
StreamingT2V: Consistent, Dynamic, and Extendable Long Video Generation
from Text (Appendix)

This appendix complements our main paper with experi-
ments, in which we further investigate the text-to-video gen-
eration quality of StreamingT2V, demonstrate even longer
sequences than those assessed in the main paper, and
provide additional information on the implementation of
StreamingT2V and the experiments carried out.

In Sec. A.1, a user study is conducted on the test set,
in which all text-to-video methods under consideration are
evaluated by humans to determine the user preferences.

Sec. A.2 supplements our main paper by additional qual-
itative results of StreamingT2V for very long video genera-
tion, and qualitative comparisons with competing methods.

In Sec. A.3, we present ablation studies to show the ef-
fectiveness of our proposed components CAM, APM and
randomized blending.

In Sec. A.4, implementation and training details, includ-
ing hyperparameters used in StreamingT2V, and implemen-
tation details of our ablated models are provided.

Sec. A.5 provides the prompts that compose our testset.
Finally, in Sec. A.6, the exact definition of the motion

aware warp error (MAWE) is provided.

A.1. User Study
We conduct a user study comparing our StreamingT2V
method with prior work using the video results generated
for the benchmark of Sec. 5.3 main paper. To remove po-
tential biases, we resize and crop all videos to align them.
The user study is structured as a one vs one comparison
between our StreamingT2V method and competitors where
participants are asked to answer three questions for each
pair of videos:
• Which model has better motion?
• Which model has better text alignment?
• Which model has better overall quality?
We accept exactly one of the following three answers for
each question: preference for the left model, preference for
the right model, or results are considered equal. To en-
sure fairness, we randomize the order of the videos pre-
sented in each comparison, and the sequence of compar-
isons. Fig. A.1 shows the preference score obtained from
the user study as the percentage of votes devoted to the re-
spective answer.

Across all comparisons to competing methods, Stream-
ingT2V is significantly more often preferred than the com-
peting method, which demonstrates that StreamingT2V
clearly improves upon state-of-the-art for long video gen-
eration. For instance in motion quality, as the results of
StreamingT2V are non-stagnating videos, temporal consis-
tent and possess seamless transitions between chunks, 65%
of the votes were preferring StreamingT2V, compared to
17% of the votes preferring SEINE.

Competing methods are much more affected by quality
degradation over time, which is reflected in the preference
for StreamingT2V in terms of text alignment and overall
quality.

A.2. Qualitative Results
Complementing our visual results shown in the main pa-
per (see Fig 5 main paper) , we present additional qual-
itative results of StreamingsT2V on our test set on very
long video generation, and further qualitative comparisons
to prior works on 240 frames.

A.2.1. Very Long Video Generation
Supplementing our main paper, we show that Stream-
ingT2V can be used for very long video generation. To
this end, we generate and show videos consisting of 1200
frames, thus spanning 2 minutes, which is 5 times longer
than the ones produced for the experiments in our main pa-
per. Fig. A.2 show these text-to-video results of Stream-
ingT2V for different actions, e.g. dancing, running, or cam-
era moving, and different characters like bees or jellyfish.
We can observe that scene and object features are kept
across each video generation (see e.g. Fig. A.2(a)&(e)),
thanks to our proposed APM module. Our proposed
CAM module ensures that generated videos are temporally
smooth, with seamless transitions between video chunks,
and not stagnating (see e.g. Fig. A.2(f)&(k)).

A.2.2. More Qualitative Evaluations.
The visual comparisons shown in Fig. A.3, A.4, A.5,
A.6 demonstrate that StreamingT2V significantly excels
the generation quality of all competing methods. Stream-
ingT2V shows non-stagnating videos with good motion
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Figure A.1. We conduct a user study, asking humans to assess the test set results (mentioned in Sec. 5.3 of the paper) in a one-to-one
evaluation, where for any prompt of the test set and any competing method, the results of the competing method have to be compared with
the corresponding results of our StreamingT2V method. For each comparison of our method to a competing method, we report the relative
of number votes that prefer StreamingT2V (i.e. wins), that prefer the competing method (i.e. losses), and that consider results from both
methods as equal (i.e. draws).



(a) People dancing in room filled with fog and colorful lights

(b) Camera moving in a wide bright ice cave

(c) Marvel at the diversity of bee species

(d) Dive into the depths of the ocean: explore vibrant coral reefs

(e) Venture into the kelp forests: weave through towering underwater forests

(f) Experience the dance of jellyfish: float through mesmerizing swarms of jellyfish

(g) Enter the realm of ice caves: venture into frozen landscapes

(h) Wide shot of battlefield, stormtroopers running at night, smoke, fires and smokes

(i) Witness the wonders of sea caves

(j) Camera moving around vast deserts, where dunes stretch endlessly into the horizon

(k) Enter the fascinating world of bees: explore the intricate workings of a beehive

Figure A.2. Qualitative results of StreamingT2V for different prompts. Each video has 1200 frames.

quality, in particular seamless transitions between chunks
and temporal consistency.

Videos generated by DynamiCrafter-XL eventually pos-

sess severe image quality degradation. For instance, we
observe in Fig. A.3 eventually wrong colors at the bea-
gle’s face and the background pattern heavily deteriorates.



The quality degradation also heavily deteriorates the textual
alignment (see the result of DynamiCrafter-XL in Fig. A.5).
Across all visual results, the method SVD is even more sus-
ceptible to these issues.

The methods SparseControl and FreeNoise eventually
lead to almost stand-still, and are thus not able to perform
the action described in a prompt, e.g. ”zooming out” in
Fig. A.6. Likewise, also SEINE is not following this camera
instructions (see Fig. A.6).

OpenSora is mostly not generating any motion, leading
either to complete static results (Fig. A.3), or some image
warping without motion (Fig. A.5). OpenSoraPlan is loos-
ing initial object details and suffers heavily from quality
degradation through the autoregressive process, e.g. the dog
is hardly recognizable at the of the video generation (see
Fig. A.3), showing again that a sophisticated conditioning
mechanism is necessary.

I2VGen-XL shows low motion amount, and eventually
quality degradation, leading eventually to frames that are
weakly aligned to the textual instructions.

We further analyse visually the chunk transitions using
an X-T slice visualization in Fig. A.7. We can observe that
StreamingT2V leads to smooth transitions. In contrast, we
observe that conditioning via CLIP or concatenation may
lead to strong inconsistencies between chunks.

A.3. Ablation Studies
To assess the importance of our proposed components, we
conduct several ablation studies on a randomly sampled set
of 75 prompts from our validation set that we used during
training.

Specifically, we compare CAM against established con-
ditioning approaches in Sec. A.3.1, analyse the impact of
our long-term memory APM in Sec. A.3.2, and ablate on
our modifications for the video enhancer in Sec. A.3.3.

A.3.1. Conditional Attention Module.
To analyse the importance of CAM, we compare CAM (w/o
APM) with two baselines (baseline details in Sec. A.3.1.1):
(i) Connect the features of CAM with the skip-connection
of the UNet via zero convolution, followed by addition.
We zero-pad the condition frame and concatenate it with
a frame-indicating mask to form the input for the modified
CAM, which we denote as Add-Cond. (ii) We append the
conditional frames and a frame-indicating mask to input of
Video-LDM’s Unet along the channel dimension, but do not
use CAM, which we denote as Conc-Cond. We train our
method with CAM and the baselines on the same dataset.
Architectural details (including training) of these baselines
are provided in the appendix.

We obtain an SCuts score of 0:24, 0:284 and 0:03 for
Conc-Cond, Add-Cond and Ours (w/o APM), respectively.
This shows that the inconsistencies in the input caused by

the masking leads to frequent inconsistencies in the gen-
erated videos and that concatenation to the Unet’s input is
a too weak conditioning. In contrast, our CAM generates
consistent videos with a SCuts score that is 88% lower than
the baselines.

A.3.1.1. Ablation models
For the ablation of CAM, we considered two baselines that
we compare with CAM. Here we provide additional imple-
mentation details of these baselines.

The ablated model Add-Cond applies to the features of
CAM (i.e. the outputs of the encoder and middle layer
of the ControlNet part in Fig 3 from main paper) zero-
convolution, and uses addition to fuse it with the features
of the skip-connection of the UNet (similar to Control-
Net [7]) (see Fig. A.10). We provide here additional de-
tails to construct this model. Given a video sample V 2
RF�H�W�3 with F = 16 frames, we construct a mask
M 2 f0; 1gF�H�W�3 that indicates which frame we use
for conditioning, i.e. Mf [i; j; k] = Mf [i0; j0; k0] for all
frames f = 1; : : : ; F and for all i; j; k; i0; j0; k0. We require
that exactly F � Fcond frames are masked, i.e.

FX
f=1

Mf [i; j; k] = F � Fcond; for all i; j; k: (A.1)

We concatenate [V�M;M ] along the channel dimension
and use it as input for the image encoder Econd, where �
denotes element-wise multiplication.

During training, we randomly set the mask M . During
inference, we set the mask for the first 8 frames to zero, and
for the last 8 frames to one, so that the model conditions on
the last 8 frames of the previous chunk.

For the ablated model Conc-Cond, we start from our
Video-LDM’s UNet, and modify its first convolution. Like
for Add-Cond, we consider a video V of length F = 16 and
a maskM that encodes which frames are overwritten by ze-
ros. Now the Unet takes [zt; E(V)�M;M ] as input, where
we concatenate along the channel dimension. As with Add-
Cond, we randomly set M during training so that the infor-
mation of 8 frames is used, while during inference, we set
it such that the last 8 frames of the previous chunk are used.
Here E denotes the VQ-GAN encoder (see Sec. 3).
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Figure A.3. Video generation for the prompt ”A beagle reading a paper”, using StreamingT2V and competing methods. For each method,
the image sequence of its first row is continued by the image in the leftmost column of the following row.
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Figure A.4. Video generation for the prompt ”A beagle reading a paper”, using StreamingT2V and competing methods. For each method,
the image sequence of its first row is continued by the image in the leftmost column of the following row.
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