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Figure 1. StreamingT2V is an advanced autoregressive technique to create long videos featuring rich motion dynamics, ensuring temporal
consistency, alignment with descriptive text, high frame-level image quality, and no stagnation. Demonstrations include videos up to 1200
frames, spanning 2 minutes, which can be extended further. The effectiveness of StreamingT2V is not limited by the Text2Video model
used, indicating potential for even higher-quality with improved base models.

Abstract

Text-to-video diffusion models enable the generation of
high-quality videos that follow text instructions, simplify-
ing the process of producing diverse and individual con-
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tent. Current methods excel in generating short videos (up
to 16s), but produce hard-cuts when naively extended to
long video synthesis. To overcome these limitations, we
present StreamingT2V, an autoregressive method that gen-
erates long videos of up to 2 minutes or longer with seam-
less transitions. The key components are: (i) a short-term
memory block called conditional attention module (CAM),
which conditions the current generation on the features ex-
tracted from the preceding chunk via an attentional mech-



anism, leading to consistent chunk transitions, (ii) a long-
term memory block called appearance preservation module
(APM), which extracts high-level scene and object features
from the first video chunk to prevent the model from for-
getting the initial scene, and (iii) a randomized blending
approach that allows for the autoregressive application of
a video enhancer on videos of indefinite length, ensuring
consistency across chunks. Experiments show that Stream-
ingT2V produces more motion, while competing methods
suffer from video stagnation when applied naively in an au-
toregressive fashion. Thus, we propose with StreamingT2V
a high-quality seamless text-to-long video generator, sur-
passing competitors in both consistency and motion.

1. Introduction

The emergence of diffusion models [13, 25, 27, 31] has
sparked significant interest in text-guided image synthesis
and manipulation. Building on the success in image gener-
ation, they have been extended to text-guided video genera-
tion [3, 4, 6, 10-12, 15, 16, 18, 29, 34, 36, 41].

Despite the impressive generation quality and text align-
ment, the majority of existing approaches such as [3, 4,
15, 22, 36, 41, 44] are mostly focused on generating short
frame sequences (typically of 16, 24, or recently 384 frame-
length). However, short videos generators are limited in
real-world use-cases such as ad making, storytelling, etc.

The naive approach of training video generators on long
videos (e.g. > 1200 frames) is usually impractical. Even for
generating short sequences, it typically requires expensive
training (e.g. 260K steps and 4.5 batch size in order to
generate 16 frames [36]).

Some approaches [4, 15, 21, 44] thus extend baselines
by autoregressively generating short videos based on the
last frame(s) of the preceding chunk. Yet, simply con-
catenating the noisy latents of a video chunk with the last
frame(s) of the preceding chunk leads to poor condition-
ing with inconsistent scene transitions (see Sec. A.3). Some
works [3, 7, 37, 39, 43] integrate also CLIP [24] image em-
beddings of the last frame of the preceding chunk, which
slightly improves consistency. However, they are still prone
to inconsistencies across chunks (see Fig. A.7) due to the
CLIP image encoder losing crucial information necessary
for accurately reconstructing the conditional frames. The
concurrent work SparseCtrl [11] utilizes a sparse encoder
for conditioning. To match the size of the inputs, its archi-
tecture requires to concatenate additional zero-filled frames
to the conditioning frames before being plugged into sparse
encoder. However, this inconsistency in the input leads to
inconsistencies in the output (see Sec. 5.2).

Our experiments (see Sec. 5.2) reveal that in fact all as-
sessed image-to-video methods produce video stagnation
or strong quality degradation when applied autoregressively
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by conditioning on the last frame of the preceding chunk.

To overcome the weaknesses of current works, we
propose StreamingT2V, an autoregressive text-to-video
method equipped with long/short-term memory blocks that
generates long videos without temporal inconsistencies.

To this end, we propose the Conditional Attention Mod-
ule (CAM) which, due to its attentional nature, effectively
borrows the content information from the previous frames
to generate new ones, while not restricting their motion by
the previous structures/shapes. Thanks to CAM, our results
are smooth and with artifact-free video chunk transitions.

Current methods not only exhibit temporal inconsisten-
cies and video stagnation, but also experience alterations
in object appearance/characteristics (see e.g. SEINE [6] in
Fig. A.4) and a decline in video quality over time (see e.g.
SVD [3] in Fig. 5). This occurs as only the last frame(s) of
the preceding chunk are considered, thus overlooking long-
term dependencies in the autoregressive process. To address
this issue we design an Appearance Preservation Module
(APM) that extracts object and global scene details from an
initial image, to condition the video generation with that in-
formation, ensuring consistency in object and scene features
throughout the autoregressive process.

To further enhance the quality and resolution of our long
video generation, we adapt a video enhancement model for
autoregressive generation. To this end, we apply the SDEdit
[20] approach on a high-resolution text-to-video model and
enhance consecutive 24-frame chunks (overlapping with 8
frames) of our video. To make the chunk enhancement tran-
sitions smooth, we design a randomized blending approach
for seamless merging of overlapping chunks.

Experiments show that StreamingT2V generates long
and temporal consistent videos from text without video
stagnation. To summarize, our contributions are three-fold:
* We introduce StreamingT2V, an autoregressive approach
for seamless synthesis of extended video content using
short and long-term dependencies.

Our Conditional Attention Module (CAM) and Appear-
ance Preservation Module (APM) ensure the natural
continuity of the global scene and object characteristics
of generated videos.

We seamlessly enhance generated long videos by intro-
ducing our randomized blending approach of consecu-
tive overlapping chunks.

2. Related Work

Text-Guided Video Diffusion Models. Generating videos
from text instructions using Diffusion Models [13, 30] is a
newly established and actively researched field introduced
by Video Diffusion Models (VDM) [15]. The method can
generate only low-resolution videos (up to 128x128) with
a maximum of 16 frames (without autoregression), impos-
ing significant limitations, while requiring massive training



resources. Several methods thus employ spatial/temporal
upsampling [4, 14, 15, 29], using cascades with up to 7 en-
hancer modules [14]. While this leads to high-resolution
and long videos, the generated content is still limited by the
content depicted in the key frames.

Towards generating longer videos (i.e. more keyframes),
Text-To-Video-Zero (T2V0) [16] and ART-V [38] utilize
a text-to-image diffusion model. Thus, they can generate
only simple motions. T2VO0 conditions on its first frame via
cross-frame attention and ART-V on an anchor frame. The
lack of global reasoning leads to unnatural or repetitive mo-
tions. MTVG [21] and FIFO-Diffusion [17] transforms a
text-to-video model into an autoregressive method through
a training-free approach. As it uses strong consistency pri-
ors within and between chunks, it results in low motion
amount, and mostly near-static background. FreeNoise [23]
samples a small set of noise vectors, re-uses them for the
generation of all frames, while temporal attention is per-
formed on local windows. As temporal attention is in-
variant to such frame shuffling, it leads to high similarity
between frames, almost always static global motion and
near-constant videos. Gen-L [35] generates overlapping
short videos and combines them via temporal co-denoising,
which can lead to quality degradation with video stagnation.
Recent transformed-based diffusion models [22, 44] operate
in the latent space of a 3D autoencoder, enabling the gener-
ation of up to 384 frames. Despite extensive training, these
models produce videos with limited motion, often resulting
in near-constant videos.

Image-Guided Video Diffusion Models as Long Video
Generators. Several works condition the video generation
by a driving image or video [3, 5-7,9, 11, 19, 26, 37, 39, 40,
43]. They can thus be turned into an autoregressive method
by conditioning on the frame(s) of the preceding chunk.

VideoDrafter [19] takes an anchor frames (from a text-
to-image model) and conditions a video diffusion model
on it to generate independently multiple videos that share
the same high-level context. However, this leads to dras-
tic scene cuts as no consistency among video chunks is en-
forced. StoryDiffusion [45] conditions on video frames that
have been linearly propagated from key frames, which leads
to severe quality degradation. Several works [6, 7, 40] con-
catenate the (encoded) conditionings (e.g. input frame(s))
with an additional mask (indicating the provided frame(s))
to the input of the video diffusion model.

In addition to concatenating the conditioning to the in-
put of the diffusion model, several works [3, 37, 43] replace
the text embeddings in the cross-attentions of the diffusion
model by CLIP [24] image embeddings of the conditional
frames. However, according to our experiments, their appli-
cability for long video generation is limited. SVD [3] shows
severe quality degradation over time (see Fig. 5), and both,
I12VGen-XL [43] and SVD [3] generate often inconsisten-
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cies between chunks, still indicating that the conditioning
mechanism is too weak.

Some works [5, 39] such as DynamiCrafter-XL [39] thus
add to each text cross-attention an image cross-attention,
which leads to better quality, but still to frequent inconsis-
tencies between chunks.

The concurrent work SparseCtrl [11] adds a ControlNet
[42] like branch to the model, using as input the conditional
frames and a frame-mask. By design, it requires to append
additional black frames to the conditional frames. This in-
consistency is difficult to compensate for the model, leading
to frequent and severe scene cuts between frames.

3. Preliminaries

Diffusion Models. Our text-to-video model, which we term
StreamingT2V , is a diffusion model that operates in the la-
tent space of the VQ-GAN [8, 32] autoencoder D(E(+)),
where £ and D are the corresponding encoder and de-
coder, respectively. Given a video V € REXHXWX3 "com-
posed of I’ frames with spatial resolution H x W, its la-
tent code xq € RF*XM*wxe i obtained through frame-wise
application of the encoder. More precisely, by identifying
?:1 with
xf € RM¥¥XE we obtain the latent code via :Jc‘(’; = E(VY),
for all f = 1,..., F. The diffusion forward process grad-
ually adds Gaussian noise € ~ N(0,1) to the signal z:

each tensor x € RIXhx¥x¢ a4 3 sequence (27)

q(xt|xt,1) = N((I}t; V31— ﬁt.’[}tfl, Btl), t=1,... ,T
ey
where g(x¢|z.—1) is the conditional density of x; given
x¢_1,and {B; }.__, are hyperparameters. A high value for T’
is chosen such that the forward process completely destroys
the initial signal z( resulting in z7 ~ N'(0, I). The goal of
a diffusion model is then to learn a backward process
po(ze—1|ae) = N(@i—1; po(xe, 1), Bg(¢, 1))  (2)
fort =1T,...,1 (see DDPM [13]), which allows to gen-
erate a valid signal zy from standard Gaussian noise z7.
Once zq is obtained from xzr, the generated video is ob-
tained by applying the decoder frame-wise: V/ := D(:vg ),
forall f =1,..., F. Yet, instead of learning a predictor for
mean and variance in Eq. 2, we learn a model ey(z¢,t) to
predict the Gaussian noise € that was used to form z; from
input signal x( (a common reparametrization [13]).

For text-guided video generation, we use a neural net-
work with learnable weights 6 as noise predictor eg(z¢, t, )
that is conditioned on the textual prompt 7. We train it on
the denoising task:

3)

Hgn Et)($O:T)diata75NN(O7I) |le — eq (s, ¢, T)||§,
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Figure 2. The overall pipeline of StreamingT2V involves three stages: (i) Initialization Stage: The first 16-frame chunk is synthesized
by an off-the-shelf text-to-video model. (ii) Streaming T2V Stage: New content for subsequent frames is autoregressively generated. (iii)
Streaming Refinement Stage: The long video (e.g. 240, 1200 frames or more) is autoregressively enhanced using a high-resolution text-to-

short-video model with a randomized blending approach.

using the data distribution pgq¢q. To simplify notation, we
will denote by zj** := (x7)5_, the latent sequence of z;
from frame r to frame s, for all , ¢, s € N.

Text-To-Video Models. Text-to-video models [4, 10, 14,
29, 36] typically expand pre-trained text-to-image models
[25, 27] by adding new layers that operate on the temporal
axis. Modelscope (MS) [36] follows this approach by ex-
tending the UNet-like [28] architecture of Stable Diffusion
[27] with temporal convolutional and attentional layers. It
was trained in a large-scale setup to generate videos with 3
FPS@256x256 and 16 frames.

4. Method

In this section, we introduce our method for high-resolution
text-to-long video generation. We first generate 256 X
256 resolution long videos (240 frames, or 1200 frames),
then enhance them to higher resolution (720 x 720). The
overview of the whole pipeline is provided in Fig. 2. The
long video generation process comprises three stages: the
Initialization Stage, where the first 16-frame chunk is syn-
thesized by a pre-trained text-to-video model (e.g. Mod-
elscope [36]), the Streaming T2V Stage where new content
for subsequent frames is generated autoregressively. To en-
sure seamless transitions between chunks, we introduce (see
Fig. 3) our conditional attention module (CAM), which uti-
lizes short-term information from the last F,,,,; = 8 frames
and our appearance preservation module (APM), which ex-
tracts long-term information from an anchor frame to main-
tain object appearance and scene details during the autore-
gressive process. After generating a long video (e.g. 240,
1200 frames or more), the Streaming Refinement Stage
enhances the video using a high-resolution text-to-short-
video model (e.g. MS-Vid2Vid-XL [43]) autoregressively
with our randomized blending approach for seamless chunk
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processing. This step does not require additional training,
making our approach cost-effective.

4.1. Conditional Attention Module

For training a conditional network in our Streaming T2V
stage, we leverage the capabilities of a pre-trained text-
to-video model (e.g. Modelscope [36]) as a prior for au-
toregressive long video generation. Subsequently, we
will denote this pre-trained text-to-(short)video model as
Video-LDM. To condition Video-LDM autoregressively
with short-term information from the preceding chunk (see
Fig. 2, mid), we introduce the Conditional Attention Mod-
ule (CAM). CAM consists of a feature extractor and a fea-
ture injector into the Video-LDM UNet, inspired by Con-
trolNet [42]. The feature extractor utilizes a frame-wise im-
age encoder &g, followed by the same encoder layers that
the Video-LDM UNet uses up to its middle layer (initialized
with the UNet’s weights). For the feature injection, we let
each long-range skip connection in the UNet attend to cor-
responding features generated by CAM via cross-attention.

Let = denote the output of &g after zero-convolution.
We use addition to fuse x with the output of the first tempo-
ral transformer block of CAM. For the injection of CAM’s
features into the Video-LDM Unet, we consider the UNet’s
skip-connection features zgc € RV*Fxhxwxe (see Fig, 3)
with batch size b. We apply spatio-temporal group norm,
and a linear map P, on zgc. Let x5 € R(Owh)xEFxc po
the resulting tensor after reshaping. We condition zg- on
the corresponding CAM feature zcapn; € R(EWH)x Feonaxe
(see Fig. 3), where Fi,nq is the number of conditioning
frames, via temporal multi-head attention (T-MHA) [33],
i.e. independently for each spatial position (and batch). Us-
ing learnable linear maps Pg, Px, Py, for queries, keys,
and values, we apply T-MHA using keys and values from
xzcam and queries from x5, i.e. with Q = Po(zge), K =
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Figure 3. Method overview: StreamingT2V enhances a video diffusion model (VDM) with the conditional attention module (CAM) for
short-term memory, and with the appearance preservation module (APM) for long-term memory. CAM conditions a VDM on the preceding
chunk using a frame encoder Econd. CAM’s attentional mechanism enables smooth transitions between chunks and high motion. APM
extracts high-level image features from an anchor frame and injects them into the text cross-attentions of the VDM, preserving object/scene
features during the autoregression.

Pr(zcam),V = Py(zcam)s 4.2. Appearance Preservation Module
r4o = T-MHA(Q, K, V) “) Autoregressive video generators typically suffer from for-
Finally, we use a linear map P, and a reshaping oper- getting initial object and scene fea}tu.res, leading to severe
ation R, the output of CAM is added to the skip connection appearance changes. To tackle this issue, we incorporate
(as in ControlNet [42]): long-term memory by leveraging the information contained
" 9 in a fixed anchor frame of the very first chunk using our
z5c = rsc + R(Pou(zsc)), o) proposed Appearance Preservation Module (APM). This
and x¢, is used in the decoder layers of the UNet. We zero- helps to maintain scene and object features across video

initialize Py, so that CAM initially does not affect the base chunk generations (see Fig. A.8).

model’s output, which improves convergence. To enable APM to balance guidance from the anchor
The design of CAM enables conditioning the F' frames frame and the text instructions, we propose (see Fig. 3): (i)
of the base model on the F,,,q frames of the preceding We combine the CLIP [24] image token of the anchor frame
chunk. In contrast, sparse encoder [11] employs convolu- with the CLIP text tokens from the textual instruction by
tion for feature injection, thus needs additional F' — Fiopnq expanding the clip image token to £ = 16 tokens using an
zero-valued frames (and a mask) as input, in order to add MLP layer, concatenating the text and image encodings at
the output to the F' frames of the base model. These incon- the token dimension, and utilizing a projection block, lead-
sistencies in the input lead to severe inconsistencies in the ing to Tmixed € RO*77x1024. (3i) For each cross-attention
output (see Sec. A.3.1 and Sec. 5.2). layer [, we introduce a weight o; € R (initialized as 0) to
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perform cross-attention using keys and values derived from
a weighted sum Zixeq, and the usual CLIP text encoding
of the text instructions Tyext:

Lcross — SiLU(al)xmixed + Ttext- (6)
The experiments in Sec. A.3.2 show that the light-weight

APM module helps to keep scene and identity features
across the autoregressive process (see Fig. A.8).

4.3. Auto-regressive Video Enhancement

To further enhance quality and resolution of our text-to-
video results, we use a high-resolution (1280 x 720) text-
to-(short)video model (Refiner Video-LDM, see Fig. 2), e.g.
MS-Vid2Vid-XL [37, 43], to autoregressively improve 24-
frame video chunks. To this end, we add noise to each video
chunk and denoise it using Refiner Video-LDM (SDEdit ap-
proach [20]). Specifically, we upscale each low-resolution
24-frame video chunk to 720 x 720 using bilinear interpo-
lation [2], zero-pad to 1280 x 720, encode the frames with
the image encoder £ to get a latent code xq, apply T/ < T
forward diffusion steps (see Eq. 1) so that 7 still contains
signal information, and denoise it with Refiner Video-LDM.

Naively enhancing each chunk independently leads to
inconsistent transitions (see Fig. 4 (a)). To overcome this
shortcoming, we introduce shared noise and a randomized
blending technique. We divide a low-resolution long video
into m chunks Vy,...,V,, of ' = 24 frames, each with
an O = 8 frames overlap between consecutive chunks. For
each denoising step, we must sample noise (see Eq. 2). We
combine that noise with the noise already sampled for the
overlapping frames of the preceding chunk to form shared
noise. Specifically, for chunk V;, i = 1, we sample noise
€1 ~ N(0,1) with €; € RFXPxwXe Forj > 1, we sample
noise &; ~ N(0, I) with ¢; € R —O)xhxwxe and concate-
nate it with egffo):F (already sampled for the preceding
chunk) along the frame dimension to obtain ¢; i.e.:

€ = concat([egfo):F, €], dim = 0). (7)
At diffusion step ¢ (starting from T”), we perform one de-
noising step using ¢; and obtain for chunk V; the latent code
x¢—1(2). Despite these efforts, transition misalignment per-
sists (see Fig. 4 (b)).

To significantly improve consistency, we introduce ran-
domized blending. Consider the latent codes xj,
x¢4—1(i — 1) and g := x4_1(4) of two consecutive chunks
Vi—1, V; atdenoising step t— 1. The latent code =, of chunk
V;—1 possesses a smooth transition from its first frames to
the overlapping frames, while the latent code xp possesses
a smooth transition from the overlapping frames to the sub-
sequent frames. Thus, we combine the two latent codes
via concatenation at a randomly chosen overlap position,
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Method | IMAWE  |SCuts | 1CLIP
SparseCtrl [11] 6069.7 5.48 29.32
12VGenXL [43] 2846.4 0.4 27.28
DynamiCrafterXL [39] | 176.7 1.3 27.79
SEINE [6] 718.9 0.28 30.13
SVD [3] 857.2 1.1 23.95
FreeNoise [23] 1298.4 0 31.55
OpenSora [44] 1165.7 0.16 31.54
OpenSoraPlan [22] 72.9 0.24 29.34
StreamingT2V (Ours) ‘ 52.3 0.04 31.73

Table 1. Quantitative comparison to state-of-the-art open-source
text-to-long-video generators. Best performing metrics are high-
lighted in red, second best in blue. Our method performs best in
MAWE and CLIP score. Only in SCuts, StreamingT2V scores
second best, as FreeNoise generates near-constant videos.

by randomly sampling a frame index fy,, from {0,..., O}
according to which we merge the two latents x;, and zp:

TLR = concat([:clL:F_f‘h'

Lt E) dim = 0). (8)
Then, we update the latent code of the entire long video
x—1 on the overlapping frames and perform the next de-
noising step. Accordingly, for a frame f € {1,...,0} of
the overlap, the latent code of chunk V;_; is used with prob-
ability 1 — OLH This probabilistic mixture of latents in
overlapping regions effectively diminishes inconsistencies
between chunks (see Fig. 4(c)). The importance of random-
ized blending is further assessed in an ablation study in the
appendix (see Sec. A.3)

5. Experiments

We present qualitative and quantitative evaluations. Imple-
mentation details and ablation studies showing the impor-
tance of our contributios are provided in the appendix, (Sec.
A.3 and Sec. A.4)

5.1. Metrics

For quantitative evaluation, we measure temporal consis-
tency, text-alignment, and per-frame quality.

For temporal consistency, we introduce SCuts, which
counts the number of detected scene cuts in a video using
the AdaptiveDetector [1] with default parameters. In addi-
tion, we propose a new metric called motion aware warp
error (MAWE), which coherently assesses motion amount
and warp error, and yields a low value when a video ex-
hibits both consistency and a substantial amount of motion
(exact definition in the appendix, Sec. A.6). For the met-
rics involving optical flow, computations are conducted by
resizing all videos to 720 x 720 resolution.
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For video-textual-alignment, we employ the CLIP [24]
text image similarity score (CLIP). CLIP computes for a
video sequence the cosine similarity from the CLIP text en-
coding to the CLIP image encodings for all video frames.

All metrics are computed per video first and then av-
eraged over all videos, all videos are generated with 240
frames for quantitative analysis.

5.2. Comparison with Baselines

Benchmark. To assess the effectiveness of StreamingT2V,
we created a test set composed of 50 prompts with different
actions, objects and scenes (listed in Sec. A.5). We com-
pare against recent methods with code available: image-to-
video methods 12VGen-XL [43], SVD [3], DynamiCrafter-
XL [39], OpenSoraPlan v1.2 [22] and SEINE [6] used au-
toregressively, video-to-video methods SparseControl [11],
OpenSora v1.2 [44], and FreeNoise [23].

For all methods, we use their released model weights and
hyperparameters. To have a fair comparison and insight-
ful analysis on the performance of the methods for the au-
toregressive generation, and make the analysis independent
on the employed initial frame generator, we use the same
Video-LDM model to generate the first chunk consisting of
16 frames, given a text prompt and enhance it to 720x720
resolution using the same Refiner Video-LDM. Then, we
generate the videos, while we start all autoregressive meth-
ods by conditioning on the last frame(s) of that chunk. For
methods working on different spatial resolution, we apply
zero padding to the initial frame(s). All evaluations are con-
ducted on 240-frames video generations.

Automatic Evaluation. Our quantitative evaluation on the
test set shows that StreamingT2V clearly performs best re-
garding seamless chunk transitions and motion consistency
(see Tab. 1). Our MAWE score significantly excels all
competing methods (e.g. nearly 30% lower than the sec-
ond best score by OpenSoraPlan). Likewise, our method
achieves the second lowest SCuts score among all com-
petitors. Only FreeNoise achieves a slightly lower, per-
fect score. However, FreeNoise produces near-static videos
(see also Fig. 5), leading automatically to low SCuts scores.
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OpenSoraPlan frequently produces scene cuts, leading to a
6 times higher SCuts score than our method. SparseControl
follows a ControlNet approach, but leads to 100 times more
scene cuts compared to StreamingT2V. This shows the ad-
vantage of our attentional CAM block over SparseControl,
where the conditional frames need to be pad with zeros, so
that inconsistency in the input lead to severe scene cuts.

Interestingly, all competing methods that incorporate
CLIP image encodings are prone to misalignment (mea-
sured in low CLIP scores), i.e. SVD and DynamiCrafterXL
and I12VGen-XL. We hypothesize that this is due to a do-
main shift; the CLIP image encoder is trained on natural
images, but in an autoregressive setup, it is applied on gen-
erated images. With our long-term memory, APM reminds
the network about the domain of real images, as we use a
fixed anchor frame, so that it does not degrade, and remains
well-aligned to the textual prompt. So, StreamingT2V gets
the highest CLIP score among all evaluated methods.

To assess the stability of the metrics over time, we com-
puted them from 120 to 220 frames in 20 frame steps. The
results are as follows: MAWE score: (43.25, 46.92, 46.79,
45.79, 45.84, 45.84), and CLIP score: (32.45, 32.30, 32.16,
32.02, 31.89, 31.79). These results indicate that the metrics
remain relatively stable over time.

Qualitative Evaluation. Finally, we present corresponding
visual results on the test set in Fig. 5 (and in Sec. A.2).
The high similarity of the frames depicted for competitors
shows that all competing methods suffer from video stag-
nation, where the background and the camera is frozen,
and nearly no object motion is generated. Our method is
generating smooth and consistent videos without leading to
standstill. 12VG, SVD, SparseCtrl, SEINE, OpenSoraPlan
and DynamiCrafter-XL are prone to severe quality degra-
dation, e.g. wrong colors and distorted frames, and incon-
sistencies, showing that their conditioning via CLIP image
encoder and concatenation is too weak and heavily ampli-
fies errors. In contrast, thanks to the more powerful CAM
mechanism, StreamingT2V leads to smooth chunk transi-
tions. APM conditions on a fixed anchor frame, so that
StreamingT2V does not suffer from error accumulation.



(a) A squirrel in Antarctica, on a pile of hazelnuts.

(b) A tiger eating raw meat on the street.

%)
o
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SEINE SVD

12VG

Figure 5. Visual comparisons of StreamingT2V with state-of-the-art methods on 240 frame-length, autoregressively generated videos. In
contrast to other methods, StreamingT2V generates long videos without suffering from motion stagnation.

Figure 6. StreamingT2V results using OpenSora as base model.

6. Conclusion and Future Work

In this paper, we tackled the challenge of generating long
videos from textual prompts. We observed that all existing
methods produce long videos either with temporal inconsis-
tencies or severe stagnation up to standstill. To overcome
these limitations, we proposed StreamingT2V, which incor-
porates short- and long-term dependencies to ensure smooth
continuation of video chunks with high motion amount
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while preserving scene features. We proposed a randomized
blending approach enabling to use a video enhancer within
the autoregressive process. Experiments show that Stream-
ingT2V outperforms competitors, generating long videos
from text prompts without content stagnation.

We also noticed that our method can be generalized to
the DiT architectures as well, e.g. for OpenSora (OS) [44],
we added the CAM module by allowing the last 14 trans-
former blocks of OS to attend to the previous chunk infor-
mation via CAM’s attention mechanism. The APM module
is connected to the cross attentions, as in StreamingT2V. Af-
ter adding our framework to OS, the visual inspection of the
results confirmed the generalization ability of the method
(see Fig. 6) enabling the future research to focus on con-
ducting a detailed analysis of this direction.
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