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Abstract

Recently Text-to-Video (T2V) synthesis has undergone a
breakthrough by training transformers or diffusion models on
large-scale datasets. Nevertheless, inferring such large mod-
els incurs huge costs. Previous inference acceleration works
either require costly retraining or are model-specific. To ad-
dress this issue, instead of retraining we explore the infer-
ence process of two mainstream T2V models using trans-
formers and diffusion models. The exploration reveals the
redundancy in temporal attention modules of both models,
which are commonly utilized to establish temporal relations
among frames. Consequently, we propose a training-free and
generalized pruning strategy called F3-Pruning to prune re-
dundant temporal attention weights. Specifically, when ag-
gregate temporal attention values are ranked below a certain
ratio, corresponding weights will be pruned. Extensive ex-
periments on three datasets using a classic transformer-based
model CogVideo and a typical diffusion-based model Tune-
A-Video verify the effectiveness of F3-Pruning in inference
acceleration, quality assurance and broad applicability.

1 Introduction

Text-to-Video (T2V) synthesis aims to generate high-quality
and temporally coherent videos semantically aligned with
text inputs. In the early stage of T2V, traditional generative
models like GAN (Goodfellow et al. 2014) are trained on
datasets of limited scale. Hence, the synthesized videos are
restricted by limited semantics and low quality (Li et al.
2018; Pan et al. 2017). To tackle this challenge, recent
T2V models utilize large and powerful generative mod-
els transformer or diffusion models to train on large-scale
datasets (Ho et al. 2022b; Wu et al. 2022a). Alternately,
other recent T2V models (Hong et al. 2023; Ho et al. 2022a;
Wu et al. 2022b) build upon large-scale T2I models (Ding
et al. 2021; Saharia et al. 2022a; Rombach et al. 2022a)
by introducing temporal information, which are also based
on transformers or diffusion models. Despite extraordinary
progress in video quality and zero-shot generalization abil-
ity, inferring such large models incurs huge costs.
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Nevertheless, previous inference acceleration methods for
transformer or diffusion models either incorporate costly re-
training or cannot be generally applied to both two models.
Specifically, for transformers-based models, several works
are dedicated towards a more efficient transformer (Doso-
vitskiy et al. 2020; Mehta and Rastegari 2021; Meng
et al. 2022). Whereas, these works focus on discrimina-
tive tasks without considering synthesis quality. Other works
like (Mao et al. 2021; Wei et al. 2023; Rao et al. 2021) prune
weights or tokens with costly retraining or finetuning. Dif-
ferently, ToMe merges tokens without training, which how-
ever introduces time-consuming manipulation in inference.
For diffusion-based models, traditional diffusion accelera-
tion speeds up the denoising process (Lu et al. 2022), which
is limited by the trade-off between video quality and effi-
ciency. Other methods like knowledge distillation (Ho et al.
2022a) or diffusion model pruning (Fang, Ma, and Wang
2023) also incorporate extra training costs. All of the above
works are specially designed for one specific model, thus
hampering their applicability to different T2V models.

To address the issue, instead of retraining we investigate
the inference process of a classic transformer-based model
CogVideo (Hong et al. 2023) and a typical diffusion-based
model Tune-A-Video (Wu et al. 2022b) to search for the
common points. Regardless of model types, the above two
models both establish attention between text to each frame,
within frames and cross frames to respectively model text-
visual alignment, visual quality and temporal coherence as
shown in Figure 2(a). We respectively name these three
modules as Cross-modal Attention(CA), Self Attention(SA)
and Temporal Attention(TA). Note that, CA, SA and TA are
widely adopted in recent T2V models.

Therefore, we statistically analyze the attention values
distribution of the three modules during the inference pro-
cess as shown in Figure 3. At the bottom of Figure 3, there
are attention maps visualization respectively for CogVideo
and Tune-A-Video. The diagonal line of the map refers to
SA while the other parts represent TA. As observed, TA is
full of values approaching zero, which indicates there exist
plenty of non-contributory and redundant parts getting in-
volved in temporal modeling. The redundancy can also be
verified by visual results in the first row of Figure 1 that the
motion of the lion is restricted. Moreover, the histograms in
Figure 3 demonstrate the relationship between summed at-
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Figure 1: Demonstration of some visual results comparison in Text-to-Video (T2V) synthesis. Our F3-Pruning is applied to the
classic transformer-based method CogVideo and the typical diffusion-based method Tune-A-Video. Without any extra training,
F3-Pruning not only boosts inference efficiency of T2V but also enhances video quality. On the public video dataset UCF-101,
applying F3-Pruning to CogVideo makes it 1.35x faster and promotes video quality metrics FVD by 22%.

tention values called Aggregate Attention Score(AAS) and
network layers or denoising timesteps. As shown, the AAS
of TA keeps declining while that of CA or SA increases with
the generation process goes. It implies that the importance
of generation is gradually transferred from temporal infor-
mation to visual quality and text-visual alignment. And TA
plays a less important role in the late stage of generation.
In summary, in the inference stage of both transformers and
diffusion models, there exists redundancy in temporal atten-
tion modules.

Inspired by the above observation, we propose a training-
free and generalized pruning strategy called F3-Pruning
to prune redundant and less important temporal attention
weights as shown in Figure 2(b). Instead of designing in-
trinsic pruning criteria, we claim that attention values could
reasonably represent the saliency of corresponding atten-
tion weights. Besides, considering the sparsity of TA values,
TA values are aggregated into Aggregate Attention Scores
(AAS) as pruning criteria rather than complicated compar-
isons. As demonstrated in Figure 2(b), our F3-Pruning is
applied over network layers or denoising timesteps with the
pruning criteria to cut off TA weights whose AAS are ranked
below a specific ratio. With F3-Pruning, redundant TA is
released and redistributed to SA or CA to further promote
video quality and text-visual alignment with coherence.

Our contributions could be summarized as follows:

1) We explore the inference process of two mainstream
T2V models using transformer and diffusion, which reveals
the redundancy of temporal attention in both models.

2) We propose a training-free and generalized pruning
strategy called F3-Pruning to prune redundant temporal at-
tention weights, which both speeds up T2V inference and
assures video quality.

3) Extensive experiments on three datasets prove the ef-
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fectiveness, efficacy and generalization of F3-Pruning. Par-
ticularly, F3-Pruning applied to CogVideo on UCF-101
dataset not only speeds up CogVideo by 1.35x but also sig-
nificantly improves video quality metric FVD by 22%.

2 Related Works
2.1 Text-to-Video Generation

In the initial stage of development, some GAN-based (Li
et al. 2018; Pan et al. 2017) models can only create
low-resolution videos with restricted semantics. Subsequent
works mainly focus on non-adversarial processes. A clas-
sic diffusion-based work VDM (Ho et al. 2022b), naturally
extends a standard image diffusion model and enables it
jointly training with image and video data. Different from
that, some works (Wu et al. 2022a; Villegas et al. 2023; Ge
et al. 2022) modify a base transformer to adapt to the video
synthesis involving multi-model signals.

However, these works require exceptionally high train-
ing costs for training from scratch. Therefore some re-
searchers explore the utilization of pretrained T2I models
to ease training costs for T2V generation. For instance,
CogVideo (Hong et al. 2023) devises a large-scale T2I trans-
former CogView2 (Ding et al. 2022) by introducing the
temporal information through the use of attention among
frames. On a different note, Make-A-Video (Singer et al.
2023) breaks away from the usual reliance on text-video
pairs for T2V generation by utilizing a pretrained T2I model.
Imagen Video (Ho et al. 2022a) follows Imagen (Saharia
et al. 2022b), employing a cascaded diffusion model with at-
tention and convolution at multiple resolutions. Moreover, as
the quality of video generation improves, recent works begin
to explore diverse settings of generation. Tune-A-Video (Wu
et al. 2022b) proposes a one-shot video tuning approach
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Figure 2: Overview of our proposed F3-Pruning. In a), we show three attention modules Cross-model Attention (CA), Self
Attention (SA) and Temporal Attention (TA), which are commonly used in T2V to respectively model text-visual alignment,
visual quality within each frame and temporal coherence among frames. In b), we demonstrate the schedule of our F3-Pruning
applied to the transformer-based methods and the diffusion-based methods. TA weights will be pruned when the sums of TA
values of some network layers or denoising timesteps, called Aggregate Attention Score, are ranked below a pruning ratio .

for T2V generation, incorporating temporal attention into
Stable diffusion (Rombach et al. 2022b). And Text2Video-
Zero (Khachatryan et al. 2023) enables zero-shot T2V gen-
eration without training video.

Since these methods primarily prioritize video quality, se-
mantical consistency, and coherence, they overlook the issue
of huge computational costs and long latency in reference.

2.2 Inference Acceleration

The methods for model acceleration at the algorithmic level
are mainly divided into pruning (Xia, Zhong, and Chen
2022; Lagunas et al. 2021; Zhuo et al. 2022), quantiza-
tion (Qin et al. 2022; Li et al. 2022; Liu et al. 2022; Song
etal. 2019). In this work, we focus on pruning, which is clas-
sified into structural and unstructured pruning. Some works
focus on unstructured pruning (Dong, Chen, and Pan 2017;
Park et al. 2020; Sanh, Wolf, and Rush 2020; Lee et al.
2020), which finds the unimportant parameters and conceals
them by masking or setting them to zero. Those methods
usually do not bring actual acceleration. Whereas very re-
cent works perform on structural pruning (Ding et al. 2019;
You et al. 2019; Liu et al. 2021), which stands out due to
its capability to physically remove parameters and substruc-
tures from neural networks for accelerating training or in-
ference. Nevertheless, the above research on network prun-
ing has predominantly concentrated on tasks involving dis-
crimination, notably classification endeavors and these ap-
proaches all require additional training to determine the lo-
cations for pruning.

To avoid training costs, Bolya et al. (Bolya and Hoffman
2023; Bolya et al. 2023) propose a token merging method
that notably enhances inference speed by reducing tokens
through cosine similarity, all without requiring any train-
ing. Nevertheless, this approach entails extra computations
to determine which tokens should be merged. This can po-
tentially add substantial overhead to the inference process.
Our approach is different from prior methods as we harness
temporal redundancy, negating the necessity for intricate to-
ken similarity comparisons and sidestepping supplementary
computations during inference. In this study, we change the
token-specific operations to layer-specific operations by an-
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alyzing temporal redundancy and demonstrate the feasibility
of this pruning approach in video generation.

3 Methodology

Firstly, we introduce some preliminaries in T2V in Sec. 3
for further illustration. Then in Sec. 3.2, we investigate the
inference stage of two mainstream T2V models to analyze
the redundant parts for pruning. Based on the analysis, we
introduce our pruning strategy F3-Pruning in Sec. 3.3.

3.1 Preliminary

Recent Text-to-Video models are mainly established on
powerful generative models transformers and diffusion mod-
els. Despite the model types, Cross-modal Attention (CA),
Self Attention (SA) and Temporal Attention (TA) are com-
monly utilized to respectively assure text-visual alignment,
visual quality of each single frame and temporal coherence
among frames. Specifically, as depicted in Figure 2 a), CA
models attention between text features 7' and visual fea-
tures of each frame F;. And SA establishes attention matri-
ces within each frame for visual quality. Learning attention
assignation among different frames forms TA for temporal
modeling. Consequently, the formulations of these three at-
tention modules could be summarized as follows:

{ CA = Attn(T, F}),

TA= Attn(Fl, Fj),
where N refers to the number of generated video frames.
When i = j, SA is contained in TA. According to the for-
mulations, the time complexity of TA is O(N?) in contrast
to O(N) of SA, which indicates a quadratic time consump-
tion with the increas of frames or resolution.

For the transformer-based methods, we consider
CogVideo (Hong et al. 2023), a classic large-scale open-
source T2V model as an example. As depicted on the left
top of Figure 2 b), all video frames and text are discretized
into tokens and different attentions are entangled to jointly
model text and visual connections as

[CA; TA],

ijel.,N) (D

2
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Figure 3: Top: Demonstration of the relation between Aggre-
gate Attention Score (AAS) and network layers or denoising
timesteps. AAS is declining with the inference step. Bot-
tom: Attention Visualization. The diagonal line represents
SA, and the upper and lower triangles represent TA. In par-
ticular, the leftmost bright line in CogVideo represents CA.
As seen, attention values are sparsely distributed.

where SA is contained in TA.

For the diffusion-based methods, we select Tune-A-
Video (Wu et al. 2022b) which serves as a baseline one-shot
T2V model. As shown on the left bottom of Figure 2 b), in
each denoising step, CA, SA and TA are disentangled and
arranged in a cascaded way as

TA(CA(SA)). 3)

3.2 What To Prune: Redundancy Analysis

To avoid costly retraining or finetuning, we probe into the
inference stage of the above two representative T2V mod-
els CogVideo and Tune-A-Video. Since CA, SA and TA are
commonly shared among T2V models, we choose to ana-
lyze their attention values distribution in inference, which
are summarized into the following three observations.
Observation 1. A large portion of temporal attention
values approaching zero indicates redundancy for tempo-
ral modeling. For direct observation, we visualize attention
maps of CogVideo and Tune-A-Video in the bottom of Fig-
ure 3. Specifically, for the attention map of CogVideo in the
left bottom, values in the most left column, the diagonal line
and the other parts in the lower triangular matrix respectively
represent CA, SA and TA. As seen, attention values are in-
tensively assigned to CA and SA while sparsely distributed
to TA. Moreover, in TA the neighboring frames are more
dedicated compared to more previous frames. The conclu-
sion is also compatible with the common sense that a frame
is mostly related to its neighboring frames or itself rather
than attending to all other frames. In addition, for the atten-
tion map visualization of Tune-A-Video in the right bottom
of Figure 3, the diagonal line refers to SA and the other parts
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refer to TA. Also, SA is much more emphasized compared
to TA, which is consistent with the observation in CogVideo.

Generally, the distribution of attention values indicates
that analyzing linguistic information and building visual in-
formation within a frame matters much more than attending
to all the precedent frames. Based on the observation above,
we can conclude that there exists a large extent of redun-
dancy for fully connecting each two frames in TA. The re-
dundancy can also be verified by visual results of CogVideo
in Figure 1. The dense connection among frames restricts
the motion of the video, where the lion is kept unchanged
instead of drinking water.

Observation 2. The decrease of aggregate temporal at-
tention values with generation process implies its declin-
ing importance. For further analysis, we utilize text prompts
from public datasets, which are fed into CogVideo and Tune-
A-Video to infer corresponding videos. Then in different
network layers or denoising timesteps, we statistically col-
lect the sum of attention values in CA, SA and TA, which are
called Aggregate Attention Score (AAS). The correspond-
ing results form the histogram in the top of Figure 3. As ob-
served, with the deepening network layers in the transformer
or increasing denoising timesteps in the diffusion model, the
AAS keeps decreasing in TA in contrast with the rise of CA
or SA. This implies the decreasing importance of TA along
with the generation process. For CogVideo, the increasing
AAS in CA demonstrates that generation is more oriented
towards textual information, which is consistent with the
analysis in CogVideo. As for Tune-A-Video, as the denois-
ing process goes, the focus of generation attends more and
more to visual details within a frame rather than temporal re-
lations among frames. The observation also corresponds to a
conclusion of diffusion models that the early denoising pro-
cess focuses on low-frequency contents while the late one
focuses more on high-frequency details.

The overall observations reveal that temporal modeling
takes different proportions in the whole generation process,
and matters less important in the late stage of generation.

Observation 3. Removing redundant TA leads to reason-
able attention redistribution to CA or SA, thus contributing
to video quality. For CogVideo, TA and CA are entangled
modeling as shown in the left top of Figure 2(b), which
means that their normalized attention values are summed to
be 1. Once TA is released, its attention values will be redis-
tributed to CA, thus contributing to text-visual alignment.
For Tune-A-Video, CA, SA and TA are cascaded connected
as described in Eq. 3. When the overly tight restriction of
TA is removed, the influence of SA and CA will be enlarged
correspondingly. Especially, if less important TA weights in
the late stage of the denoising process are pruned, focusing
more on SA will favor the construction of high-frequency
details. This observation can be verified through visual re-
sults of Tune-A-Video+F3-Pruning as shown in Figure 1.

In summary, observations 1 and 2 indicate the redundancy
of TA and decreased importance of TA in the late stage
of generation. Moreover, observation 3 further analyzes the
merits of releasing redundant TA, which will contribute to
video quality or text-visual alignment.
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Method UCF-101 DAVIS LONGTEXT Performance
FVD | Clip(text) T | FVD|] Clip(text) T | Clip(text) 1 | PFLOPS | Time |
CogVideo | 2537 25.03 | 1851 26.34 | 28.07 | 9484 486
+ Pruning* 4073 24.66 2239 25.46 27.94 5271 672
+ Reorganization* | 4091 24.61 2037 25.81 27.73 5280 688
+ TPS* 4471 24.35 2378 25.16 27.83 5280 704
+ ToMe* 3594 24.74 1837 26.34 28.07 5290 985
+ F3 (Our) 1990 24.77 1781 26.21 28.4 5311 359

Table 1: Quantitative comparison results on five pruning methods applied to the typical transformer-based model CogVideo.
“*” represents that the method itself is not originally designed for auto-regressive transformers, and we adapt it to fit CogVideo.

3.3 How To Prune: F3-Pruning

Motivated by the observation and analysis from Sec. 3.2, we
propose F3-Pruning to structurally prune weights of redun-
dant temporal attention as shown in Figure 2(b).

Aggregate Attention Score. Instead of designing com-
plicated pruning criteria that usually demand extra heads to
be trained, we claim that attention values could act as a rea-
sonable indication of the corresponding weights importance.
Considering the sparsity of temporal attention, bits-by-bits
attention values comparison or ranking will not only cause
a large amount of calculations but also hurts the robustness
due to the variance of comparing vectors with small norms.
In contrast, comparing the sum of temporal attention val-
ues avoids dense matrix calculations and could aggregate
the sparse values to better represent the importance of the
overall temporal attention. Consequently, we propose to sum
over the temporal attention values for each network layer or
denoising timestep as our pruning criteria coined as Aggre-
gate Attention Score (AAS). The corresponding formulation
could be summarized as follows:

AAS = sum(Attn(F;, F;)) i #j. )

F3-Pruning. Given the criteria, our F3-Pruning schedule
is illustrated in Figure 2(b). Specifically, we iterate through
all the training samples in a public video dataset and infer
corresponding video samples using the given T2V model.
Afterward, we calculate over each network layer or denois-
ing timestep following Eq. 4 to obtain the AAS. Accord-
ing to the hypothesis that ‘smaller-norm-less-important’, we
rank the obtained AAS for the whole generation process by
their norms. Then we prune the temporal attention weights
with ‘smaller-norm’ below a fixed threshold. Note that dif-
ferent T2V models own different extents in temporal redun-
dancy, which means a fixed threshold will not be adapt-
able. Therefore, we choose to prune a proportion of tem-
poral attention weights defined by a pruning ratio o, where
0 < a < 1. That is to say, we prune « of temporal atten-
tion weights whose AAS rank in the last a part. Regarding
the decreasing importance of temporal attention, we actually
prune the TA weights in the late stage of generation.

4 Experiments and Analysis
4.1 Datasets and Evaluation Metrics

Datasets To prove the effect of F3-Pruning, and compare
it to other SOTA pruning methods. We follow the set-

Method | Clip (img) 1 | Clip (text)+ | TFLOPS | | Time |

TAV | 9778 | 3283 | 3798 | 45.08
+ToMeSD | 97.73 32.88 369.53 | 48.54
+F* (Our) 97.95 33.30 35523 | 43.83

Table 2: Quantitative comparison results on two pruning
methods applied to the typical diffusion-based models Tune-
A-Video. Experiment conducts on LONGTEXT.

tings of (Hong et al. 2023; Wu et al. 2022b) and select
two public video datasets, including a) UCF-101, an ac-
tion recognition dataset (Peng, Zhao, and Zhang 2019) and
b) DAVIS, a densely annotated video segmentation (Voigt-
laender et al. 2020), which both contain label-to-video pairs.
Furthermore, to address the potential loss of text informa-
tion from using labels as inputs, we build a c) LONGTEXT
dataset, which consists of full sentences generated by Chat-
GPT(OpenAlI 2021).

Evaluation Metrics To comprehensively evaluate the ef-
fectiveness and efficacy of different pruning methods, we
adopt four commonly used metrics as follows. We utilize
a) FVD (Peng, Zhao, and Zhang 2019), which is pretained
by SVC (StarCraft 2 Videos) dataset, to evaluate the qual-
ity of spatial and temporal features in video generation, b)
Clip-Score (Hessel et al. 2021) to measure the alignment
of text and image and coherence of generated videos re-
spectively denoted as Clip(text) and Clip(img), c) FLOPS
(floating point operations per second) to assess the floating
calculation of pruning techniques, and d) time(s) to provide
an assessment of the practical running speed.

4.2 Comparison on Transformer-Based Methods

To verify the efficacy and effectiveness of F3-Pruning, we
conduct comparative experiments on UCF-101, DAVIS, and
LONGTEXT using the baselines including Token Prun-
ing (Rao et al. 2021), Token Reorganization (Mao et al.
2021), TPS (Wei et al. 2023), and ToMe (Bolya et al. 2023).
We equally prune 50% for each baseline on TA. The quanti-
tative and qualitative results are respectively shown in Tab. 1
and Figure 4.

As indicated in Tab. 1, we equally prune 50% of TA
in each baseline and make the FLOPS decline about 44%.
However, only F3-Pruning achieves the lowest inference
time, resulting in an approximately 1.35x speedup. On the
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Figure 4: Some examples generated by five pruning methods applied to CogVideo. As demonstrated, F3-Pruning performs the

best in coherence and text comprehension.
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Figure 5: Some examples generated by two pruning methods applied to the Tune-A-Video (TAV) on the datasets of LONG-
TEXT. As demonstrated, F3-Pruning performs the best, especially in object details.

contrary, other baselines lead to an increase in inference
time. It is because the F3-Pruning without additional cal-
culations and tensor merging during the inference stage.
For video quality, F3-Pruning exhibits exceptional quality
on UCF-101, leading to a significant 22% improvement
in FVD. Similarly, F3-Pruning achieves the best Clip(text)
among the five baselines. Although the Clip(text) of ToMe is
slightly higher than F3-Pruning, the results of DAVIS dataset
also show the same conclusion as UCF-101. To test the per-
formance of F3-Pruning with natural text as input. We con-
duct experiments on LONGTEXT dataset and prove that F3-
Pruning achieves the best Clip(text) among the five base-
lines.

The comparison in Figure 4 shows that four competitors
lead to misinterpretations of text and the generation of il-
logical videos. In the case of the CogVideo, it overly con-
nects dense TA to ensure smooth transitions between frames.
However, this design might result in reduced motion infor-
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mation within the generated videos. Additionally, incorrect
pruning and merging strategies by the other four competi-
tors lead the misleading text and incoherent video. When
F3-Pruning prunes temporal redundancy, the model redis-
tributes TA from previous frames to the textual content. Con-
sequently, this adjustment tends to produce coherent videos
with a greater emphasis on text motion alignment.

4.3 Comparison on the Diffusion-based Method

To further verify the versatility of F3-Pruning, we conduct
experiments on the diffusion-based Tune-A-Video, with the
comparison method ToMeSD (Bolya and Hoffman 2023).
As shown in Tab. 2, F3-Pruning achieves the best overall
metrics. Note that, although ToMeSD has a little improve-
ment on FLOPS, the inference time of it is slightly higher
than Tune-A-Video. It is because that ToMeSD introduces
an extra step of merge and unmerge process, which leads
to an impact on the efficiency of generation. Additionally,
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Methods | FVD | | Clip(text) T | PFLOPS | | Time(s) |

CogVideo | 5357 25.03 9483 486
w/o CA 4730 24.97 9446 480
w/o SA 5410 24.87 8651 460
w/o TA 4239 24.77 5311 359

Table 3: Ablation study of w/o CA, SA and TA on UCF-101.

ToMeSD exhibits a slight decrease in Clip(img) and a minor
increase in Clip(text), but F3-Pruning demonstrates a more
pronounced improvement in Clip(text) and Clip(img). The
visual results in Figure 5 also show that the excessive atten-
tion of Tune-A-Video and ToMeSD to other frames causes
overly reliance on preceding frames, resulting in distortions
and increased noises in the details. As a result, F>-Pruning
is the clear winner in this experiment.

4.4 Ablation Study

Effect of pruning CA, SA, and TA To validate the effects
of three attention, we conduct an ablation study on UCF-101
dataset by separately pruning CA, SA, and TA. The results
are demonstrated in Tab. 3. While "w/o CA” shows improve-
ment in FVD and has the least impact on Clip (text), its infer-
ence time sees little enhancement. Similarly, “w/o SA” has
modest harm for Clip(text), but it increases FVD, thereby
reducing the quality of generated video. Differently, “w/o
CA” significantly reduced inference time, and making the
best trade-off between costs and quality among those three.
Our visual results, depicted in Figure 6, underscore the con-
sequence, revealing “w/o CA” and “w/o SA” have a loss of
alignment from textual input. As a result, we choose the TA
as our pruning attention.

Effect of different pruning ratios To determine the op-
timal pruning ratio o, we conduct an ablation study to prune
CogVideo by 25%, 50%, and 75% on UCF-101. Qualitative
results are demonstrated in Tab. 4). Notably, as the prun-
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Horse Race (UCF-101)

CogVideo

25%

50%

o=

75%

o=

Figure 7: Some examples of different pruning ratios a.

Methods | FVD | | Clip(text) T | PFLOPS | | Time (s) |

CogVideo | 5357 |  25.03 9483 486
o=25% 4937 24.96 7397 422
a=50% 4239 24.77 5310 359
a=T75% 1750 23.52 3224 311

Table 4: Ablation Study of pruning ratios o on UCF-101.

ing ratio increases, we observe a huge reduction in infer-
ence time and FLOPS. These there pruning ratios lead to
a substantial enhancement in FVD. And 25% and 50% ex-
hibit fewer effects on the final Clip(text), suggesting they
maintain a robust text-image alignment. However, the ex-
periment of 75% pruning ratio achieves the best FVD per-
formance and inference time, but it has a notable decline in
text-video alignment. This observation is further supported
by the findings presented in Figure 7. As shown in the fig-
ure, a 50% pruning ratio demonstrates modest improvements
in text-image alignment and inter-frame coherence within
the generated videos. In contrast, the experiment with a 75%
pruning ratio exhibits a significant loss of coherence among
frames. So we select 50% pruning ratio for all experiments.

5 Conclusion

In this paper, to accelerate inference of T2V, we propose
a training-free and generalized pruning strategy called F3-
Pruning. Specifically, temporal attention weights will be
pruned if their aggregate attention values rank below a prun-
ing ratio. Experiments prove that our method promotes infer-
ence speed and video quality on mainstream T2V models.
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