically consis-
tent motion, thus resulting in dynamics that violate physical
constraints or become unstable under complex scenarios.

To tackle this fundamental challenge, we first provide an
unprecedented perspective to understand why video genera-
tive models struggle to learn motion priors and then propose
a new paradigm for training general video generators. We
argue that the root cause lies in the prevailing training ob-
jective used in current generative models—Flow Matching
(FM) (Lipman et al., 2023; Liu et al., 2023a). Although
effective for image generation, FM does not explicitly en-
code motion priors. As a result, video models are forced
to rely on implicit attention mechanisms to infer temporal
structure, which is fundamentally suboptimal for modeling
videos. Originally designed for image synthesis, FM learns
a direct probability path (flow) from noise to data. Since
this framework is theoretically sound and empirically effec-
tive in the image domain, current video models that largely
treat videos as sequences of images have directly extended
it to video generation. However, these approaches typically
reuse the original FM objective without necessarily con-
ducting video-specific modifications (Davtyan et al., 2023;
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Figure 1. Typical examples of motion incoherence generated by the base model Wan2.1-T2V-14B (Wan et al., 2025), where the model
fails to produce realistic dynamics, e.g., no water splashes when stepping on the ground in (a) Fundamental Physics, and noticeable body
deformation in (b) Complex Motion. In contrast, Wan2.1 equipped with TFM produces videos with coherent and text-faithful motions.

Lin et al., 2024), leaving the ow of each frame temporally  « We empirically validate the effectiveness of the pro-

independent and failing to capture the inherent temporal  posed TFM through extensive experiments, demon-
correlations that manifest as motion. Consequently, models  strating signi cant improvements in motion coherence.

trained in this way are prone to producing incoherent or

physically implausible dynamics. 2 Related Work

Motivated by these observations, we propose a nhovel traiqflow-based Generative Models  Diffusion models (Ho

‘et al., 2022; Blattmann et al., 2023b; Rombach et al., 2022)
ally, TFM overcomes the limitations of the direct yet tempo?h ave re\(olutionize_d_ yideo generation with their exceptional
raII3’/ decoupled ows in standard EM by introducing a new generative capabilities. Early works extended DDPM (Ho

et al., 2020) to text- or image-to-video tasks, modeling tem-

probability path that embeds motion priors into the ow it- . L R .
self. Speci cally, in Section 3.2, we reform the original FM po_ral dynamics primarily through implicit attention mech-
: X . anisms (Guo et al., 2023; Luo et al., 2023; Zhang et al.,

gg\rg?;?r%s)qtﬁtrﬁgfEgzt\g?A?Qf;g;g?;i;;:g&g; € 2025a; Blattmann et al., 2023a; Chen et al., 2025; Zhang
P et al.,, 2025b). More recently, Flow Matching (Lipman

Co.m_pared_ to '_the owin FM the TFM ow introduces a et al., 2023; Liu et al., 2023a) reformulates generation as
training objective that explicitly captures the temporal cor-_ . 7' = =" . -
. . S . a distribution-mapping problem, providing a more robust
relations inherent across frames, making it better suited for . L .2
. L and theoretically grounded training objective. It has been

temporally structured data such as videos. To optimize th?

model under this new ow. we probose a residual-tvoe loss urther generalized to general geometries (Chen & Lipman,
. : A prop yp 2024), discrete data (Gat et al., 2024) and high-order ve-
in Section 3.3, which is shown to be more effective thanIOCit elds (Su et al., 2025), establishing FM as the SoTA
the solution-type loss used in FM. In Section 4, we further, Y iy ' 9

establish a theoretical foundation for TFM, proving thattralnlng framework for generative tasks.

models trained under TFM exhibit enhanced temporal peNevertheless, existing video generative models based on
ception and are able to learn motion dynamics much betteow matching (HaCohen et al., 2024; Liu et al., 2025; Wang
than those trained with FM. Importantly, TFM introduces et al., 2025c; Ma et al., 2024; Wu et al., 2025; Liu et al.,
no additional time or memory overhead during inference2023b) remain fundamentally similar to DDPM-based ap-
and is applicable to any video generative model that utilizegproaches: they model videos as sequences of frames and
the ow-based training objective. Extensive experimentslearn frame-wise, direct yet independent probability paths.
show that TFM signi cantly improves temporal coherence By constructing ows separately for each frame, these meth-
across diverse motion types for video generative models. Tads fail to explicitly capture temporal dependencies or mo-
summarize, we make the following contributions: tion priors, often leading to physically implausible or incon-

« We propose a novel training paradigm, i.e., Temporal§i5t,em mot.ion, especially in scenes wi?h gpmplex dynamicls
aware Flow Matching (TFM), to enhance motion mod-©' _mteractlons (Kang et al., 2025), I|rr_1|t|ng the models
eling in video generation. Being superior to FM, ability to produce temporally coherent video sequences.
TFM explicitly captures temporal correlations, en-

: : ; . Re ned Motion in Generation To address the univer-
abling models to effectively learn motion priors.

sal challenge of generating realistic motion, prior works

« We provide a theoretical foundation for TFM, proving have explored two main directions: (1) Physics-informed
that models trained under TFM yield stronger temporalapproaches assume that motion is strictly governed by phys-
perception compared to those trained with FM. ical laws. They incorporate physics-based constraints into
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diffusion models, enforcing the generated distribution to satquent work (Chen & Lipman, 2024), the ow, denoted as
isfy underlying partial differential equations (Bastek et al., {(xjx 1), is further generalized to be a solution to Eq (3):
2024). However, such methods typically operate on highly .

specialized domains, such as atmospheric systems (Wang d( 1(Xjx1)ix1) = (O 0;Xa); (3)
etal., 2025b) or turbulent ows (Shu et al., 2023), and canyhere (t) is a monotonically decreasing function satisfying
hardly generalize to real-world videos, where multiple in- (0) =1 and (1) =0, andd(; ):RY R9IR %isa
teracting physical processes coexist; (2) Externally guideghetric function satisfying the following constraints:
approaches share our view of motion as temporal structure, )

and introduce additional signals as guidance. Early works 1- Non-negative: d(x;y) 0.

leverage large language models to plan scene layouts (Lian2- Positive: d(x;y) = 0iffx =y.

et al., 2024; Huang et al., 2023; Hong et al., 2023), offer- 3. Non-degenerate: rd(x;y) 6= 0 iff x 6=y.

ing coarse guidance such as object movement or Promityese constraints ensure that the ow reaches its target at
re nement (He et al., 2025). More recent methods adopt _ 1 o 1(X 1) = X 1. When setting(t) = 1 t

ne—graineq control signals, i.ncluding optical ow (Liang_ d(; ) the Euclidean distance, and constraining the transport
et al., 2024; Nam et al., 2025; Chefer et al., 2025) and POINkirection to bex; X o, the solution to Eq3) collapses

clouds (Ren et al., 2025; LAN et al., 2025; Wang et al.,yacisely to the straight-constant ow used in standard FM.
2025a), either as conditioning inputs or jointly learned cues.

While effective, these strategies rely on external superviBU”ding on this formulation, we now consider its extension
sion, suggesting that existing models fail to fully exploit to video generation. Suppose we have a video consisting
the motion information already inherent in video data. Weof n framesx; = fx (11) ;x(lz) ; ;x(ln) g, where each frame

argue that a generative model should be able to learn suqtg) 2 RS s paired with a noisgg) of the same shape,

motion priors directly from data without additional signals,1 i n . while FM was originally proposed for images,

provided that the training objective is properly designed. video data introduce temporal structure, a further dimension
of complexity. A video is not merely a collection of images

3. Method but an ordered sequence with dependencies across time.
Nevertheless, existing FM-based video models (Wan et al.,

In this section, we detail our method. We rst review stan-2025: Wu et al., 2025) commonly simplify this structure

dard FM and explain why its direct application to video fails py treating all frames as independent and constructing a

to explicitly model temporal dynamics. We then introduceseparate ow for each of them. Concretely, they de ne
TFM and describe the key implementation details required 0

for practical use. Finally, we present intuitive examples that x> =tx ¥ +(@ Ox & 1 i n;t2[0;1]; (4)
illustrate the temporal constraints imposed by our TFM. as a linear interpolation between noise and data, and
3.1. Preliminaries u® = xg) X g) S R I o %)

Flow Matching (Lipman et al., 2023; Liu et al., 2023a) is as the velocity, enforcing a frame-wise straight-constant
a methodology widely adopted in recent state-of-the-arpath. Such a setup fails to explicitly model the temporal
generative models. It formulates generation as a transportgelationships across frames, which we hypothesize may
tion problem between probability distributions: the modelimpair the model's ability to capture motion priors inherent
learns a mapping that transports samples from a simple prigh video data and generate coherent dynamics.

distribution, i.e., standard Gaussian, to the unknown data dis-

tribution. This is accomplished by tting a probability path, 3 2. Temporal-aware Flow Matching

.., ow, which in standard FM corresponds to a StraightMotiva’[ed by our hypothesis that standard FM fails to ex
path between the two distributions. Speci cally in training, plicitly capture the temporal dynamics inherent in videos,

i d : d s
given datax; 2 R, random noiseo 2R® N(0;1) and  \ye propose a novel training paradigm Temporal-aware Flow
a timesteqt 2 [0; 1], the noised intermediate latextand  Matching (TFM). TFM extends the basic FM governing
the corresponding constant velocityis calculated as: equation (Eq (3)) to the following system of equations:

Xe =1+ (1 OX o U =X1 X o 1) d( o 0x P )xP )+ d( i ogx 1Y) (gx D))

which forces the ow between the two distributionstobea ~ +1 <, d( ((xjx ¥ ); +(xjx I )
direct line in latent space. The model is then optimized by: _ mdx 0 :x?)
- 0 1

I =Euononepn iU (i) v dizl @) Hor [Od0CEY X))+ @ e {0 )]
whereu (x;t) denotes the model's predicted velocity, and | _ [ @©dx @ ;x& y+@ @)dx O ;xF);
2 M represents the learnable parameters. In its subse- (6)

3
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wherel i n . This formulation consists of three com- with commonly used choices in order to keep the resulting
ponents. The rst term corresponds to the standard FMegression problem simple. Speci cally, wes@ =1t
objective, with a hyper-parametercontrolling its relative  use the Euclidean distance fiff; ), and constrain the direc-
strength. The remaining two terms (highlighted in red andtion of eachu( (xjx 1) )) to align thxg) X 8) , matching
blue) are temporal terms that explicitly encode dependenhe choices in standard FM. Note, however, that these con-
cies between adjacent frames: the current fraxﬁ)leand straints lead to solutions fundamentally distinct from those

its preceding frame{?  (red), as well as its succeed- obtained in FM. Under these choices, All B; andBj;
(i+1) in Eq (7) collapse to unit vectors:

ing framex; (blue). Here] is the indicator function. 3

These temporal terms are intentionally kept in their simplest ZJ 0 0 0 .

form to capture the inherent adjacency structure of video EA' = Rixg ) x g '

data without adding excessive complexity. A corresponding 3 Bij = r(xjxlﬁ’ ) (X 3) ), ¢ ©)
interpolation term is included on the right-hand side to main- "By = 1(xij‘f’ ) ok ®y e 6

tain consistency of the overall formulation. The constraints
on () follow those of standard FM. For the metric function Wherez denotes the unit vector in the direction of any vector

d(; ), we additionally impose the following requirement: z, and note tha¢® = fo) X 8) is the direction of the

4. Triangle Inequality: d(x;y) + d(y:z) d(x:z). straight path from noise to data. We can therefore de ne:

”

i i - = W T o s
Before solving the system to derive the corresponding ve? ()= u( ((x 1)) e® u( (xjx @ ) Te® o
o ot the ol e§tab||sh thg Yah.d ity of our formulation. which captures the per-frame velocity magnitudes, as the
We state the following proposition: which captures the per-frame velocity magnitudes, &s the
Proposition 3.1. Eq(6) (4 ) characterizes ows that then reduces to a linear systév {(x) = C, where
reach%1 att=1,foralll i n. 8 My —0HT ofd s,
% Mii =11 o(i;il)T o(i) + 1 in 0(i;i+1)T O(i) 10 n

The full proofs for our theorems are all provided in Ap- BLIT  all) .
pendix A. To streamline the discussion below, we introduce_ Miisz =¥ 770 07 i<, _ _ _
several additional notations: FE Ci= dx 9:xP)y 1 d(x(' Doax®y dex Y xD)

8 ) (|) (|+1) .o (i+1) . . .
EA, =1 xd( 10g¢ P )ixP )i 1 i g (intra-frame ) lien dx5xg™ ) dix ©5x{™ )1 i

11
Bij =r xd( t(X]X(I)) (xix P71 i< o (11)
Bii =r yd( «(xix?); ((xix®)) (inter-frameisj) . We set = 4:0 whichensuresth& 2 R"" is diagonally
E dx O x Dyt oy d(xg“ X0 ) dx 0 0 dominant. Under this condition, the system can be ef -
Ci=g® o L VR Y A »ciently solved using the Thomas algorithm (Thomas, 1949),

(7)  which is both fast and numerically stable.

We then present the following theorem: .
In summary, we construct a temporally constrained ow

Theorem 3.2.ut(X) = u( «(xjx M) u( (xix ™)) ' across video frames that differs fundamentally from the
generates the ow de ned in E(:ﬁ) if and only ifit satises  standard FM formulation. The detailed reasoning behind
the following ODE system Mix) = C, where the derivation of TFM (Eq6)) is provided in Appendix D.1.
2 AT 3 Although the resulting overall transformations between the
+B 1%.2 BJ. source and target distributions are mathematically equiva-

lent, we argue that our ow is more conducive for generative
models to learn motion priors, namely the fundamental tem-

AT poral dependencies present in video data.
M = B iTl;i +B |T|1 Bi-l;-l;i )
+B fin 3.3. Impl i
.3. Implementation
In this section, we discuss the practical implementation of
TFM, covering both training and inference. During infer-
(8)  ence, TFM introduces no change to the standard pipeline
andC =[Ci; :Cn]". and does not add any time or memory overhead. During
training, although the overall v-prediction framework re-
The matrixM derived in Theorem 3.2 takes the form of mains intact, two key modi cations are required.
ann n block tridiagonal matrix, where each block corre-
sponds to the respective derivatives appearing if@tg-or  Solving the system Training under the v-prediction
practical implementation, we instantiate the componentparadigm requires access to the latent state at timésteg

AL

B
nin +B "1|';nl
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its corresponding ground-truth velocity eld. While Theo-
rem 3.2 allows us to ef ciently compute eadk ¢ (xjx 9 )

given the latents ¢ (Xjx Q) ), the latents themselves do not
admit a closed-form expression. In fact, except for special
cases, such as the straight-constant ow in FM or certain
interpolation-based curves, most non-trivial ows lack ana-
lytical solutions. Consequently, the latent trajectories must
be obtained by numerically integrating the ODE system.

In practice, we nd that a simple Euler discretization suf- _ _ _ )
ces to produce accurate latent trajectories. Moreover, thé&igure 2. lllustration of ow interactions (dashed lines) under FM

" . . L and TFM using simple 2D data. The middle sub gures show onl
additional computational overhead incurred by this integrag, J .o I% theF:eft and right sub gures, wegadd and shiftg

tion step is marginal relative to the overall optimization costinird frame, observing how the ow changes accordingly.
Further analysis is provided in Appendix D.3.

Optimizing the model We disentangle the target veloc- o M _ -
ity into magnitude and direction, and de ne the training & global minimum, onlyoss™ aligns with the probability

objectives respectively: path principle central to TEM. In the standard FM setting,
_ ) o, the system reduces toindependent equations, atuss ™
J() =E txix.liMu  (x) Cjj 3] will degenerate to the standard 16¥s

NP O R v i
Eoiatin [cossimu ((x P ); ¢ x(S’ ) 3.4. Discussion
12 o

For the direction term, we use cosine similarity, and forin this section, we discuss the connection between TFM and
the magnitude term we adopt a residual-type loss, denotedstandard FM, together with the numerical stability of the

asloss™ = EjjMu (x) Cjj 3. An alternative is to  proposed optimization process. First, to provide an intuitive
solve the system to obtain the unique 30|UUQTQX)N.| as  comparison between FM and TFM, we visualize their in-
in standard FM, and de ne a solution-type loksss™ = duced probability paths on simple 2D data in Figure 2. In

Ejjl & ()u { (x)ij 3. We next explain whjoss ™" ismore  he middle sub gures, we consider two ows(? ! x (W

. . . 0
effective compared to loS% in our setting. andxéz) I'x (12) , and connect their intermediate staxéjﬁ

For a well-trained model, the predicted velocity shouldandx® at each timestepusing dashed lines to illustrate
closely follow the probability path. To measure deviations their interactions. Under FM, the velocity remains constant,
we de ne the equation-residual indicator: resulting in evenly spaced dashed lines. In contrast, under
() =Ej Mu Cjj (13) |TFM', the trajectory accelergtes after the intersection point,
eading to non-uniform spacing.

A smaller (u) indicates better adherence to the TFM equa- ) 3 @ )
tions. Our lossoss™ is constructed to directly minimize Ve then add a third owxy” ! x 1 at different loca-

. Although both losses share the same global minimundions (shown in the left and right sub gures of Figure 2)

they differ in how they rank intermediate predictions. To @nd again draw the interactions between the rsttwo ows.
clarify this, we introduce the notion: We observe that introducing a third frame alters the TFM

" . S . i iac it di (2 @
De nition 3.3. (Consistent objective) Ldt() be atrain- trajectories: it dlrectI%/ affectls the owg” ! x ;* and
ing objective for model parameter2 M . We callL a  indirectly in uencesxg) I'x (1) . When the third frame is

consistent objective (with respect to ) if and only if placed on the Ieﬂxgz) I X (12) begins with a higher velocity;
. when placed on the right, its initial velocity slows, which
L L , ; 14 : .
() LC 2.0 ) 6 ) A4 rigorously follow Eq(6) mathematically. In contrast,
for all parameter choices; » 2 M. FM trajectories remain unchanged regardless of where the

third frame is placed, highlighting the absence of explicit
n’t‘fﬁ‘:mporal constraints. Further discussions on the connection
between FM and TFM are provided in Appendix D.2.

In other words, a consistent objective must produce the sa
ranking of model parameters as By design,loss™ is
consistent. In contrast, the following proposition holds:
Proposition 3.4. los&" is not a consistent objective. In addition, despite these additional temporal interactions,
TFM remains numerically stable throughout training. In our
Proposition 3.4 implies thaoss™ may assign equal penal- formulation, the matrixM (Eq(11)) is tridiagonal, diago-
ties to two predictions even if one satis es the TFM equa-ally dominant, and has bounded entrigd; j +2 =
tions substantially better. Thus, although both losses sham®). These properties ensure that the operator nornvé of

5
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andM T remain bounded, which directly constrains the C (Eq (11)) can be simpliedto (1 <i < n):
gradient of the magnitude termyJ = 2M " (Mu C) Predic .

(Eq (12)) and prevents uncontrolled gradient explosion. i { t(XIX 1))

Meanwhile, diagonal dominance guarantees that the eigery | y( t(xjxgl) Nu( ¢ (X g) Nl ¢ (xjx g+1) )
values ofM "M stay bounded away from zero, mitigating . W .0 0 . (+D) G .0
gradient vanishing across different directions. Combined™Ci " d(X o ;X1 )+d(x 1" ix37 )+d(x 17 ;x7')
with the tridiagonal structure, which avoids long-range am-g ; (x) + d(x ¥ ;x?);
pli cation or attenuation effects, these properties ensure that (16)

gradients remain well-conditioned during optimization. o o i
wheref;(; ;) is alinear combination of the three adjacent

frame velocitiesg; (x) , d(x 8) ;xg) ) +d(x 2’ ;xg”) ),
and we exclude the constant terms w.r.t the standard gaussian
In this section, we theoretically investigate why our methoddistribution that are independent of the rest in C

is effective for video data by analyzing its temporal per-consequently, the prediction made by model trained under

ception ability. We rst r(rll)ake(z?ome as(s)umptions. Let all e is expected to be the following distribution:
. . n

4. Theoretical Analysis

frames in avideo clipfx ;7 ;x;”; ;X3 0, be sampled

from the same (unknown) distributidd, i.e.,x? D for D predict» LI 4 1 (xx 1))] THypw; (17)

1 i n ,consistent with standard FM. We further impose z

the following three assumptions: Hypw (@)= Nggax 00 0, @2 a)da; (18)
(i) (i)

Assumption 4.1. The rst-order differences;’ X 17 ,  \whereh .
for2 i n (f)ollow the same unknown distribution. Con- gi (il 3
|

sequentlyd(x? :x(D Y for2 i n allfollowthe same G () andd(x{? ;x¥), with marginal distributiony and

O )(; ) is the joint distribution of

S 1 i
distribution, denoted ) . D®, respectively.

Assumption 4.2. The second-order differencxe@ Based on the above assumptions, we can compare and mea-
xg 2 for3 i n follow the same unknown distri- Sure amodel's sensitivity to temporal coherence under differ-

bution Consequentlyj(xg) ,XSZ) ), for3 i n all ent training objectives. In particular, perturbing the temporal
: AT ' tructure of the data induces a training distributidg
follow the same distribution, denoted®. S . AN rain
that deviates from the model's tted distributidDregice

Assumption 4.3. The two distributions introduced in As- A model that effectively leverages temporal information
sumption 4.1 and 4.2 are distinct, i.e.{'D6= D2 should detect such deviations.

Assumption 4.1 states that the rst-order temporal dif-Without loss of generality, we consider a simple perturba-

ferences, corresponding to changes between consecutitien in which the positions of two consecutive frames are

frames, share a common unknown distributidf? , which swapped, i.e., exchangingf) and xg Y for a selected

may be highly related to motion information, since mo-1 < i < n , which is generalizable, as any permutation

tion can be interpreted as the temporal evolution of naturatan be decomposed into a sequence of such pairwise swaps.

images. Assumption 4.2 extends this to second-order diffhis swap introduces temporal incoherence and should be

ferences, assumed to follow®. Finally, Assumption 4.3 detectable by a well-trained model capable of capturing

re ects the natural expectation tht? andD®@ are dis- motion-related dynamics. To measure such effect, we in-

tinct, as differences between consecutive frames generaltyoduce KL divergencés. , D ki (D prediciiD train) and

differ from those separated by larger temporal gaps. Weresent the following Theorem.

note that these assumptions, which generally follow thos§neorem 4.4. For FM and TEM,

in standard FM, are applicable to natural videos.

: e : G >0=Gy'; (19)

We then hypothesize that the model is trained to t different

distributions based on their training objectives. For FM,and moreover,

the training objective is simple, i.e.Predic(  (xjx ¥ )) = - . 2

x0 x O therefore, the prediction made by model trained kL 2 3UP Eeoynucapn [€7 € Yoe ]

under FM is expected to follow the distribution: (20)
. , whereH represents the joint distribution ¢iy.; » and

DiMaice: LI BT (ix P N1 €D N(0:1); (15)  Hypo .

whereL[ ] represents the distribution (law) of a random vari-The lower bound can be easily estimated through numerical
able. While for TFM, the training objective fdrfu {(x) = simulation. We perform a bootstrap resampling db¢t 0k)
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Figure 3. Qualitative comparison between TFM and the baselines. We select several intermediate frames for the convenience of
presentation. We provide more generated results in Appendix G, and the corresponding video samples in supplementary materials.

simulated data and derive a mean lower bound of 0.086&s our base generative model and further ne-tune it us-

with 95% con dence interval [0.0739,0.1095]. ing TFM on approximatelyD(40k) data from the public
ShareGPT4Video dataset (Chen et al., 2024), which ac-
5. Experiments counts for only 0.01% of the original pre-training data. The

model is con gured to generate 81-frame videos at a xed
We conduct extensive qualitative and quantitative experiresolution 0f832 480 with fps = 15. Further implemen-
ments against state-of-the-art open-source video models tation details are provided in Appendix B.
demonstrate the effectiveness of our method in producing
temporally coherent motion. We perform ablation StUdieSEvaluation Details We compare our method with the fol-
to validate_ the contrit_>ution of eac_h proposed compongnFOWing baselines: (1) CogVideoX1.5-5B (Yang et al., 2024),
We then discuss .the tlmg complle'xny of our method and 't%Z) HunyuanVideo-13B (Wu et al., 2025), and (3) Wan2.1-
_temporal p_erceonn ab|l|ty._Add|t|onaI results are prowded.l.zv_14I3 (Wan et al., 2025), all of which are recent and
in Appendix E and Appendix G. competitive video generation models. We evaluate perfor-

mance on two benchmarks: (1) VideoJam-Bench (Chefer
Implementation Details We adopt the pre-trained etal., 2025), which emphasizes challenging motion, and (2)
Wan2.1-T2V-14B, which is optimized using standard FM,Movie-Gen (Polyak et al., 2024), a general-purpose video
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Table 1. Quantitative comparison between TFM and the baselines
on VideoJam-Bench. User study shows percentage of votes favor-
ing TFM. See breakdown of VBench metrics in Appendix G.

Auto. Metric User Study
Method - - - .
Appearance Motion Semantic Quality Motion
CogVideoX1.5 0.750 0.894 87.8% 85.4% 82.9%
HunyuanVideo 0.752 0.898 65.6% 56.2%  68.8%
Wan2.1 0.780 0.888 82.8% 85.7% 74.3%
TFM 0.783 0.961

Table 2. Quantitative comparison between TFM and the baselines
on Movie-Gen. User study shows percentage of votes favoring

TFEM. See breakdown of VBench metrics in Appendix G. ] ) ) o
Figure 4. Ablation study. We ablate the choice of training loss

Auto. Metric User Study (i.e., residual-typdéoss ™ vs. solution-typdoss™) and the ow
Method - - - - formulation used during ne-tuning (i.e., standard FM vs. our
Appearance Motion Semantic Quality Motion oqqs0q TEM). Evaluation is conducted on Movie-Gen using
CogVideoX1.5 0.783 0801  90.9%  86.3% 88.6% VBench metrics. All results are reported as ratios relative to the
HunyuanVideo 0.775 0806  76.9%  53.8% 88.5% full TFM model; exact statistics are provided in Appendix G.
Wan2.1 0.791 0.805 58.3%  62.5% 64.6%

T 0.795 0.858 different directions. In contrast, models trained with TFM

generate more coherent and physically plausible motions

generation benchmark. We adopt two types of evaluatioRCross a wide range of scenarios. These results demonstrate
metrics: (1) automatic metrics supported by VBench (Huang! FM'S ability to capture motion priors from training data
etal., 2024), and (2) human evaluations following the two-Effectively, leading to improved temporal consistency.

alternative forced-choice (2AFC) protocol, where raters(?uantitative Experiment In Tables 1 and 2, we quantita-

compare tV.VO videos (one generated by TFM and the oth ively compare TFM with baseline methods. For fairness,
by a baseline) and select the preferred one across multi-

ple aspects, following prior work (Blattmann et al., 2023a).a.II models are evaluated using a xed random segd and a
Further evaluation details are provided in Appendix C. single run on both benchmarks. Overall, TFM consistently

outperforms the baselines across the two benchmarks. On
. general metrics (Appearance, Semantic, and Quality), TFM
5.1 Main Results achieves performance that is competitive with or superior
Quialitative Experiment In Figure 3, we compare TFM O its base model and other state-of-the-art methods. More

with baseline methods across a variety of motion typedmportantly, TFM achieves substantial improvements on
These include intricate motions requiring physical underthe motion metric, with &4:3%higher preference rate on
standing (the left column), such as ipping a cast-iron skillet, VideoJam-Bench and@4:6%higher preference rate on the
where mushrooms are expected to be propelled into the alYlovie-Gen benchmark compared to its base model. It also
and fall back smoothly, and slicing a roll, where the knife beats other baseline methods in terms of motion coherence.
should cut cleanly through the roll to separate a slice. Wd hese quantitative improvements corroborate the qualita-
also evaluate complex human motions (the right column)tive observations, demonstrating that TFM more effectively
such as a sprinter running or a gure skater dancing, whichmodels motion dynamics and enhances temporal control in

pose signi cant challenges for video generative models. generated videos. Moreover, they indicate that improving

. motion modeling does not come at the expense of other
From the results, we observe that baseline methods gegpjectives, such as visual quality or semantic coherence.
erally fail to respect basic physical laws. For example, in

F|g_ure 3(a), _Wan_2.1 generqtes mughroo_m§ ylng_upvyards_z_ Ablation Study

while the skillet itself remains static. Similarly, in Fig-

ure 3(c), CogVideoX and HunyuanVideo produce physidn this section, we conduct an ablation study to assess the
cally implausible motions, where the knife appears to passontribution of each component in our method. Speci cally,
through a nger or the roll as if the objects were intangible.we rst ne-tune the base model using standard FM (de-
For complex human motions (Figure 3(c) and (d)), baselinenoted as FM- ow) under the same training settings and on
models frequently generate deformed body structures. Ahe same data as TFM, thereby isolating the effect of the
common failure mode is that different body parts (e.g., leggproposed ow formulation. Next, we ablate the choice of
or arms) move independently of the torso, resulting in untoss function by training TFM with the solution-types$™
natural poses where the upper body and lower body facehile keeping all other settings unchanged. The results are

8



Temporal-aware Flow Matching for Video Generation with Temporally Coherent Motion

Table 3. Comparison of time costs between FM and TFM. We consider two metrics: (1) Net Time Cost, which measures the time spent
on ow calculation, velocity prediction, and loss computation, corresponding to lines 17-18 in Algorithm 1 for FM, and lines 28-29 in
Algorithm 2 for TFM; and (2) Overall Time Cost, which records the total time for a single optimization step for each model. We report the
mean time cost, with standard errors indicated in parentheses.

Model \ Net Time Cost (FM) Net Time Cost (TFM) Overall Time Cost (FM) Overall Time Cost (TFM)

Wan2.l-T2V—1.3B‘ 1.65s( 0.33s) 2.8?;2(;3073) 18.71s( 0.9s) 19'6f§(1?)/'047s)
Wan2.1-T2V—14B‘ 10.67s( 0.855) 12.%;51(262%) 60.515( 0.78s) 61'935(30%985)

rm that TFM introduces only a negligible time overhead,
thanks to the ef cient optimization algorithm and necessary
simpli cations in the formulas.

5.4. Temporal Perception Ability

In Section 4, we establish the theoretical basis for why
TFM better suits video data than standard FM, showing that
explicit temporal constraints enhance a model's ability to
perceive temporal structure. Here, we further illustrate this
claim through an intuitive quantitative experiment. Speci -
cally, for each video, we apply noise to a chosen timestep
t 2 f50;100; ;9009 out of 1000 total steps, and then
randomly permute the video latents along the temporal di-
Figure 5. Quantitative comparison of the temporal perceptionmension. For every timestep, we simul@glk) samples.

abilities of FM and TFM. The solid line shows the mean 10ss-p model with strong temporal perception should exhibit a
increase ratio after randomly permuting video frames, and th

shaded region indicates the corresponding standard deviation. &Farger loss increase after pe_rmutr?ltlon, whereas .a modgl with
weak temporal understanding will struggle to distinguish a

. - correctly ordered video from a permuted one.
summarized in Figure 4, where the blue curve corresponds

to the full TFM model. From the results, we observe thatWe therefore compute the mean and standard deviation of
the full TFM consistently outperforms both variants, par-the relative loss change before and after permutation, and
ticularly on Dynamic Degree, which directly re ects the present the results in Figure 5. For FM (the blue line),
magnitude of motion. In contrast, the two ablated variantsve use the pre-trained Wan2.1-T2V-1.3B model, while for
exhibit relatively high Motion Smooth, likely due to their TFM (the red line), we use the same model ne-tuned with
tendency to generate more static or under-dynamic motion§FM. As shown, the FM-trained model displays only lim-
Importantly, TFM also maintains strong performance onited temporal sensitivity, while TEM substantially boosts the
general appearance-related metrics. Overall, these ndinggiodel's ability to detect temporal disruptions. This exper-
demonstrate that both the temporal ow formulation and theiment further validates both the effectiveness of TFM and
residual-type loss design are essential for achieving realistithe importance of explicitly modeling temporal constraints.
and dynamic motion without compromising visual quality.
6. Conclusion

5.3. Time Complexity Analysis

] . ) In this paper, we introduce Temporal-aware Flow Matching
In thls_ section, we demonstrate that the C_omputatl_onal OVEFTEM), a method that enhances motion generation by explic-
head introduced by our method is marginal relative to they, modeling temporal structure in video data. Unlike prior
overall optimization cost. The results are presented in Taapproaches that rely on implicit attention mechanisms, TFM
ble 3, where we compare time costs between FM and TFM,oyides a principled ow formulation for capturing motion
across models of different scales usi@glk) data. Al-  gynamics. We theoretically show that TFM improves tempo-
though TFM exhibits a seemingly large increase in Net Timg| perception ability and empirically demonstrate consistent
Cost for Wan2.1-T2V-1.3B, the overhead is minimal whenperformance gains across benchmarks. As a model-agnostic

considering the total time per optimization step, amountingspproach with no additional inference cost, TFM enables
to only 5.1%. For the larger Wan2.1-T2V-14B model, this more effective motion modeling for video generation.
relative increase reduces further to 2.3%. These results con-
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A. Theorem Proofs

Proposition 3.1: Eq (6) (  4) characterizes ows that reach ﬁ) att=1,foralll i n.

Proof. Sett=1in Eq (6), and we get

dC20x P )X )+ 1a dC10x §7 ) 100 P )+ 1 in dCatxix P ) 20Gx §)

. (21)
=g d Y xP )+ e dx P xE )
Summation over1 i n,we get

XL x _
2 dex®sx{ = e decY x D) #ie dx® 5 x (Y )
i=1 i=1
X ) 0] (i1) 0] (0] (i+1)

= d( 10 D )x D)+ s d(aexix $Y ) 1oix D))+ 1 ien d(axix P ); 1 (xix )
i=1
X XL .

= d( i P uxP)+2 0 d( aeix D) 1eax ) (22)
i=1 i=1

L _
2 d( 20X yxPy+d 10gx Oy 10 Yy +d( 1 0gx TPy x I
i=1

2 * dx® ;x8 y;
=1

where the last inequality is due to the Triangle Inequality constraint. Note that the derivation relies on the symmetry
of the metric function, i.ed(z1;z2) = d(z 2; z1). This property is naturally satis ed by the Euclidean distance used in
TFM formulation. For non-symmetric metric functions, one can instead consider the symmetrizedtoyra,) =

1 d(z1;2) +d(z 2;21) to maintain symmetry.

Then Eq (22) becomes an equality if and only if(xjx ; O )=x (') ,forl i n,which completes the proof. O
Theorem 3.2: U (X) = u( (xjx ) u( (ix ) T generates the ow de ned in E(p), if and only if it satis es
the following ODE system Ma@x) = C, where
2 T
A 1 BT
+B I;Z 2t
A T
M= B iTl;i +B il Bil—-l;i ) (23)
+B .]+1
A T
B T n
nin +B rr;n .

andC =[Ci;; ;Cn].
Proof. Recall that (Eq )
§A. =1 od( ix P )xPy1iong (intra—frame i)
Biy =1 xd( ((xix D) oix )" 1 i<j n
Bji =r yd( (XJX()) (XJX(J) ) (inter-framei $ ) 4 (24)
% _ dix §ixP ) +1mr dx§Y ")) dx §V 5xP)
Ci=&O (i) . (+1) X0y 1
+lien d(xY x5 ) dx )1 in
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First, we prove that the solutian (x) to Eq(23) generates the ow de ned by E(B). Differentiate the left side of E(f)
forany 1 i nwith respect to time gives:

[ d(e0ix D) x DY)+ 15 d( e 0ix §P ) coix D)) 1 ien d(exix D ); cxix $P ]

—[A 1o Bitr +lien Biger 17U (0 @)+ 151 BR u( (00x §2 ) +1 i Bl u( 1gx 1y 2D

=C;:

Thus the functiork; (®) = d( «(ix ¥ )xP) + 151 d( Gix$? ) 0ix D) + e dC cix D) 1(xix I )
satis es the ODE: q

GKiO=Ci (26)
with initial condtion _

Ki©) = d(x g ;x{)+ 1 dxg” ;%0 ) +1icn dixg ix6™ ); 27)
where by default we start sampling from noige= fx (()1) ; xf)z) ; (”) g. The general solution to the ODE de ned by
Eq (26) has the form 7

Kiy= Cidt+C;; (28)

where (}0 is a constant constrained by initial conditions. Substitute Eq (27) into Eq (28), we can verify that

Kih= @dx §;xP)+
s [@dx §Y ix§)+ @ @dx §P oxP o+ (29)
lien [ (Od(x §; x"*” )+ (1 (©)d(x 9’;x2*1’ )l
which is exactly the right side of Eq (6).

Conversely, suppose the ow de ned by Ef)isx; =fx ; W, §2); (”) o, wherex() = ((xjx Q) ), foranyl i n

Differentiating both side of Eq (6) we get:

[ dCc0gx P )xP )+ 1 d0ixE? ) 0ix PN +1ien dC 03¢ P c0ix § )]

(30)
=[A i+ 1is1 Bijn +licn Bier 17X +1551 Bii N o Bty x
and
Sr e @)l [0d §) x) e o 10 x
e [ § xEP )+ @ @)dx ¥ xI g (1)
=C;i:
Combining the two equations above, we get
[Ai+151Biin +licn B I'xE #1510 Bl xMY +1i Bl xM™ =cy; (32)
which is exactly M x= C. O

In practice, we set(t). =1 t ,use the Euclidean distance fif; ), and constrain each directiorf (x j X ; @ ); x(') )
to align WIthX(I) X 8) . Under these choices, the system reduces to an ODE of theMorp(x) = C (Eq (11)), where

M2R"MN becomes a tridiagonal matrix, with
8
2 My =0T 90D -j>1q;
o Mi =1y DT 90 4 iy 9GFDT 90 51 (33)
"M el = 0 >i+1;)T 0(i+l) ,| <n
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For =4:0, we have
Mig =il g 0EDT 00 4 plHDT 90
2=2
JI i>1 o(l LT O(I 1) J+J| i<n 0(i+l;i)T 0(i+l) J
:jl i>1 IVli;il j+j| i<n Mi;i+1 J

(34)

For the inequality to become equality (far< i < n ), ®05)  must be aligned witlt@ | and¢@iD | that is the

opposite direction of( ), must be aligned witk® . This forcest? and?® to be collinear. By the same reasoning,
00 and¢®™D must also be collinear. As a result, the sampi®8 ;x ;x{* and the independently drawn noises
xg b ;xg) ;x8+1) would all lie on the same line, which is an event with probability zero and thus negligible.

Therefore, for = 4:0 , we conclude thaM is diagonally dominant. This property is crucial: it guarantees that the
systemMu ((x) = C admits a unique solution and ensures that the Thomas algorithm (Thomas, 1949; Lee, 2011) remains
numerically stable.

Proposition 3.4: los§" is not a consistent objective.
Proof. Forsome 1; , 2 M andi ,,u , the predictions, denoté” =u , u and ® =u , u ,wherai isthe
unique solution taMu = C.

To prove Proposition 3.4, according to De nition 3.3, we only need to showldssf"( ,) = loss™( ,), while
G ,)> 0 ). Thisis equivalent to the following statement:

i @iz =i @jj3 whilejjM Wiz >jjim @3 (35)
SinceM is a diagonally dominant tridiagonal matrix, aii 6= cl for any ¢ 2 R,M "M becomes diagonalizable and has
at least two different eigenvalues, denoted gg« > min , With corresponding unit eigenvectags,x andenin . Therefore,
set O =ena, and @ =ey,, and we get
jiemaxiiz = iie minji%: while jjMemaxiiz = max > min =i Memin ji3; (36)
which completes the proof. O

Example For Proposition 3.4, we give an intuitive and concrete example to better illustrate it. Consider a simple system of
two linear equations with two variables:
X+y=5
Y : (37)
2x+y =8
which gives x = 3 and y = 2. Consider the following two cases:

1. A prediction(x ;Y1) of x; =2 andy; =1, which givesx; +y; = 3 and2x; +y; = 5. In this case, the residual-type
losg ™ gives (4 + 9) = 6:5, while solution-type los§" gives(1 +1) = 1.

2. A prediction(x,;y2) of X, =4 andy, = 1, which givesx, +y, =5 and2x, +y, = 9. In this case, the residual-type
losg™ gives(0 + 1) = 0:5, while solution-type los5" gives(1 +1) = 1.

We see that obviouslfx; y,) better ts the linear equations, while it is considered equaikasy:) underloss™, since
los§™ = lossy™. This phenomenon highlights thias<™ will be less effective in training comparediss ™, although
they share the common global minimum.

Theorem 4.4: For FM and TFM,
GL" >0=Gy"; (38)
and moreover, 1 ,
G > f’ZURp Eyykoyn [€* €Y e e?] (39)
where H represents the joint distribution ofth »» and Hy.p @ -
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Proof. Recall that we perturb the temporal structure of the data by swapxﬁingndx(' b ,foraselecte@ <i<n . For
FM, its training objectlve changestdiait = TEIN( +(xjx (D yy=x x 0 2500 D Therefore, the same

DM 4p N(@0;1) 4D hradictis obtained, thus ' = D k. (D [dicdiD fiah) = O.

train.

il)

For TFM, swapping g) and will change its training objective to

T L t(Xix 1))

dx 9 5x{P y+dx (P x Iy +dx P 5xP)

d(x 81) . (i 1) )+d(x ¥ iy . (i+1) y+d(x ¢ iy . (i) )
d(X 81) (| 1) ) + d(X (i1) (|) )+ d(X (i1) (|+l) ) (40)
dox §ixf)+dex § -xf” ) +d(x § ;xf” )

d

=g;(x) +d(x 2) ,Xl+2) ): (Ifi+2 >n; we can just assume an )§n+1) which extends the video:)

Therefore, we have

DIV L[ ™0 ( ((xix 1)) 2H yp o : (41)

According to Assumption 4.3, we have;)rﬂ\é‘icté| Hypw 6=Hpoe p] JeM_and consequently,
K = Dkt (O predieiD van) = D ki (Hyipw fiHyipe ) > 0: (42)

Next we will derive a lower bound of 5V
TFM =D« (D gr':-:"\élchJD ;I;gll\rf
2 TV *(D precics Pvain
1

2 Hyp @ ( ) Hio @ (t)J 2 (43)

1 _
FSUP e ® e (i %

where the rstinequality is the direct result of Pinsker's inequality (Cais Korner, 2011), andV( ; ) represents the
total variance distance functiony -, and n__, are the characteristic functions of distributiiy 5y andHy,p e
The second inequality is due to the fact that for any distribution p and q,
121
TV(pia) =5 ip(x) a(x)jdx
1
z 1
=5 1e™iip0) a(jdx (44)
1 ! itx ; 1 i .
S €M) addi= Sj o) o582 R:
1

If we substitute the de nition of §., w and Hy.5 ¢ into Eq (43), we get

1 I 2
TEM E sup E((x;y);(k;z))H [eltx e|ty e itk e|tz ] : (45)
2R
where H represents the joint distribution of ) and Hyp e . O

B. Implementation Details

In this section, we provide implementation details of TFM to facilitate reproducibility. The code will be released upon
publication. While the core ideas of our method have been fully described in the main paper and can be readily implemented

on most video generative models, we further present the training procedure of TFM in Algorithm 2, together with its FM
counterpart in Algorithm 1 for comparison.
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Both algorithms share the same MAIN FUNCTION, in which the training process is abstracted into two stages, namely
GETLATENT and GETLOSS. Notably, for FM, the training pipeline is identical to that used in image generation and does
not explicitly account for temporal structure. In contrast, TFM constructs ows that explicitly model temporal dynamics,
thereby providing more appropriate supervision for video generative models.

Algorithm 1 Training procedure of FM under text-to-video  Algorithm 2 Training procedure of TFM under text-to-

modeling. . . video modeling. . X
} I - I —<
1: Input: Video data: x;= x{ x{M " L Input: Video data: x;= x{ x .
paired text prompt: fhg . paired text prompt: fhg .
2: Parameter: : parameters for the base video generative 2: Parameter: : parameters for the base video generative
model. model.
3: function GETVELOCITY(Xg; X1; Xt; 1) 3: function GETVELOCITY(Xg; X1; Xt; 1)
4: return x; X o. 4: ComputeM and C according to Eq (11).
5: end function 5: Solveu {(x) from Mu ((x) = C , using Thomas
algorithm.
6: return u ¢(x) Hl X o). . Magnitude Direction
7: end function
6: function GETLATENT(Xg; X1;1) 8: function GETLATENT(Xo; X1 )
7: returntx 1 + (1 t)x o. o X X o
8: end function 10:  Uniformly samplefO=t; < <t 14 =tg.
11 forl i T do . Euler-step to solve ODE
12: v GETVELOCITY(X o;X1;X¢;t).
13: X X ¢+t ti) v
14: end for
15: return X.

16: end function

17: function GETLOSS(%; X1; X¢; t; h)

9: function GETLOSS(x; X1 X; t; h) 18: ComputeM and C according to Eq (11).

10: V. GETVELOCITY(X o;X1;X¢;1)

11: retumnjiu (x¢h) vij 2. 190 lossy i Mu(xeih) CJj 2.
12: end function 20: losp cos _sim P(x;h); 8y x o) .
21: return lossy + lossp.
22: end function
BEGIN MAIN FUNCTION: BEGIN MAIN FUNCTION:
23: Initialize hyper-parameter = 4:0.
13: repeat 24: repeat
14: Forward data fx; hg. 25: Forward data fx; hg.
15: Sample y N(O;1). 26: Sample y N (0;1).
16: Samplet U(0;1). 27: Samplet U(O0;1).
17: Xt GETLATENT(X o;X1;1). 28: Xt GETLATENT(X o;X1;1).
18: loss GETLOSS(X o; X1; X¢; t; h). 29: loss GETLOSS(X g;X1;X¢;t; h).
19: argmin  (loss). 30: argmin  (loss).
20: until Converged 31: until Converged

Figure 6. Algorithmic comparison of the training procedures for FM and TFM in text-to-video modeling. The two methods share the same
overall training pipeline but differ in the formulation of velocity and latent (i.e., the ow), as well as in the design of the loss function.
Notably, the formulation of FM for video generation is identical to that used for image generation, as it does not impose any constraints on
temporal relationships between video frames. In contrast, TFM introduces explicit temporal control, making it more suitable for modeling
video data.
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B.1. Model and Hyper-parameters

Our base model is built upon Wan2.1-T2V-14B (Wan et al., 2b28)widely adopted and state-of-the-art open-sourced
foundational video generation model. Wan2.1 employs the Diffusion Transformer (DiT) (Peebles & Xie, 2023) architecture,
which has increasingly replaced U-Net (Ronneberger et al., 2015) as the dominant backbone for video generation. Given a
text prompt, Wan2.1 incorporates the textual information via cross-attention and generates a corresponding video sequence.
The model adopts full spatio-temporal attention to effectively capture complex motion and temporal dependencies.

Wanz2.1 is trained using standard Flow Matching (FM) on billions of video-text pairs. However, its training objective
does not impose explicit constraints on temporal dynamics. We refer readers to their of cial technicallpsrt (
[larxiv.org/pdf/2503.20314 , Section 4) for further details.

Importantly, our proposed TFM is model-agnostic and does not modify the architecture or hyper-parameters of the base
video generative model. TFM introduces only one additional hyper-parameteEq (6), which controls the relative
strength between the intra-frame and inter-frame terms. In practice, we detto ensure a unique solution and numerical
stability of the Thomas algorithm. Larger values oincrease the weight of the intra-frame term, thereby weakening
temporal constraints; in the limitas ! 1, TFM degenerates to standard FM.

B.2. Training and Inference

During training, we solve an ordinary differential equation (ODE) to obtain the latent at time@égorithm 2, line 11).
Each ODE step is set to 0.002, resulting in fewer than 500 integration steps fo2dfAyl]. We evaluate the stability

of the ODE integration of ine and observe an integration error on the ordé0df. We ne-tune the model on the
publicly available ShareGPT4Video dataset (Chen et al., Z024)one epoch, which contair®(40k) videos paired

with text captions annotated by GPT-4V (Achiam et al., 2023). According to the Wan2.1 technical refpst (
[larxiv.org/pdf/2503.20314 , Abstract), the base model is trained on billions of samples. Therefore, our ne-
tuning dataset accounts for roughly 0:01% of the pre-training data, making the ne-tuning stage extremely light-weight.

We x the number of frames to 81 and the spatial resolutioB38 480 . Fine-tuning is performed using LoRA (Hu et al.,
2022) with rank 32. We adopt the AdamW (Loshchilov & Hutter, 2017) optimizer with a learning rdteidf 4 and
weight decay 0D:01 Training is conducted on four A100 GPUs with 80GB memaory, resulting in a total batch size of 4, and
completes in approximately one week.

During inference, we x the video length and resolution to match the training con guration for both our method and all
baselines in Section 5.1. Since CogVideoX1.5 does not support custom output resolutions, its generated videos are spatially
resized to the target resolution for fair comparison. We use 50 inference steps and x the classi er-free guidance scale (Ho
& Salimans, 2022) to 5.0. No cherry-picking is performed: all results are generated with a xed random seed. Inference is
carried out on a single A100 GPU with 40GB memory.

C. Evaluation Details

C.1. Baselines
We compare our method with the following baselines, which are latest works for text-to-video generation that achieves
superior performance. Speci cally,

1. CogVideoX1.5-5B (Yang et al., 2024): https://huggingface.co/zai-org/CogVideoX1.5-5B.

2. HunyuanVideo-13B (Wu et al., 2025): https://huggingface.co/tencent/HunyuanVideo.

3. Wan2.1-T2V-14B (Wan et al., 2025): https://huggingface.co/Wan-Al/Wan2.1-T2V-14B.

C.2. Benchmarks

To comprehensively evaluate the performance of our method in terms of both motion generation and overall video quality,
we adopt two publicly available benchmarks, each serving a distinct evaluation purpose:

https://huggingface.co/Wan-Al/Wan2.1-T2V-14B
2https://huggingface.co/datasets/ShareGPT4Video/ShareGPT4Video
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1. VideoJam-Bench (Chefer et al. (2025https://arxiv.org/pdf/2502.02492 , Appendix F): VideoJam-
Bench is speci cally designed to assess motion generation capabilities, covering a wide range of dynamic scenarios,
including complex human actions and physics-driven motions. The benchmark consists of 128 carefully curated text
prompts.

2. MovieGen Bench (Polyak et al. (2024https://github.com/facebookresearch/MovieGenBench ):
MovieGen Bench is a general-purpose video evaluation benchmark that evaluates overall generation quality across
diverse content. It contains approximately 1,000 prompts, each annotated with motion intensity levels (low, medium,
and high). For computational ef ciency, we randomly sample 500 prompts spanning all motion levels.

C.3. Metrics

The evaluation metrics we adopt can be classi ed into two categories:

1. Automatic Metrics: The automatic metrics are supported by VBench (Huang et al., 2024), spanning six sub-categories,
i.e., motion-related as Motion Smoothness and Dynamic Degree, and appearance-related as Subject Consistency,
Background Consistency, Asethetic Quality and Imaging Quality. We give the full VBench evaluated results in Table 8
and Table 9. While in the main paper, we aggregate the motion-related and appearance-related metrics respectively, fol-
lowing the procedure speci ed in the of cial website of VBendtttps://github.com/Vchitect/VBench ).

Concretely, each metric is rst normalized then weighted averaged, resulting in the following formulas:

: 1 . :
Motlonzl—_s [(Motion_Smoothness 0:706)=(0:9975 0:706) + 0:5 DynamicDegree]:

1 . . . .
Appearance—71 [(SubjectConsistency 0:1462)=(1:0 0:1462) + Asethetic Quality (46)

+ (Background Consistency 0:2615)=(1:0 0:2615) + Imaging Quality]:
Note that in ablation study (Figure 4), we also use the normalized VBench metrics.

2. User Study: We conduct a user study following the two-alternative forced-choice (2AFC) protocol. In each trial,
participants are presented with two videos (one generated by TFM and the other generated by a baseline method), and
are asked to select their preferred video under three criteria: overall quality, motion quality, and semantic coherence.
The video pairs are randomly sampled to avoid ordering bias. We recruit 40 participants, each of whom evaluates 10
video pairs. All participants are university students with computer science—related backgrounds, though not necessarily
specializing in generative Al. The preference rate of TFM is then computed for each evaluation criterion by aggregating
the selections across all participants.

D. Additional Discussions
D.1. Formulation of TFM

To motivate the formulation of TFM, we rst recall the governing equation (Eq (3)) of standard FM:
d oixPx® = md x0:x0 ;10 n (47)

which only involves an intra-frame term. Consequently, standard FM treats each frame independently and does not explicitly
model temporal correlations across frames. To make the ow temporally aware, it is therefore necessary to introduce
inter-frame terms that impose temporal constraints, which we interpret as motion prior.

The simplest and most natural form of inter-frame interaction is the connection between adjacent frames, i.e., between
t (Xjx 21’ )and ¢(xjx Q) )fort2[0;1] andl <i n . Aminimal way to characterize such an adjacent-frame dependency
is through the distance
d 0gx§? ) cix?) (48)
A natural extension of E47)is therefore to add this inter-frame term to its left-hand side. However, a naive addition is
insuf cient, as the ow must still satisfy the prescribed boundary conditions:=ad , xo = fx (1) pin (”) g should be a
valid solution, and att = 1, x = fx (11) Pl (”) g should be the unique solution.
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Enforcing these boundary conditions determines the corresponding term on the right-hand sigé7f \Ehich takes the
form of an interpolation between inter-frame distances att = 0 and t = 1. This leads to

doxix P )xP e d o oax TP ) cxix )

o _ _ _ L= (49)
= (td xg);xg) +1lis1 ()d xgl) ;xg) + 1 (b dxgl) ;xg) N R I ¢ 6

This equation is essentially the governing equation of TFM (&g except that in practice, we further extend it by
considering not only the connection to the preceding fraane; (xjx g b ); 1 (Xjx S) ) , but also the connection to the
succeeding frama  (xjx 2) ), (XX 2*” ) . Taken together, these observations indicate that TFM provides a direct and

minimal characterization of temporal correlations in video data, while preserving the boundary conditions and structure of
ow formulation.

D.2. When Does TFM Degenerate to Standard FM?

In this section, we examine the relationship between TFM and standard FM. In particular, since we have already shown that
TFM models a ow that is conceptually different from standard FM, we aim to characterize the conditions under which
TFM degenerates to standard FM.

Recall that the solution for intermediate latent to standard FM is given; byx ?) =@ @®)x S) + (Hx g) , for
t2[0;1]andl i n ,which satis es Eq47). For any nite , substituting this solution into the governing equation of
TFM (Eq (6)) yields

Loz d e 82 ) coix D)+ 1 ien d( exix @) c(xix 2 y)

) ) ) ) 50
=lpr [Odx 57 xP)+@ @dx P xP ) len [ xEP ) +@ @dx P xE O (%0

On the other hand, we have
d( ix$Y ) oaxPn=d @ Ox Yo+ ox §Y @ ox P+ @x Y 1)

@ @dx P xPy+ @dx §PxPy1<ion

Combining Eq(51) with Eq (50), we observe that the inequality in Egl) must in fact become an equality. This occurs
if and only if the two vectorxg) X Q” andxg) X gl) are collinear and share the same direction. Applying this
conditionto alll i n , we conclude that TFM degenerates to FM only when, for every frame indar vectors
x x (Y and )éi) X gl) are collinear and aligned.

Conversely, consider the scenario in which, forlalli n , the vectors<g) X Q” andxg) X gl) have the same

direction. First, we note that such a condition is almost surely violated in real-world video data. Second, under this highly
restrictive scenario, it is straightforward and intuitive that TFM degenerates to FM, since the direction and magnitude of the
ow are identical for each frame, and the temporal coupling imposed by TFM introduces no additional constraints beyond
those already captured by standard FM.

D.3. Time Complexity Analysis

In TFM, we introduce additional computations to model a more complex probability path, which is more suitable for
capturing temporal dynamics in video data. Importantly, these additional computations are incurred only during training
and do not introduce any time or memory overhead at inference. We rst analyze the time complexity of TFM from a
theoretical perspective. We focus on the GETLATENT function in Algorithm 2, which accounts for the majority of the
additional computational cost.

Speci cally, the GETLATENT function repeatedly invokes GETVELOCITY within a for looplofterations. The GETVE-
LocITY function itself consists of two components:

1. ComputeM andC: According to Eq(11), the calculation oM andC areO(nd), with n the total number of frames,
andd the dimension of latent feature. (Note th\tis sparse, and we only need to calculate elements along the
tri-diagonal)
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2. Solve ¢(x) : Using Thomas algorithm (Thomas, 1949), we can ef ciently solve the tri-diagonal syst@&tnjntime,
sinceM 2 R"" is diagonally dominant.

Consequently, the overall time complexity of the proposed TFI@({End + Tn) , compared td(nd) for FM. The

additional computational cost mainly arises from the iterative loops, which are necessary because the derived ODE does not
admit a closed-form solution. We further note that, except for special cases such as the straight ow used in standard FM,
most non-trivial ow formulations lack analytical solutions and therefore require numerical ODE solvers. In Section 5.3, we
guantitatively show that TFM incurs only a modest additional training cost compared to standard FM, while introducing no
extra computational overhead during inference.

D.4. Decomposition of Velocity in Loss Function

In Section 3.3, we introduce a residual-type lsss ™, in contrast to the solution-type loksss ™ used in standard FM. A
key design choice underlying this formulation is the decomposition of the target velocity into two components: direction and
magnitude. This decomposition is directly motivated by the structure of TFM and the properties of its governing equations.

First, in the TFM formulation, the direction of each frame-wise velocity is xed by construction, i.e., it is aligned with
xg) X 8) , While only the magnitudes are coupled through the ODE system. Decomposing the velocity accordingly and
assigning separate loss terms to direction and magnitude therefore mirrors the intrinsic structure of the dynamics.

Second, this separation improves optimization stability. Direction prediction is naturally formulated as a normalized
similarity objective, which is insensitive to scale, whereas magnitude prediction focuses exclusively on satisfying the linear
constraints imposed by the TFM equations, without being confounded by angular errors. Designing distinct losses for
direction and magnitude thus leads to a more stable and well-conditioned optimization process, and empirically facilitates
effective training of TFM. In ablation study (Figure 4, Table 10 and Table 11), we quantitatively compare the performance
of model under different choices of loss functions.

D.5. Selection of

|n_0UV formulation, the hyper-parametecontrol§ therel-  Taple 4. Mean absolute error of velocities between the TFM ow and
ative strength between the intra-frame and inter-frameM ow with respect to different values of .

terms. We theoretically establish that TFM is well-
de ned, i.e., the ow reaches the clean sample at Value of 4 5 6 8 10 100
t=1,when 4 . In practice, we set = 4.0 to MAE 415 350 304 240 168 2.2
ensure a unique solution and maintain numerical stability.
However, increasing places greater emphasis on the intra-frame term, thereby weakening the temporal constraints; in the
limitas !1, TFM degenerates to standard FM.

To further illustrate this behavior, we conduct an additional experiment (shown in Table 4) in which we measure the mean
absolute error between the per-frame velocity derived by TFM (with different valuesasfd the constant velocity in
standard FM. As increases, this difference decreases monotonically, indicating that the ow gradually approaches the
independent formulation of standard FM, which does not explicitly capture temporal dynamics.

E. Additional Experiments
E.1. TFM across Model Scales and Architectures

In the main experiments presented in Section 5.1, we apply TFM to the Wan2.1-T2V-14B model, one of the largest and
widely used open-source text-to-video models in the community. However, our method is agnostic to both model size
and architecture. To demonstrate this, we conduct an additional experiment by applying TFM to the substantially smaller
Wan2.1-T2V-1.3B model and a different backbone model HunyuanVideo-13B. The experimental settings are the same as in
the main experiment.

Speci cally, we quantitatively compare the two base models with their TFM- netuned counterparts on two benchmarks using
VBench automatic metrics. The results are summarized in Table 5 and Table 6. As shown, TFM consistently outperforms the
corresponding base models across both benchmarks, with particularly pronounced improvements on motion-related metrics.
For instance, on VideoJam-Bench, the overall motion score increases from 0.829 to 0.874 for Wan2.1-T2V-1.3B after
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Table 5. Quantitative comparison between TFM and its base model Wan2.1-T2V-1.3B on the two benchmarks, using VBench metrics.

Motion Appearance
Benchmark Method Motion Dynamic Subject Background Asethetic Imaging
Overall. : - ) ) Overall.
Smoothness Degree Consistency  Consistency Quality Quiality

VideoJam- Wan2.1-1.3B  0.989(0.008) 0.547(0.498) 0.829  0.945(0.041) 0.947(0.029) 0.570(0.077) 0.606(0.093) 0.759
Bench TFM-1.3B  0.993(0.005) 0.653(0.498) 0.874 0.958(0.035) 0.952(0.025) 0.544(0.071) 0.646(0.092) 0.768

Wan2.1-1.3B  0.991(0.008) 0.460(0.439) 0.805 0.963(0.042) 0.961(0.028) 0.574(0.079) 0.659(0.120) 0.784
TFM-1.3B  0.994(0.007) 0.490(0.392) 0.821 0.974(0.036) 0.964(0.026) 0.587(0.087) 0.666(0.112) 0.793

Movie-Gen

Table 6. Quantitative comparison between TFM and its base model HunyuanVideo on the two benchmarks, using VBench metrics.

Motion Appearance
Benchmark Method Motion Dynamic o Subject Background Asethetic Imaging .
Smoothness Degree " Consistency  Consistency Quality Quality ’

VideoJam- HunyuanVideo 0.986(0.015) 0.773(0.419) 0.898  0.931(0.053) 0.945(0.027) 0.570(0.072) 0.595(0.110) 0.752
Bench  TFM-Hunyuan 0.987(0.012) 0.843(0.498) 0.924  0.943(0.086) 0.931(0.040) 0.577(0.093) 0.609(0.129) 0.756

HunyuanVideo 0.990(0.009) 0.470(0.499) 0.806 0.941(0.059) 0.952(0.032) 0.596(0.082) 0.642(0.108) 0.775
TFM-Hunyuan 0.991(0.016) 0.575(0.396) 0.843  0.954(0.053) 0.978(0.032) 0.584(0.087) 0.648(0.125) 0.787

Movie-Gen

applying TFM, and from 0.898 to 0.924 for HunyuanVideo, corresponding to relative gains of 5.4% and 2.9%, respectively.
Meanwhile, the TFM- netuned models maintain competitive or even superior overall appearance scores.

These results demonstrate the effectiveness, practicality, and scalability of the proposed TFM across models of varying scales,
i.e., from compact to large-scale, as well as across different model architectures. Nevertheless, we note that TFM introduces
a more challenging training objective than the direct ow formulation used in standard FM. As a result, higher-capacity
models are generally better positioned to fully exploit the bene ts of TFM and to accurately learn ow representations that
are more suitable for video data.

E.2. Generality beyond Video Generation

Given the inherently temporal nature of TFM, we discuss in this segyple 7. Quantitative comparison of TFM and standard
tion its potential extension to other temporal domains, such as audiM on text-to-audio generation.

Speci cally, we conduct a preliminary experiment by applying TFM
to TangoFlux (Hung et al., 2026), a recent text-to-audio generation FD@#) CLAP("
framework built upon the standard FM pipeline, which enables a TangoFlux-FM  75.88 0.202
straightforward integration of TFM. We train TangoFlux with both TangoFlux-TFM  68.24 0.226
FM and TFM on 50k audio samples from the WavCaps (Mei et al.,
2024) dataset under identical settings, and observe consistent improvements with TFM in terms of FD (Cramer et al.,
2019) and CLAP score on the validation set (Table 7). Although this experiment remains preliminary, the results provide

encouraging evidence for the potential cross-domain applicability of our method.

E.3. Trade off between Sample Quality and Inference Ef ciency

In this section, we analyze the possible trade-off between sample quality and inference ef ciency for TFM and FM.
Speci cally, we investigate whether TFM requires more inference steps to generate high-quality videos, given that its
probability path is more complex. For ef ciency, we conduct this experiment using the 1.3B base model and measure video
quality using Fechet Video Distance (FVD) (Unterthiner et al., 2019).

As shown in Figure 7, FVD generally decreases with more inference steps for both FM and TFM. Importantly, TFM does
not exhibit noticeable quality degradation with fewer steps compared to standard FM, demonstrating that it can achieve
high-quality video generation ef ciently. We argue that, although the ow in TFM is more challenging to learn, its explicit
modeling of motion priors aligns well with the underlying video dynamics, enabling effective generation without requiring
additional inference steps.
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Figure 7. Comparison of generation quality in terms oféhet Video Distance (FVD) between TFM and FM with respect to the number
of inference steps on VideoJam-Bench. FM denotes the base Wan2.1-T2V-1.3B model, while TFM denotes the version ne-tuned with
our proposed Temporal-aware Flow Matching, as in Table 5.

Figure 8. Failed cases. Our method may struggle with highly complex physical processes, including object fracture (e.g., a vase breaking
on impact) and chain reactions (e.g., dominoes).

F. Limitations and Future Work

While TFM provides a more principled theoretical foundation for modeling video data and yields signi cant improvements

in motion generation, it still exhibits several limitations, as illustrated in Figure 8. Empirically, TFM may struggle with
highly complex physical processes, such as object fracture (e.g., a vase breaking upon impact) and long-range chain reactions
(e.g., domino cascades). Typical failure modes include violations of physical laws and visually ambiguous or incoherent
motion patterns, limitations that are also prevalent in most existing models trained with standard FM objectives.

We attribute these shortcomings primarily to the fact that, although TFM is the rst method to explicitly introduce temporal
constraints into the ow formulation, to the best of our knowledge, it currently adopts only the simplest and most natural
mechanism for incorporating temporal control. This leaves substantial room for future explorations, such as modeling richer
and more complex probability paths that better capture motion priors inherent in video data. In addition, the ne-tuning data
used by TFM is extremely limited, accounting for only approximately 0.01% of the original pre-training data used by the
base model. Owing to computational constraints and the lack of large-scale, high-quality public video-text datasets, we are
unable to implement TFM under more extensive ne-tuning regimes. Nevertheless, even under this light-weight ne-tuning
setting, TFM consistently outperforms existing methods.

Finally, we note that TFM emphasizes intrinsic temporal correlations induced by data structure rather than video-speci ¢
assumptions. As a result, the proposed formulation is not restricted to the video domain and can be naturally extended to
other forms of temporally structured data, such as audio. A preliminary study on text-to-audio generation is provided in
Appendix E.2.
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G. Complete Tables and Additional Figures

In this section, we provide additional tables and gures that complement the results presented in the main paper. Speci cally,

« Table 8: A detailed breakdown of the VBench metrics on VideoJam-Bench, including standard errors, corresponding to
Table 1 in the main paper.

e Table 9: A detailed breakdown of the VBench metrics on Movie-Gen, including standard errors, corresponding to
Table 2 in the main paper.

 Table 10 and Table 11: The exact numerical statistics underlying the ablation study in Figure 4, reported in Table 10 for
VideoJam-Bench and Table 11 for Movie-Gen.

» Figure 9: Additional qualitative comparison between TFM and baseline methods.

« Figure 10: Additional generated samples of TFM.

Furthermore, we provide generated video samples in the supplementary material. For ease of evaluation, we have created a

webpagelfttps://pzrain.github.io/tfm ) showcasing the generated samples and qualitative comparisons with
baseline methods.

25



Temporal-aware Flow Matching for Video Generation with Temporally Coherent Motion

Table 8. Breakdown of VBench metrics with standard errors corresponding to the quantitative comparison between TFM and baseline
methods on VideoJam-Bench in Table 1. The top and second top performances have been bolded or underlined respectively.

Motion Appearance

Method Motion Dynamic Subject Background Asethetic Imaging
Overall. - : . . Overall.

Smoothness Degree Consistency  Consistency Quality Quality
0.8440.363) 0.894  0.924(0.044) 0.952(0.023) 0.536(0.078) 0.620(0.113) 0.750
0.945(0.027) 0.570(0.072) 0.595(0.110) 0.752

0.648(0.097)  0.780

CogVideoX 0.974(0.021)
0.653(0.097) 0.783

Hunyuan  0.986( 0.015)
Wan2.1  0.9900.008) 0.716( 0.500)

TEM 0.991(0.009) 0.930( 0.495)

0.773(0.419)  0.898 0.931(0.053)
0.888  0.953 0.029)

0.961  0.958(0.032)

0.955(0.022) 0.591(0.071)
0.956(0.021) 0.5900.074)

Table 9. Breakdown of VBench metrics with standard errors corresponding to the quantitative comparison between TFM and baseline
methods on Movie-Gen in Table 2. The top and second top performances have been bolded or underlined respectively.

Motion Appearance
Method Motion Dynamic Subject Background Asethetic Imaging
Overall. : : ) . Overall.
Smoothness Degree Consistency  Consistency Quality Quality
CogVideoX1.5 0.982(0.020) _0.5100.500) 0.801  0.949(0.042) 0.962(0.020) 0.572(0.094) 0.673(0.114) 0.783
Hunyuan 0.990( 0.009) 0.470(0.499) 0.806 0.941(0.059) 0.952(0.032) 0.5960.082) 0.642(0.108) 0.775
Wan2.1 0.9940.006) 0.440(0.427) 0.805 0.96§ 0.045) 0.964(0.025) 0.601(0.086) 0.649(0.112) 0.791
TFM 0.995(0.004) 0.590(0.392) 0.858 0.976(0.032) 0.968(0.020) 0.592(0.087) 0.6620.111) 0.795
Table 10. Ablation study comparing TFM and two variants on VideoJam-Bench, using VBench metrics.
Motion Appearance
Method Motion Dynamic Subject Background Asethetic Imaging
Overall. - : ) . Overall.
Smoothness Degree Consistency  Consistency Quality Quality
losg™ 0.983(0.005) 0.784(0.500) 0.894 0.954(0.036) 0.952(0.022) 0.508(0.073) 0.622(0.109) 0.752
FM- ow 0.975(0.005) 0.600(0.400) 0.815  0.942(0.038) 0.947(0.022) 0.490(0.101) 0.609(0.140)  0.739
FM
loss' ('FIII\';')\A ow 0.991(0.009) 0.930(0.495) 0.961  0.958(0.032) 0.956(0.021) 0.590(0.074) 0.653(0.097) 0.783

Table 11. Ablation study comparing TFM and two variants on Movie-Gen, using VBench metrics, corresponding to Figure 4.

Motion Appearance

Method Motion Dynamic Subject Background Asethetic Imaging
Overall. - : ) . Overall.

Smoothness Degree Consistency Consistency Quality Quality
los$™ 0.994( 0.003) 0.460( 0.367) 0.811  0.974( 0.034) 0.954( 0.034) 0.504( 0.097) 0.633( 0.135) 0.756
FM- ow 0.993( 0.005) 0.461( 0.498) 0.810 0.952( 0.036) 0.953( 0.023) 0.538( 0.079) 0.617( 0.102) 0.751

FM

loss (.IJ_'II“';?A ow 0.995( 0.004) 0.590( 0.392) 0.857 0.976( 0.032) 0.968( 0.020) 0.592( 0.087) 0.662( 0.111) 0.795
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Figure 9. Additional qualitative comparisons between TFM and baseline methods.

18H$# *4&2$*'6&"")* [TH5E&H"$.."*"*8("* 76" &I&Y0/4&#H "% $8() &9 8H6%, '2&.$'&")*76-V4d

IH#F"$2$4"*'8"6&)-%*4&) +"8$;&#"%3$) P &6" V05 &HiH" (-&Y0&H"- T"*" 17 68*HUR '#<"'8*4%5

1(#'6$1")&*(#"-74$""(-)&"$."*/4187")&*,&#"$7"*"(*'," (*45="#%*44& - 71"1$)6&7"*76"&6".$)-*1&"5-15% 4$"45& "'

I"HEHSYV&" () F+&"H -))./))+" 0/ 11)&H"*"2%))"3-45" 458" & &4

DS 2¥) 8- T4 1408 [))+"6* 796 8&H"35-)&"43-)-T1"*" )$3-71"9B2$7

PHBB*T"-#"0/8(-71"$(&"$7"45& " #*76+" 289865

Figure 10. Additional generated samples of TFM across various motion types.
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