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Supplementary Material

A. Full derivations
In this section, we provide the derivations for our model.
We start with a brief summarization of the Edit Flows
framework in video space before deriving the interleaved
time schedule for concurrent frame insertions and denois-
ing and training losses.

A.1. Edit flows and frame insertions

Setup. As explained in the main manuscript, we model
videos as sequences of frames from the space X . We use
a blank token ∅ to mark empty positions in a sequence of
videos. Let Z =

⋃N
n=0(X ∪ {∅})n define the space were

the (augmented) videos live and fstrip : Z → X the mapping
from augmented to observable space where fstrip removes
all blanks (i.e Xt = fstrip(Zt)), and define the product delta
on sequences δz1(z2) =

∏
i δzi

1
(zi2).

Under this parameterization, a sample Z0 ∈ Z in aug-
mented space is a series of noise frames interleaved with
blank tokens at random locations, as illustrated in Figure 9.

Conditional probability path. We prescribe a coupling
between source and target distributions. We use the stan-
dard independent coupling where each clean frame is paired
with an independent Gaussian noise frame. Concretely, for
the source we take

X0 ∼
k∏

i=1

N (Xi
0; 0, I),

and use an augmented variable Zt ∈ (X ∪ {∅})n to model
masked insertions. At t = 0, we start from the all-blank
sequence Z0 = (∅, . . . ,∅) and gradually reveal the clean
frames X1 according to the scheduler κt.

Given X1 ∼ pdata a video with n frames, we define a con-
ditional masked path over Zt ∈ (X ∪ {∅})n interpolating
between X0 ∈ N (0, I)k (with k ≤ n) and X1 where tran-
sitions from blank frames to real frames follow the proba-
bility law:

pt(Xt, Zt | X1) = pt(Xt | Zt) pt(Zt | Z1) (13)

= δfstrip(Zt)(Xt)

n∏
i=1

[
(1− κt) δ∅(Z

i
t) + κt δXi

1
(Zi

t)
]

with κ0 = 0, κ1 = 1. Each token in Zt is blank with
probability 1− κt or equals Xi

1 with probability κt.

Continuous-time Markov chain (CTMC). We describe
the binary reveal process for frame insertions by a CTMC
in augmented space. As described previously, let Zt ∈ Z

Figure 9. Illustration of the coupling between source and target
distributions in augmented space Z . Starting frames are initial-
ized as noise vectors ϵ ∼ N (0, I) while others are blank tokens
in augmented space which are transformed into noise vectors at
their corresponding insertion time. Horizontal lines on the arrows
indicate the time when a frame is revealed in the schedule.

denote the augmented sequence with blanks, and Xt =
fstrip(Zt) its observable subsequence. The CTMC acts only
on the discrete reveal decisions in Zt; continuous evolu-
tion of frame contents is handled separately by the flow-
matching ODE which we develop later on.

Marginally over Zt, the induced evolution on observable
sequences has the infinitesimal transition kernel

P(Xt+h | Xt) = δXt(Xt+h) + hut(Xt+h | Xt) + o(h),
(15)

where ut is the marginal insertion rate obtained from the
underlying CTMC on (Xt, Zt).

Conditional CTMC rate. As demonstrated in [14], a con-
ditional CTMC that samples from (13) can be written

ut(x, z | Xt, Zt, X1) = (14)( n∑
i=1

κ̇t

1− κt

[
δXi

1
(zi)− δZi

t
(zi)

])
δfstrip(z)(x),

where x = ins(Xt, i, a) for some i ∈ [n], a ∈ X . This gives
the infinitesimal probability shift from (Xt, Zt) to (x, z),
restricted to next states x that differ by one insertion at most.
Intuitively, any masked position i transitions from ∅ to Xi

1

with a rate κ̇t/(1 − κt), ensuring that a sample started at
Z0=[∅, . . . ,∅ ] reaches X1 as t→ 1.

Training loss. We train a model that transports sequences
via insertions, uθ

t (x | Xt), where x = ins(Xt, i, ϵ) for some
i, ϵ, by marginalizing the auxiliary Zt and the data X1.

As shown by [14], the marginalized ground-truth rate
ūt(· | Xt) =

∑
z Ept(zt|Xt) ut(·, z | Xt, zt, X1) gener-

ates pt(Xt), any Bregman divergence Dϕ(a, b) = ϕ(a) −
ϕ(b) − ⟨a − b,∇ϕ(b)⟩ can be used to regress the marginal
rate. Following [14, 17, 24], we use a Bregman divergence



between measures over next states and marginalize over all
z such that x = fstrip(z):

EX1∼pdataE(Xt,Zt)∼pt(Xt,Zt|X1)

Dϕ

(∑
z

ut(·, z | Xt, Zt, X1), u
θ
t (· | Xt)

)
. (15)

Choosing the entropy as a potential function ϕ(u) =
⟨u, log u⟩ gives the explicit loss (see Theorem B.2 for the
derivation of this term)

L = Et,X1,Xt,Zt

[∑
x̸=Xt

uθ
t (x | Xt) (16)

−
n∑

i=1

1(Zi
t = ∅)

κ̇t

1− κt
log uθ

t

(
ins
(
Xt, j,X

i
1

)
|Xt

) ]
,

where j is the slot in Xt corresponding to the first non-∅
coordinate to the left of Zi

t . This alignment ensures that
inserting at position i corresponds to changing Zi

t : ∅ →
Xi

1.
Loss simplification. Following [24], we adopt an
equivalent t-independent parameterization for one-insertion
moves. Rather than modeling separate rates for each indi-
vidual missing frame, we define a single slot-level insertion
rate. For a one-insertion move x = ins(Xt, i, ϵ) (inserting a
fresh noise frame ϵ at slot i), we write

uθ
t

(
ins(Xt, i, ϵ) | Xt

)
=

κ̇t

1− κt
λi(Xt), (17)

where λi(Xt) ≥ 0 is the total insertion rate at slot i. The
actual frame content is always sampled from a fixed noise
prior (e.g. ϵ ∼ N (0, I)) and is not parameterized.

Let Aj denote the set of missing frames associated with
slot j, i.e. those to be inserted “to the right” of j at time t
under the alignment. Substituting this parameterization into
Equation (16) and collecting the θ-dependent terms yields

L(θ) = E(·)
κ̇t

1− κt

ℓ(Xt)∑
j=1

λj(Xt)−
∑
a∈Aj

logλj(Xt)


= E(·)

κ̇t

1− κt

ℓ(Xt)∑
j=1

(
λj(Xt)− |Aj | log λj(Xt)︸ ︷︷ ︸

Poisson NLL

)
+ const.

(18)

where the expectation is over τ,X1 ∼ pdata and (Xt, Zt) ∼
pt(Xt, Zt | X1), while t = clip(τ, 0, 1). As pointed out by
[14], keeping the factor κ̇t

1−κt
preserves a direct ELBO inter-

pretation, while removing it can be more stable in practice;
both choices recover the familiar Poisson loss over insertion
counts. So in practice, the loss we use is

Lins(θ) = E(·)

[
ℓ(Xt)∑
j=1

(
λj(Xt)− |Aj | log λj(Xt)

)]
. (19)

A.2. Velocity flow-matching objective
Now we have the loss for the insertion term (where to in-
sert and with with what probability), now we need to model
how to update the currently active frames. We briefly recall
the derivation of the velocity loss used for denoising active
frames.

Following rectified flow matching, for ti ∈ [0, 1], each
frame i follows a a linear probability path ti

Xi
ti = tiX

i
1 + (1− ti)X

i
0 ∼ pit. (20)

Consider a rectified flow coupling between source X0 ∼ p0
and target X1 ∼ p1 governed by the ODE

dXt

dt
= v(Xt, t), t ∈ [0, 1]. (21)

Under this coupling, the population-optimal velocity field
satisfies

v⋆(Xt, t) = E
[
X1 −X0

∣∣ Xt, t
]
. (22)

The Conditional Flow Matching (CFM) objective then
trains a neural velocity field vθ to regress onto this target:

Lvel = Eτ,X0,X1

[
1[0,1)(τ)

∥∥vθ(Xt, t)− (X1 −X0)
∥∥2],

(23)
where t = clip(τ, 0, 1). As shown by [22], this CFM loss
has the same optimum as the original Flow Matching ob-
jective and is minimized uniquely by vθ = v⋆ in function
space.

In Flowception we apply this objective at the frame level.
Each frame i has a local time ti ∈ [0, 1) induced by the
extended-time construction described above, and we write
Xi

ti for its state along the linear path. The loss in Equa-
tion (23) is evaluated only on active frames, i.e. those with
τi ∈ [0, 1], and we mask out both frozen frames (τi < 0)
and terminal frames (τi ≥ 1) during training and sampling.

A.3. Interleaved time schedule for frame insertions
We now derive the interleaved schedule used to concur-
rently insert new frames and denoise existing frames, en-
suring that training and sampling observe the same joint law
over local times.
Design choice. At the instant of insertion we can either
(i) fully or partially denoise the frame, or (ii) insert pure
noise and denoise afterwards. We adopt (ii) for concurrency
and parallelism: a single forward pass handles both velocity
prediction for present frames and insertion decisions, while
newly inserted frames start at local time 0 and are denoised
in context thereafter.

Since the source psrc = N (0, I) and target pdata distri-
butions of the data are usually decoupled, any sample from
psrc is valid for the inserted frame.



Global and local times. Let tg ∈ [0, 1] denote the se-
quence (global) time that advances monotonically during
generation. Each frame i has a local time ti ∈ [0, 1] (used
by the rectified flow coupling). We must respect the causal
constraint that a frame cannot be more denoised than the se-
quence has progressed, i.e., tg ≥ ti for all frames i currently
present.

Insertion-time law and inverse-CDF sampling. Let
κ : [0, 1] → [0, 1] be the monotone reveal scheduler with
κ0 = 0, κ1 = 1, and define the hazard ρκ(t) = κ̇t/(1−κt).
We model insertion times by the density p(tins) = κ̇t,
equivalently tins = κ−1(u), u ∼ Unif(0, 1).

For a frame inserted at sequence time tg , we set its lo-
cal time to zero: ti ← 0. Hence the instantaneous offset
between the global and local times is distributed as

tg − ti = tins, 0 ≤ tg, ti, tins ≤ 1, (24)

so that local time always lags behind global time by a ran-
dom, scheduler-consistent delay.

Multi-frame generalization. To make Equation (24) hold
during training for all frames, we lift time to an extended
interval and tie each frame to an independent offset. Let

τg ∈ [0, 2], tg = clip(τg), t = clip(τ, 0, 1).
(25)

For every potential frame index i, draw ui ∼ Unif(0, 1) and
define the extended local time

τi = τg − κ−1(ui), ti = clip(τi). (26)

This yields three phases per frame:
• (frozen): τi < 0
• (flowing): τi ∈ [0, 1]
• (terminal): τi > 1

Let A = {i : τi ∈ [0, 1]} denote the active set
τi ∈ [0, 1). During training we sample (τg, {ui}), form
(tg, {ti}), delete frames with τi < 0, and apply the flow
matching loss only to indices in A. By construction, the
marginal law of (tg, {ti}) exactly matches that encountered
at sampling, thus samples remain in-distribution.

B. Additional derivations and remarks

B.1. Deriving the insertion rate

Let κ : [0, 1]→ [0, 1] be a nondecreasing insertion schedule
with κ(0) = 0, κ(1) = 1, differentiable almost everywhere.
For a single frame, define its reveal time T with cumulative
density function (CDF) FT (t) = P[T ≤ t] = κ(t) on [0, 1]
and survival S(t) = 1− FT (t) = 1− κ(t).

Lemma B.1 (Instantaneous reveal hazard). The instanta-

neous reveal hazard for insertion schedule κ is given by

ρκ(t) = lim
∆→0+

P
(
T ∈ [t, t+∆) | T > t

)
∆

=
κ̇(t)

1− κ(t)
,

(27)

for t ∈ (0, 1) and ρκ(t) = 0 outside (0, 1).

Proof. By definition, for [t, t+∆) ⊂ [0, 1), we have

P(T ∈ [t, t+∆) | T > t) =
P(T ∈ [t, t+∆), T > t)

P(T > t)

=
FT (t+∆)− FT (t)

S(t)

=
κ(t+∆)− κ(t)

1− κ(t)
.

(28)
Plugging this in Equation (27) results in ρκ(t) = κ̇(t)

1−κ(t) .
For t /∈ (0, 1), FT is constant, hence ρκ(t) = 0.

B.2. From Bregman divergence to the insertion loss
Let φ(z) = z log z − z on R≥0 and Dφ(u∥λ) =∑

j{uj log(uj/λj) + λj − uj}.

Proposition B.2 (Bregman objective). For a fixed snapshot,∑
j

[
λj − uj log λj

]
and Dφ(u∥λ)

differ by a constant in u; thus they have the same minimiz-
ers. The training objective

Lins(θ) = E(·)

[∑
j

λt,j(Xt)− ut,j(Xt) log λt,j(Xt)
]

is therefore a valid form to learn that converges towards the
marginal expectation while only the conditional expectation
is used.

Corollary B.3 (Pointwise optimum). The per-snapshot ob-
jective in Prop. B.2 is strictly convex in each λj > 0 and is
minimized uniquely at λj = ut,j .

Proof. Similarly to Edit Flows [14], we make use of the
cross-entropy generator function to define the potential
function for the Bregman divergence :

∀(z ≥ 0), ϕ(z) = z log z − z.

Given ground-truth nonnegative targets u = {uj}j and
model predictions λ = {λj}j , the separable Bregman di-
vergence is

Dϕ(u∥λ) =
∑
j

(
ϕ(uj)− ϕ(λj)− ϕ′(λj) (uj − λj)

)
.



Which simplifies for each coordinate j to

ϕ(uj)− ϕ(λj)− ϕ′(λj)(uj − λj)

=
(
uj log uj − uj

)
−
(
λj log λj − λj

)
− (log λj) (uj − λj).

(29)
Collecting terms gives

Dϕ(u∥λ) =
∑
j

(
uj log

uj

λj
+ λj − uj

)
=
∑
j

(
λj − uj log λj

)
+
∑
j

(
uj log uj − uj

)
︸ ︷︷ ︸

constant in λ

.

(30)
Since

∑
j(uj log uj−uj) does not depend on λ, minimizing

E[Dϕ(u∥λ)] over model parameters is equivalent to mini-

mizing E
[∑

j λj − uj log λj

]
.

For the reveal schedule κ : [0, 1] → [0, 1] with hazard
ρκ(t) = κ̇(t)/(1− κ(t)), the true marginal insertion rate at
snapshot (Xt, t) is

ut,j(Xt) = ρκ(t)Kj(Xt)1[0,1](t),

where Kj(Xt) is the pending-count in slot j. The general
form of the insertion loss then becomes

Lins(θ) = E

∑
j

λt,j(Xt)− ut,j(Xt) log λt,j(Xt)


= E

∑
j

λt,j(Xt)−ρκ(t)Kj(Xt)1[0,1](t)logλt,j(Xt)

.
(31)

In particular, when using the linear scheduler κ(t) = t,
then ρκ(t) =

1
1−t and

Lins(θ)=E
[∑

jλt,j(Xt)−
Kj(Xt) 1[0,1](t)

1−t log λt,j(Xt)
]

(32)

B.3. Generalized insertions with Poisson thinning

From Bernoulli to Poisson. The Bernoulli-thinning sam-
pler in Algorithm 1 draws a single bit per slot and per step,
which permits at most one insertion in slot j during the step
of size ∆. As ∆ → 0, the sum of independent Bernoulli
micro-trials with success probability 1 − exp(−λ∆) con-
verges in law to a Poisson random variable with mean∫
λ(s) ds. This suggests a finite-step scheme that explic-

itly allows multiple insertions.
Poisson process. A time-inhomogeneous Poisson process
on [t, t+∆) with instantaneous rate ρ(s) ≥ 0 has indepen-
dent increments and satisfies

N([t, t+∆)) ∼ Poisson

(∫ t+∆

t

ρ(s) ds

)
.

If ρ(s) is approximately constant on the step, then N ∼
Poisson(ρ(t)∆). Conditioned on N = n, the event times
are i.i.d. uniform in the interval.
Drawing from Poisson process. To enable multiple inser-
tions per slot, we replace the Bernoulli draw with a Poisson
draw

Nt,j

∣∣ (Xt, t) ∼ Poisson
(
Λt,j

)
, (33)

Λt,j ≈ ∆ut,j(Xt) = ∆ ρκ(t)Kj(Xt).

This enables us to insert Nt,j new elements into slot j (each
initialized with independent base noise) and doing this in
parallel across all slots. This preserves the expected number
of births per step, E[Nt,j ] ≈ ∆ut,j(Xt), and removes the
at most one insertion per slot constraint.

C. Discussions
C.1. Baseline implementation details

Full-sequence. For the full-sequence model training, we
follow standard setups [13, 36] and sample timesteps dur-
ing training according to a lognorm schedule. Similarly to
Flowception, we expand the channel dimension of the in-
put by a factor two, and use the second half to encode the
(clean) context frames, allowing to support the image-to-
video framework. For training on variable length videos,
we experiment with two strategies. (1) In each batch we
have videos of different length, and we mask out the loss on
padded frames. (2) in each batch we collect videos of the
same length only. We find (2) to perform more favorably
in preliminary experiments and consequently use it for our
remaining experiments.
Autoregressive. We also use a lognorm schedule for
the timestep sampler, while the number of context frames
is sampled randomly with uniform probability across the
length of the video.

C.2. Finetuning Pre-trained Models
In order to finetune open-source models with our method,
there are some changes that need to be done to the architec-
ture to adapt to our framework, we describe these changes
below.
• Framewise time embeddings: In Flowception, each frame

in the video can have different noise level associated to
a timestep ti, we therefore adapt the AdaLN layers to
modulate each frame independently according to its noise
level.

• Variable length: we extend the model to support vari-
able length sequences per-batch by feeding a frame ac-
tivity mask which is responsible for the masking padding
frames from the attention.

• Insertion rate tokens: We append one learnable frame to-
ken per frame to the sequence (after patch embedding and



before the transformer stack). This token participates in
all self and cross-attention layers, takne the rope coordi-
nates corresponding to the gap between layers at the cen-
ter spatial position (cx, cy, ct = W/2, H/2, ti), allowing
it to aggregate frame-level information to predict the in-
sertion rates. After the transformer layers, a lightweight
head followed by an exponential activation is used to pre-
dict the insertion rates.

C.3. Flowception as implicit temporal compression
When a frame is inserted as pure noise (xnew = ε, tnew =
0), its clean identity among the (K) pending in-slot frames
is unresolved at birth. Under the masked Flow Matching
objective, the population-optimal first velocity is the con-
ditional mean over the posterior of the missing frames (in-
tegrating both which clean frame it will become and that
frame’s content):

v⋆new = Emiss
[
X1,new | Xt, t,M

]
− ε (34)

= Emiss
[
Z | Xt, t,M

]
− ε, (35)

where Z is a random clean frame drawn from the posterior
over the K not-yet-revealed frames in that slot induced by
the snapshot law and the insertion-rate hazard ut,j(Xt) =
ρκ(t),Kj(Xt), with ρκ(t) = κ̇(t)/(1− κ(t)), and ρκ(t) =
1/(1 − t) for linear κ. Thus the first update points from
noise toward a group-wise conditional expectation over the
missing frames, not toward a single target.

In full-sequence flow matching, by contrast, all frames
are present (as noise) at every step, so there is no identity
ambiguity: the optimal direction for index j is the per-index
conditional mean E[X1,j | Xt, t]−X0,j , i.e., no marginali-
sation over missing content. The Flowception update there-
fore acts like an implicit temporal aggregator early on: ac-
tive tokens move toward expectations that average over as-
yet unseen in-between motion, while the unrevealed frames
are integrated out.

D. Efficiency Comparison
We now study the impact of using Flowception on sampling
efficiency compared to full-sequence diffusion and autore-
gressive paradigms. Let L = H×W denote the number
of tokens per frame, and n the number of frames. The to-
tal sequence length is therefore nL. For this analysis we
disregard the text tokens and the per-frame extra rate token
for Flowception since we are only interested in orders of
magnitude.
Full-sequence. Full-sequence diffusion and flows evolve
all frames simultaneously, sharing a global timesteps be-
tween the n frames. At each sampling step all nL tokens
are active, and self-attention dominates with quadratic cost.
The total complexity over Tfull steps is therefore

Cfull ≈ Tfull (nL)
2.

Autoregressive (no caching). In autoregressive
diffusion/flow-matching, frames are generated sequen-
tially, one at a time, each conditioned on all previously
generated frames. A generation step involves appending
a noise frame to the end of the sequence before evolving
it using flow matching, which requires TAR inner steps
in order to evolve the noise sample into a valid frame by
predicting the velocity field for that frame. At step j, the
active sequence length is jL, yielding a cumulative cost

CAR ≈ TAR

n∑
j=1

(jL)2 ≤ 1
3 TAR L2n3.

This cubic dependence on n makes autoregressive diffusion
substantially more expensive than full-sequence diffusion.
Autoregressive diffusion (with caching). With key-value
(KV) caching, past tokens do not need to be recomputed. At
step j, attention is computed only between the L new tokens
and the cached jL past tokens, for cost O(jL2). Summing
across n frames yields

CAR+cache ≈ TAR

n∑
j=1

jL2 ≈ 1
2 TAR L2n2.

Flowception. When starting from the empty sequence
and under a linear insertion scheduler, the active fraction is
κ(τ)=τ and the (expected) active sequence length art any
point is Rτ=τnL. Averaging the quadratic self-attention
cost over the trajectory yields

Cflow ≈ Tflow (nL)2 Eτ [τ
2] = 1

3 Tflow (nL)2.

Allowing Flowception to take α times more steps than the
baseline (Tflow = αTfull), to account for the delayed denois-
ing of frames interted later, gives

Cflow ≈ α
3 Tfull (nL)

2.

In our experiments we set α = 2 to roughly allow the same
number of denoising steps per frame as the full-sequence
model, even for frames inserted close to tg = 1.
Comparison. The asymptotic speedups between the dif-
ferent methods are

speedupFC vs. Full =
Cfull

Cflow
≈ 3

α

speedupFC vs. AR ≈
n

α

TAR

Tfull

speedupFC vs. AR+cache ≈
3

2α

TAR

Tfull

Flowception achieves computational efficiency by inter-
leaving discrete frame insertions with continuous denoising,
resulting in an implicit temporal compression that reduces



Table 5. Comparison of expected FLOPs during sampling.

Full-seq AR AR+cache Flowception

Complexity Tfull(nL)2 n
3 TAR(nL)2 1

2TAR(nL)2 α
3 Tfull(nL)2

the average sequence length per sampling step. Unlike
AR without caching models which exhibit cubic complex-
ity O(n3) in the number of frames n, Flowception scales
quadratically, O(n2), providing a significant asymptotic
speedup. Compared to full-sequence diffusion, the method
achieves a theoretical speedup of approximately 3/α (yield-
ing 1.5× for α = 2) by leveraging a linear insertion sched-
ule that avoids redundant computation on noise-only tokens.
We summarize the complexities of the different frameworks
in Table 5.

E. Algorithms & implementation

We provide algorithms for Flowception training and sam-
pling procedures.

In Algorithm 1, we provide a sketch of the sampling al-
gorithm, assuming a number of starting frames nstart and a
step size h that is shared between insertions and flow match-
ing. For simplicity, we do not include context frames in the
sketch of the algorithms. We start with ti = 0 for the start-
ing frames. Each sampling step iterates two operations, flow
matching on the current set of frames, followed by inser-
tions to the right of each frame i ∈ {1, . . . , ℓ(X)}, which
happens with probability hiλi

κ̇(tg)
1−κ(tg)

where λi is the rate
associated with the frame i. When a new frame is inserted,
we insert a new frame as a pure noise ins(X, i, ϵ), ϵ ∼
N (0, I).

We detail the training algorithm in Algorithm 2. First,
we sample a set of timesteps according to the Flowcep-
tion schedule, τi, i ∈ {0, . . . , n}, we map these timesteps
to deletion operations according to the insertion schedule
X ← fstrip(Xtarget,M), t ← fstrip(t,M). Next, the remain-
ing frames are noised according the rectified flow match-
ing schedule X = tX + (1 − t)X0. The model is then
fed these noised frames and their associated timesteps, pre-
dicting their associated velocities and insertion rates. The
training losses are detailed in the main manuscript.

Time sampling. using the time sampling in Algorithm 2,
it can happen that for the sampled τg all frames in a video
are already denoised (in particular when all frames are in-
serted early), rendering the video useless for training. To
ensure that there is at least one evolving frame per video,
we can instead first sample the terminal time for the last
frame in the video (when the last flow step happens), before
deriving τg and sampling the individual offsets. To do this
we proceed in the following manner:
1. Sample the insertion times tiins ∼ Unif(0, 1)

Algorithm 1 Flowception generation procedure

1: function FLOWCEPTIONGENERATION(step size h)
2: X ∼

∏nstart
i=1 N (Xi; 0, I)

3: t← [0, . . . , 0] = [0]nstart ▷ per-frame times
4: tg ← 0 ▷ global time
5: while min{ti} < 1 do ▷ iterate until all frames are

clean
6: X, t, tg ← FLOWCEPTIONSTEP(X, t, tg, h)
7: end whilereturn X
8: end function
1: function FLOWCEPTIONSTEP(X, t, tg, h)
2: v, λ← FlowceptionModel(X, t; θ)
3: hi = min{h, 1− ti} ▷ clean frames are frozen
4: X ← X + hv ▷ apply flow step to denoise
5: t← clip(t+ h, 0, 1)
6: tg ← max(t) ▷ update time trackers
7: ▷ all insertions are implemented in parallel
8: for all i ∈ {1, . . . , ℓ(X)} do
9: with probability hiλi

κ̇(tg)
1−κ(tg)

:
10: ▷ inserted frames are set to pure noise
11: X = ins(X, i, ε) where ε ∼ N (0, I)
12: ▷ inserted time values are set to zero
13: t = ins(t, i, 0)
14: end for
15: return X, t
16: end function

Algorithm 2 Flowception training procedure

Require: scheduler κ
1: function FLOWCEPTIONTRAININGSTEP(κ)
2: Xtarget ∼ ptarget
3: τg ∼ p(τg) ▷ can choose e.g. logit normal
4: ui ∼ Unif(0, 1)
5: τi ← τg − κ−1(ui) ▷ per-frame extended times
6: Mi ← 1[τi≥0] ▷ i-th frame is deleted if τi < 0
7: ▷ sample noisy frames
8: ti ← clip(τi)
9: X0 ∼ N (0, I)

10: X = tXtarget + (1− t)X0

11: ▷ remove deleted frames
12: X ← fstrip(X,M)
13: t← fstrip(t,M)
14: v, λ← FlowceptionModel(X, t; θ)
15: L ← . . . ▷ compute insertion and velocity losses
16: θ ← optimizer_step(θ,∇L)
17: end function

2. Compute maximum τmax that we need: max{tiins}+ 1
3. Sample τg ∼ Unif(0, τmax)
4. Compute τi = τg − tiins

Additionally, following other works [13, 24, 36], we used



a lognorm global schedule during training to be beneficial
τg ∼ lognorm(0, 1) · τmax.

Loss reduction. Another important point is about the loss
reduction for both the velocity and Poisson likelihood, since
each sample in the training batch can have a varying num-
ber of frames which are still evolving, i.e. with 0 ≤ τi < 1,
a question arises around how to reduce the velocity loss
across these frames. We experimented with both per-sample
mean reduction (each video contributes equally indepen-
dently from the number of active frames) and a mean re-
duction across all active frames in the batch (all frames in
the batch contribute equally, so shorter videos contribute
less). We found the latter to be more stable, especially for
longer sequences while the former tends to over-optimize
for short sequences (early stages of sampling or shorter
videos) which in turns biases the model to under-insert.

Local sampling schedules. In video generation, early dif-
fusion timesteps are particularly important, as they estab-
lish global structure, motion, and temporal alignment be-
fore later steps primarily refine appearance. This effect is
amplified in our setting, where frames are inserted asyn-
chronously into an evolving sequence: immediately after
insertion, a frame is highly uncertain and must rapidly be-
come consistent with its temporal neighbors. To address
this, the denoising time steps can be biased towards the start
of the process. For example, [28] uses a linear-quadratic
scheduler where the first portion of sampling follows a lin-
ear schedule with a small step size ≈ 1/1000, while the
remaining time steps follow a quadratic schedule to arrive
at t = 1.

To prioritize this post-insertion regime in Flowception,
we introduce a framewise time reparameterization: each
frame i maintains its own solver coordinate ui ∈ [0, 1] and
physical diffusion time ti ∈ [0, 1], linked by a strictly in-
creasing function ti = f(ui). During sampling, we ad-
vance the solver coordinates by a fixed step ∆u for all
active frames, compute the corresponding physical incre-
ments ∆ti = f(ui + ∆u) − f(ui), and update xi ←
xi+∆ti vθ(xi, ti) in the same scalar time variable t ∈ [0, 1]
used during training. This preserves consistency with the
training setup while allowing the effective step size in dif-
fusion time to depend on a frame’s “age” since insertion.
In practice, we instantiate this family with a power sched-
ule ti = uγ

i (with γ > 1), which yields small ∆ti for
newly inserted frames (small ui) and larger ∆ti for older,
well-established frames. As a result, the sampler allocates
more computation to the crucial early timesteps after each
insertion and fewer steps to later, easier denoising phases,
leading to improved temporal coherence and fewer artifacts
compared to a uniform schedule (γ = 1) under the same
compute budget.
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Figure 10. Efficiency comparison. We compare the sampling ef-
ficiency of autoregressive model (with caching) with Flowception,
we plot the FVD on RealEstate10K as a function of the FLOPs
used for sampling when varying the number of sampling steps.

F. Additional experiments
In this section we provide additional experimental results to
complement those in the main paper.
Efficiency comparison. We perform a sweep over the
number of sampling steps for both the autoregressive
model and Flowception to compute how FVD performance
changes as a function of the number of sampling steps and
FLOPs. We report the results in Figure 10. First, we find
that the autoregressive model has a somewhat lower number
of FLOPs for a given number of sampling steps per frame,
this is because Flowception denoise frames asynchronously
so the total number of sampling steps is larger than the num-
ber of per-frame sampling steps. Second, we find that Flow-
ception obtains significantly better FVD for a given num-
ber of FLOPs, with FVD plateauing at around 32 denoising
steps per frame, where the autoregressive model continues
to improve at least up to 64 steps, but without closing the
gap with Flowception.
Length modeling. Here we assess the ability of Flow-
ception to model the length distribution of the sequences in
the training set. We create a toy dataset where the num-
ber of frames is either 15, 20, 25 or 30. Each sample is
a 3 pixel video where the middle pixel makes a discrete
jump between two pixel values, while the boundary pixels
make up a gradient between two colors that moves along
the boundary with constant speed in order to achieve an in-
teger number of rotations. After training Flowception on
this dataset, we compare the histogram of ground truth and
generated video lengths and plot them in Figure 11. As ex-
pected the generated video lengths follow a similar distri-
bution to the data distribution, with peaks around 15, 20, 25
and 30, while rarely generating videos with lengths outside
these four modes.



Figure 11. Video length matching. Our framework is able to
accurately reproduce the length of videos from the toy dataset.
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Figure 12. Impact of rate guidance on I2V video length. Sam-
ples obtained without guidance (ws=1, horizontal) and with guid-
ance (ws=5, vertical) on RealEstate10K, using the same seed for
each conditioning frame.

Insertion guidance. Classifier-free guidance (CFG) is
commonly used to achieve better prompt alignment and im-
age quality in diffusion and flow models [15]. Similarly, in
Flowception, we can perform CFG on the insertion rates.
Following CFG, we randomly drop the conditional infor-
mation c during training, and define the guided update as

λcfg(Xt|c) = λ(Xt|c)wsλ(Xt)
1−ws , (36)

where ws ≥ 1 is the guidance scale for the insertion rate.
Figure 12 presents a scatter plot comparing video lengths
for I2V obtained with and without guidance, initiating gen-
eration from the same seed for each starting frame. For ef-
ficiency we limit the number of frames to 20 in this exper-
iment. The result clearly indicates that using rate guidance
(ws=5) biases the model towards generating longer videos.

Without guidance, or using lower values, we find inser-
tion guidance to prevent problems of under-insertions which
can result in a choppy transition between two frames. This
is confirmed in Table 6 where motion smoothness increases
while dynamic degree decreases as ws increases.
Long video generation. While our main experiments fo-
cus on clips within the model context length, Flowception
can be extended to longer videos with minimal changes.
We consider two complementary approaches. First, we
fine-tune the model on longer clips when available, which

Table 6. Effect of rate guidance on motion smoothness. We
report dynamic degree and motion smoothness for various values
of the insertion rate guidance parameter ws.

ws FVD Motion Dynamic

1.0 21.80 99.30 78.59
2.0 22.69 99.31 78.61
5.0 25.30 99.33 77.78

Algorithm 3 Chunked Flowception generation

1: function CHUNKEDFLOWCEPTIONGENERA-
TION(step size h, chunks N , window L, overlap
O)

2: Initialize an extended sequence X with nstart noisy
frames (rest is padding)

3: t← [0, . . . , 0] for valid frames ▷ per-frame times
4: tg ← 0 ▷ global time
5: Initialize chunk boundaries {[sc, ec)}Nc=1 to cover

valid frames (length ≤ L, overlap O)
6: while min{ti} < 1 do ▷ iterate until all frames are

clean
7: Extract chunk views {(X(c), t(c))}Nc=1 using

current boundaries {[sc, ec)}
8: for all chunks c ∈ {1, . . . , N} in parallel do
9: X(c), t(c), tg ←

FLOWCEPTIONSTEP(X(c), t(c), tg, h)
10: end for
11: Write chunk updates back into X, t (blend over-

lap regions)
12: if new frames were inserted in this step then
13: Update chunk boundaries {[sc, ec)}Nc=1 to

again cover all valid frames (length ≤ L, overlap O)
14: end if
15: end whilereturn X
16: end function

improves long-horizon stability while preserving short-clip
performance. Second, to generate videos beyond the train-
ing/context window, we adopt a block-wise sampling strat-
egy: we partition the target video into temporal blocks and
sequentially sample each block conditioned on the previ-
ously generated frames. Concretely, we generate the first
block from the text prompt, then iteratively generate the
next block while conditioning on a short prefix of past
frames (temporal overlap) to maintain appearance and mo-
tion continuity. This enables minute-scale rollouts without
modifying the backbone architecture. We detail this sam-
pling mechanism in Algorithm 3. In Section H we provide
examples of such long rollouts.



G. Broader societal impact
We recognize that our work could lead to potential nega-
tive societal impacts, as our method can help generate pho-
torealistic videos, especially if combined with condition-
ing on real photos or videos. Nonetheless, our work also
paves the way for efficient and flexible video generation
that can be beneficial in domains such as the entertainment
or film industry, as well as world modeling frameworks.
As an example, animators could create coherent animations
by providing a set of frames (either drawings or AI gen-
erated), which can significantly speed-up animation work
flows. Our method can be used to hierarchically generate
very long videos of high quality, at a lower computational
cost by adopting local attention variants, thereby reducing
the energy footprint of generative video models.

H. Additional qualitative examples
The following are the captions used in Figure 1:
1. A yellow taxi moving through new york streets on a

rainy night.
2. A cute puppy wearing a yellow hat happily strolling in a

field of roses.
In Figure 15, we provide additional qualitatives for the

text-to-video generations obtained by finetuning the LTX
model. Below are the captions used:
1. A compact humanoid robot with a smooth white helmet-

like head, dark face panel, and a black armored body
with glowing yellow/orange light accents walks through
a busy New York City street at night. The scene feels
like Times Square with bright billboards and crowds in
the background.

2. Pretty farmer. agriculture business concept. farmer girl
examines the rose crops at sunset. farmer walk agricul-
ture lifestyle rose concept. farmer works in a field with
roses at sunset.

3. Third person view of a man riding a boat in the sea to-
wards a deserted island. A dolphin jumps in front of the
boat.

4. A wild horse walking by a lake. Beautiful scene.
5. A cute bear in a knitted blue sweater and round glasses

lounges on a sofa, reading a newspaper. A packed book-
shelf and a crackling fireplace glow warmly in the back-
ground.

6. A lone reindeer stands on a windswept snowy mountain
ridge at sunrise. The camera slowly pushes in, revealing
vast icy peaks and a glowing sky while the reindeer takes
a few careful steps through fresh powder.
In Figure 16, we provide examples of long generation

rollouts using our chunked sampling algorithm. We used
the following prompts:
1. A man wearing a black leather jacket walks through the

crowded streets of Venice at noon, then arrives at a small

park with a flowing water fountain.
2. A continuous cinematic shot of a wolf walking across

an open field toward a small lake. The camera follows
steadily from the side as the wolf moves through the
grass and arrives at the water.
In Figure 13 we compare generations of Flowception and

the autoregressive and Full-Sequence baselines trained on
the Tai-Chi-HD dataset for 300k iterations, the generations
are of 145 frames with an FPS of 16. For the autoregres-
sive model, we observe that later frames suffer from drift
due to error accumulation, hindering their quality (see,e.g.,
the legs). For the full-sequence model, the model strug-
gles to accurately generate the high-frequency details of the
video accurately (see, e.g., the face and foliage in the back-
ground). In contrast, Flowception results in a sharp video
without error accumulation as the video progresses. In Fig-
ure 14 and Figure 19 we provide further examples of image-
to-video results obtained with Flowception on the Tai-Chi-
HD and RealEstate10k datasets respectively.

In Figure 17 and Figure 18, we provide additional video
interpolation results obtained with Flowception on the Ki-
netics 600 and RealEstate10K datasets, respectively; ex-
tending the results in Figure 7 of the main paper. We always
provide the first and last frames as context, plus at most two
additional intermediate frames.



Au
to

re
gr

es
siv

e
Fu

ll-
se

qu
en

ce
Fl

ow
ce

pt
io

n

Figure 13. Comparing different methods using models trained on the Tai-Chi-HD dataset. Using the same input frame (left) and
random seed, we compare generations with the autoregressive, full-sequence and Flowception models.
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Figure 14. Additional qualitative examples on Taichi. Each row corresponds to a different video obtained with our method for image-
to-video generation
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Figure 15. Text-to-video generations with Flowception. Additional qualitatives for the LTX-2B model finetuned on our internal data
split of text-video pairs.



f = 0 f = 47 f = 95 f = 142 f = 190 f = 237 f = 285 f = 332

f = 380 f = 427 f = 475 f = 522 f = 570 f = 617 f = 665 f = 712

f = 0 f = 43 f = 86 f = 130 f = 173 f = 216 f = 259 f = 302

f = 346 f = 389 f = 432 f = 475 f = 518 f = 562 f = 605 f = 648

Figure 16. Chunked generation. We demonstrate results obtained with the chunked sampling algorithm (detailed above) to generate
videos 4× longer than what the model was trained with. This method allows us to seamlessly rollout generations for up to a minute at
24FPS. We indicate the frame index on the top left corner of every generated frame.
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Figure 17. Additional qualitative examples on Kinetics 600 interpolation. Each row corresponds to a different video where the first
and last frame are given and up to two extra middle frames are also given. Insertion time is highlighted in the bodrer color of each frame,
context frames are highlighted with dashed lines.
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Figure 18. Additional qualitative examples on RealEstate10K interpolation. Each row corresponds to a different video where the first
and last frame are given and up to two extra middle frames are also given. Insertion time is highlighted in the border color of each frame,
context frames are highlighted with dashed lines.
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Figure 19. Qualitative examples of Image-to-Video generation. Using Flowception trained on the RealEstate10K dataset. First shown
frame is given as context. Given the initial frame, we generate videos of at most 145 frames at 16 FPS, corresponding to 9.06 secs.
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