Video-T1: Test-Time Scaling for Video Generation

Supplementary Material

A. More Implementation Details

A.1. More Discussion of Image-level Alignment

In our generation process, inspired by recent work [2], each
frame is generated with image-level TTS. Specifically, we
employ a two-stage evaluation mechanism. First, a potential
assessment reward model examines whether the partially
generated frame exhibits sufficient visual clarity for mean-
ingful evaluation and assigns a binary label. If the output
is deemed unclear (‘no’), the model skips further process-
ing for that frame. Otherwise (‘yes’), the frame advances to
a secondary evaluation stage where its potential to yield a
high-quality final image is assessed. Again, a binary deci-
sion is made: if the frame is unlikely to lead to an optimal
outcome, the generation path is truncated immediately; if it
passes, the synthesis continues to produce the final image.

A.2. More Discussion of Hierarchical Prompting

In our approach to hierarchical prompting, we employ

DeepSeek-R1-8B [1], a large language model distilled from

the LLaMA-8B [4] architecture. DeepSeek-R1-8B is used

to decompose a given input prompt into three distinct hier-
archical prompts, each tailored to represent a specific stage
of the video sequence:

* Static scene description: The first prompt provides a de-
tailed depiction of the static scene intended for the initial
frame, establishing the starting visual context of the se-
quence.

* Action/motion directions: The second prompt outlines
the actions or motion directions that guide the dynamic
progression across the intermediate frames, ensuring a
coherent evolution of the scene.

* Expected ending state: The third prompt delineates the
expected ending state for the concluding frame, defining
the desired outcome of the video sequence.

DeepSeek-R1-8B processes the input prompt and generates
these three hierarchical prompts, which are then returned as
an ordered list of length three. At each stage of the video
sequence—initial, intermediate, and final—the test verifier
evaluates the generated output with the corresponding hi-
erarchical prompt. This stage-specific assessment ensures
that the video content aligns with the intended descriptions,
maintaining both accuracy and coherence throughout the se-
quence. Figure 6 gives an example of hierarchical prompt-
ing generation and test-time verification.

A.3. Detailed Complexity Analysis

In our method, the video generation process is modeled as
the dynamic growth of a forest, where the trees are branched

and pruned over time. Specifically, similar to the linear
search, we begin by generating N initial frames, repre-
senting the roots of IV trees in the forest. Each time step
t € [0,T — 1] corresponds to a level in the tree, and each
frame is treated as a tree node. We consider the process
in which each of the N trees grows by adding one level of
nodes. At each time step, the k;_; surviving parent nodes
dynamically branch into b; possible continuations. We then
evaluate all k;_; - b, nodes using a heuristic reward function
H, followed by pruning to retain only the top k; branches.
The time complexity of growing one level of the tree is:

O(kt_lbt +bt IOg(kt_lbt)). (1)

Here, generating k;_1b; nodes takes O(k;_1b;) time, the
evaluation cost per node is O(1), and the total eval-
uation time is O(k;_1b;). Heap sorting for pruning
costs O(b; log(ki—1b;)). By iteratively applying dynamic
branching and heuristic pruning, the deepest leaf nodes in
the forest correspond to the final frames of the video, with
the path to those nodes representing the optimal video se-
quence. The overall time complexity of this process is:

T-1
O(ko + Y kr—1be + by log(ki—1br)). )
t=1

In practice, we set a branching limit b for dynamic
branching, i.e., by < b. In the heuristic pruning step, we
use the heuristic reward function H to prune branches that

fall below the average value. On average, each pruning step

. ki 1b ko [1i_, bs t
retains k; ~ ~5—* = o 1‘[23_1 L < ’“g—f’ branches before k;

drops to 1. Therefore, we have:

T-1

O(ko + > ki1 + by log(kr—1by))

t=1
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In practice, we set kg = N and b = 2. In the worst-case
scenario, assuming b; = b = 2 for all ¢, the resulting time
complexity is:

O(N + TN + 2T log(N)) = O(TN). 4)

This complexity is consistent with that of the linear
search. However, in our actual experiments, we perform
branching operations only at specific prompt stages to en-
sure a diverse and stable transition between stages. Con-
sequently, b, remains 1 for most timesteps, leading to the
following update rule:
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Figure 1. Results of Test-Time Scaling for Video Generation. As the number of samples in the search space increases by scaling test-
time computation (TTS), the models’ performance exhibits consistent improvement (In the bar chart, light colors correspond to the results

without TTS, while dark colors represent the improvement after TTS.).

b [ Bt 0 <t <log(ko) (5)
+ 1 t > log(ko).

Thus, Eq. 2 can simplify to:

T-1

O(ko + Y ke—1be + by log(ki—1b:))
t=1
T-1 log(ko) t t
k‘ . bl k‘ . bz
= O(ko + Z bt + 70 1_[21;1 + bt 1Og(70 1_121;1
t=log(kp)+1 t=1
2 log2,
= O(ko +T — log(ko) + ko + log (ko) — 5 log (k‘o))
=0O(N+T).

(6)
Compared to the quadratic complexity of linear search,
our approach converge at a geometric rate, ultimately
achieving linear complexity. It significantly reduces com-
putational costs while maintaining high sample diversity.
The logarithmic dependency on N ensures efficient scal-
ing, making our method more suitable for high-dimensional
video generation. Additionally, by dynamically adjust-
ing the branching factor, we achieve a better trade-off be-
tween exploration in early timesteps and convergence in
later stages.

B. More Experiments

B.1. More Quantitative Results

We performed multiple random linear search experiments
across various video generation models with different ver-
ifiers. Figures 7-9 present more quantitative results on

VBench across different dimensions. These indicate that
TTS consistently delivers stable performance improvements
across dimensions. Moreover, the evaluation accuracy of
different verifiers varies across dimensions, justifying our
use of multiple verifiers. Figure 1 present trends for perfor-
mance gain across different video generation models as the
number of samples increases.

B.2. More Qualitative Results

We provide additional visual results for Pyramid-Flow [3]
and CogVideoX-5B [5] in Figures 10-15. Each example
displays different video outputs as NFE increases with the
same prompt input. The results show that video quality and
text alignment improve with more TTS samples.

B.3. Discussion of RL from reward model feedback

TTS in video generation differs significantly from the
Chain-of-Thought (CoT) approach employed in language
models. It does not generate new contextual information
nor leverage in-context learning capabilities; instead, it re-
lies on a reward model to prune specific paths. If a video
model has already undergone reinforcement learning based
on feedback from a reward model during the training phase,
will the TTS method still yield substantial benefits? To ad-
dress this question, we conducted additional experiments.
Specifically, we first trained CogVideo-2B with a reward
model via reinforcement learning and then applied our TTS
method to the fine-tuned model. The results indicate that
while reinforcement learning prunes numerous low-reward
paths, it fails to ensure convergence to the global optimum.
As illustrated in Table | and Figure 3, the model after rein-
forcement learning still retains significant potential for im-
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Figure 2. Using TTS, the small model (Pyramid-Flow) achieves scores that are close to, or even exceed, those of the 13B large model
(HunyuanVideo) in many dimensions. The gray dashed horizontal line in the figures indicates HunyuanVideo’s score in that dimension.

provement through the TTS method.

| Overall Consistency | Imaging Quality | Aesthetic Quality
CogVideoX-2B 24.16 61.34 55.22
+TTS 26'34+9.UZ% 63.18+2'99% 57'78#‘.64%
CogVideoX-2B (after RL) 25.80 61.10 58.15
+TTS 27.00+465% 66.64+9.07% 61.12+511%

Table 1. Quantitative comparisons with RL fine-tuned model.
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Figure 3. Qualitative comparison with RL fine-tuned model.

B.4. Comparison with Large Models

Figure 2 compares the outputs of the small model Pyramid-
Flow (2B) with TTS and the large model HunyuanVideo
(13B) single. As scaling increases, the small model’s per-
formance approaches or even surpasses that of the large
model in many dimensions.

We also conduct experiments on latest open-source
methods (Hunyuan Video and Wan2.1) to evaluate TTS on
a subset of VBench. As shown in Tab. 2 and Fig. 4,larger
models receive more improvements on several dimensions.

| overanc | Acsthetic Quatity | C
Hunyuan Video 27.27 64.75 95.47
+TTS 30.68+125% 69.48+7:30% 99.12+3:93%
Wan 2.1 26.26 65.62 97.58
+TTS 30.10%146% 71.40+8:80% 99.74+2:21%

Table 2. Experiment Results on latest opensource models.
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Figure 4. TTS Improvement Comparison with large models.

B.5. Failure Cases

Figure 5 shows failure cases in Pyramid-Flow experiments
where TTS does not significantly improve video quality. In-
creasing inference computation fails to generate reasonable
details (e.g., hand movements), indicating that model per-
formance limitations constrain TTS method improvements.

Figure 5. Failure cases on prompt “A person is clapping”.



Split video generation prompts into 3 stages: .
1. Static scene description. Describe all the objects or characters in the input prompt.
2. Action/motion directions. Describe the motion or action of all the objects or characters -

in the input prompt.
3. Expected ending state. Describe the ending scene of the video.

Now process this input: a bear climbing a tree

["A bear is hugging the base of a tall tree in a forest, with leaves rustling gently in the breeze",
"The bear is climbing the tree with strong movements, using its legs and arms, branches swaying

slightly with each step", "The bear has reached the top of the tree, sitting comfortably with a
view of the surrounding forest, the tree swaying gently in the wind"]
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Figure 6. Verifications during TTS process.



235

= Veench e o VBench C_e--= o VBench P
23.0] == VideoLtama3 .~ —e— VideoLLaMa3 _— 22,0 —#= videoLLama3 ———"
a ~®~ VisionReward ~®~ VisionReward - B ~®~ VisionReward
=~ VideoScore 230 =&~ VideoScore ~8~ VideoScore
25 7
o ° °
> ’ 225 3215
a ¢ & &
o 220 + o o
g ! £ H
s ! g 220 €210
3215 g g
g &as -3
< < <
21.0 205
21.0 1,
205 . .
NOVA Pyramid-Flow (SD3) 200 Pyramid-Flow (FLUX)
20.5 :
104 10° 10° 104 10° 104
Inference Compute (NFE) Inference Compute (NFE) Inference Compute (NFE)
265 o= vBench = o Vaench J—— o Veench [
—e— VideoLLaMa3 o——- " e VideoLLaMa3 P e * 26.0{ =8~ VideoLLaMa3 S L
~o— VisionReward 26.01 o~ visionReward - ~o~ VisionReward "
26.0 ~8— VideoScore ~8— VideoScore 255 ~8— VideoScore -
@ @ 25.5 o
>255 > ’ >
& & {250
i @ @
2250 g0 g
H 7 s ©245
8 8 g
245
S245 g 8
2 2 g0
240 240 235
235 OpenSora-v1.2 235 CogVideoX-2B 230 CogVideoX-5B
10° 104 10° 104 10° 10*
Inference Compute (NFE) Inference Compute (NFE) Inference Compute (NFE)
Figure 7. TTS performance on Appearance Style across diverse verifiers.
62{ o= Veencn pmee— 70 { &= Veencn e = VBencn
—e— VideoLLaMa3 - —e— VideoLLaMa3 e 69 —o= VideoLLaMa3 e
—e- VisionReward - 69 ~#— VisionReward - ~e- VisionReward -
g0 % Videoscore —e- VideoScore —e- VideoScore -
2z 268 - 268
! E . E
(<4 o 67 v o
ot o My
g 7 7
9 66
<56 Les &
64 65
54 . . .
NOVA 6 Pyramid-Flow (SD3) Pyramid-Flow (FLUX)
104 10° 10° 104 10° 104
Inference Compute (NFE) Inference Compute (NFE) Inference Compute (NFE)
—e- VBench I Y 641 —e= VBench —e——e=—0 ~o~ VBenc "
62| —= VideolLaMa3 e - VideoLLaMa3 P 66 { = VideoLLaMa3 e
—e— VisionReward - —e— VisionReward -~ —o— VisionReward -
~e— VideoScore Rad 62|~ Videoscore as 65| —#= Videoscore Pt
60 - -
> > s > -
& & Zes
s s ’ s
558 360 Ses
2 2 2
8 858 g
<s4 ~ = < <61
52 56 60
OpenSora-v1.2 CogVideoX-2B 59 CogVideoX-5B
50
10° 10 10° 104 10° 10*
Inference Compute (NFE) Inference Compute (NFE) Inference Compute (NFE)
Figure 8. TTS performance on Aesthetic Quality across diverse verifiers.
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Figure 9. TTS performance on Color across diverse verifiers.




“A panda p]aying on a swing set”

Figure 10. More visual results during TTS process on Pyramid-Flow. From left to right, each row of frames are extracted from a video
sequence. From top to bottom, each row represents the output video results of TTS with an increasing number of samples.



“A ersonis riding a bke”

Figure 11. More visual results during TTS process on Pyramid-Flow. The TTS method can effectively alleviate common issues in video
generation, such as those related to human motion and complex movements.
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“A happy fuzzy panda playing guitar nearby a campfire, |
snow mountain in the background”

Figure 12. More visual results during TTS process on CogVideoX-5B.



“A bigfoot walking in the snowstorm.”

Figure 13. More visual results during TTS process on CogVideoX-5B.



“An apple on the bottom of a sandwich, front view.”

L;:t

“A suitcase and a vase”

Figure 14. More visual results during TTS process on CogVideoX-2B. The TTS method can help to enhance multi-object spatial perception.
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“A sandwich on the top of an 6range, front view.”

Figure 15. More visual results during TTS process on NOVA. The TTS method improves the alignment between the spatial relationships
of objects in videos and the corresponding text prompt.
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