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Abstract

Current video training methods rely on fixed spatiotemporal
sampling grids to extract a predetermined number of tokens,
limiting adaptability to diverse computational budgets and
resulting in suboptimal accuracy-computation trade-offs.
This rigidity constrains high-performance models trained in
resource-rich environments from being efficiently deployed
on resource-constrained devices. We hence introduce a
novel paradigm for lossless adaptation across scenarios,
enabling models to maintain optimal performance under
high-resource conditions while seamlessly transferring to
low-resource environments. Central to this is Token Op-
timization (TO), an adaptive inference framework that dy-
namically samples and selects input token set to optimize
input information under varied computational constraints.
To support this, we propose Flux, an augmentation tool
that enables flexible sampling grids and token selection.
It integrates seamlessly into popular video training frame-
works, significantly enhancing model robustness and adapt-
ability with negligible additional cost. Applied to large-
scale video pretraining, our method produces FluxViT,
which achieves state-of-the-art performance across multi-
ple tasks under standard costs. Remarkably, with only 1/4
of the tokens, FluxViT matches prior state-of-the-art mod-
els under TO across tasks, achieving nearly 90% computa-
tional savings. Code and models are available at ht tps :
//github.com/OpenGVLab/FluxViT.

1. Introduction

Video representation learning [20, 45, 71] is a fundamen-
tal task in computer vision, as it is critical in developing
spatiotemporal perception and procedural reasoning in mul-
timodal large language models [38, 41, 54, 77] and embod-
ied Al systems [24, 78]. However, the deployment of video
models is computationally intensive due to the high volume
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Figure 1. Flux (right) employs flexible sampling and token selec-
tion to achieve Token Optimization. Common methods(left) use
rigid sampling(and use token reduction for applications directly).
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of video tokens compared to image tokens. Popular video
training methods work on fixed-count patched tokens sam-
pled from a predefined spatiotemporal grid (e.g., 8 x2242),
leading to considerable redundancy in training and deploy-
ment, especially for long, high-resolution videos. More-
over, this inflexible and fixed training achieves sub-optimal
results for tasks that require dynamic resolution settings, in-
cluding restricted computation or emphasizing frame counts
rather than frame resolution. Researchers have developed
different approaches for better trade-offs.

First, to fit a limited computation budget in inference,
many works [15, 31, 59] use token reduction on the same
densely sampled tokens as in training, showing sub-optimal
performance. For one thing, there is a trade-off between the
complexity (cost) and performance of the token reduction
strategy. Current strategies can not perform well with a sig-
nificant reduction rate. For another, the inflexibly trained
models can not generalize with the sparse, masked tokens.

Second, existing methods for flexible network training,
such as Resformer [65] and FFN [88], have demonstrated
the efficacy of flexible networks operating at different spa-
tial or temporal resolutions but not both simultaneously. Al-
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though these approaches achieve robust performance across
diverse settings, we contend that merely reducing frame
counts or resolution under computational constraints fails
to optimize token capacity utilization and remains suscep-
tible to redundancy. Notably, FFN exhibits substantial per-
formance degradation when operating with only two frames
in their research. We argue that the input token set with a
size equal to 2 frames can be optimized. Also, they are
not validated in large-scale pre-training to achieve competi-
tive results for real-world applications, and the performance
gain with larger resolution input comes with quadratic com-
putation cost increase, which is also insufficient.

We propose a new perspective of the desired optimal
computation-and-accuracy and spatial-and-temporal trade-
offs across various settings, termed ‘Token Optimization’
(TO in short), as shown in Figure 1. It involves select-
ing an optimized set of input tokens based on budget from
more properly sampled videos for information maximiza-
tion. Since there is no perfect token selector for all settings,
we promote a better solution of using flexible sampling,
with more densely and finely sampled videos for higher
computation and more sparsely sampled videos for lower
budget. Spatial and temporal trade-offs are also achieved.

To better achieve TO, we propose a new data augmenta-
tion tool for training flexible video models, termed Flux for
Flexibility in universal contexts, by utilizing the combina-
tion of flexible sampling and token selector to make training
flexible while not introducing costs. We integrate it with the
Unmasked Teacher [42] pre-training, supervised-training,
multi-modal contrastive training, and chat-centric training
to validate its efficiency. Our new recipe brings more ro-
bustness caused by Flux augmentation both in standard set-
tings and our TO setting. Two plug-in modules are used
for better feature extraction regarding the reduced token set
with flexible reduction rates and input spatiotemporal res-
olutions. We build bottom-up ablation studies in turning
the model flexible. The resulting model FluxViT achieves
supreme improvements regarding the currently state-of-the-
art InternVideo2-Dist series models in fair settings across
budgets and across tasks, as in Figure 2.

Our FluxViT-S outperforms the previous state-of-the-
art small-scale model, InternVideo2-S [77], by 2.2% on
K400 under standard computation constraints. Moreover, it
achieves comparable performance to InternVideo2-S while
utilizing only about 10% of inference cost. FluxViT-
B achieves competitive results with state-of-the-art much
larger scale models on various tasks, including scene-
based action recognition task [34] (90.0% top-1 accuracy
on K400), motion-intensive [23] (75.8% top-1 accuracy
on SSv2), long-term task [64] (94.1% top-1 accuracy on
COIN), zero-shot text-to-video retrieval [1, 12, 28, 61, 81]
(49.9% R@1 on MSRVTT, 53.5% R@1 on DiDeMo and
56.7% R@1 on ActivityNet). Notably, it maintains state-
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Figure 2. Overview of our Flux method. The same-scaled
FluxViT and InternVideo2 [77] series models are both pre-trained
with the InternVideo2-1b model as the teacher using the same
dataset. The “FluxViT+” refers to the results using Token Opti-
mization at test time with the same GFLOPS.

of-the-art performance among the similar scaled models
while using only 1/4 to 1/2 of their tokens, resulting in
70% to 95% savings in computation. On chat centric
tasks including MVbench [41] for general perception and
Dream-1k [70] for fine-grained caption, our model sur-
passes widely used SigL.IP, CLIP and UMT in ‘linear prob’
setting across computation budgets, where only the projec-
tor between the ViT and LLM is trained for comparabil-
ity regarding the ViT’s capability as the common stage-1
training in chat models. This highlights Flux’s strong effect
across computation constraints and tasks and underscores
the robustness afforded by such flexibility.

2. Related Work

Flexible Model Training. Many recent studies focus on
developing a method to train a single model that performs
well across various settings, facilitating seamless adapta-
tion to diverse downstream deployment scenarios. These
methods include training a model as a set of shared weights
to be pruned for specific tasks [7, 84], as well as opti-
mizing models for varied spatial resolutions [65], frame
counts [88], spatiotemporal resolutions [48, 51, 73, 80],
patch sizes [6], and representation dimensions [8, 36]. The
Resformer [65] and FFN [88] methods propose co-training
with three different resolution settings in a single batch, uti-
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Figure 3. Our proposed Flux method with UMT framework.
We show that our proposed Flux training is easy to integrate with
mainstream video training frameworks.

lizing self-distillation mechanisms to enhance performance
under limited input resolutions for spatial and temporal di-
mensions, although separately. We argue that they can’t
achieve optimal performance within constrained computa-
tional budgets. Simply reducing frame counts and resolu-
tions is suboptimal. Further, performance gains brought by
high-resolution inputs lead to significant cost increases, a
challenge also noted in Oryx [51]. Token Optimization ad-
dresses this by optimizing the set of input tokens anytime.

Masked Vision Modeling. Mask has always been seen as a
critical method in training and utilizing scaled vision mod-
els, especially in the video domain. Previous methods can
be mainly divided into two categories. First, drawing in-
sights from the masked language modeling [16, 17, 52], re-
searchers use masks in vision transformer [18] pre-training
as a data augmentation strategy, as seen in masked au-
toencoder frameworks [21, 27, 66, 72] and BERT-like
mask-then-predict frameworks [4, 58, 74, 90]. Works like
UMT [42], MVP [79], and Milan [29] further utilize such
augmentation strategy to predict the CLIP [60] model’s
feature instead of native pixels as a Teacher-Student pre-
training method. Second, methods like MAR [59] and
MCM [31] apply masking techniques during the fine-tuning
stage and inference to save computation with minimal per-
formance loss. We here propose that mask can be used as
novel data-augmentation tool with our flexible sampling to
boost performance with our Token Optimization idea.

3. Method

In this section, we introduce our Flux for effectively pre-
training video models that represent videos at varying reso-
lution scales using tokens with flexible quantities robustly.

3.1. Flux-Pretraining

We begin with a widely adopted pre-training paradigm in
which the representations of a teacher model are employed
as soft labels for a student model. Popular approaches fol-
lowing this typically rely on fixed sampling grids and utilize
all extracted visual tokens for both the teacher and student
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Figure 4. Our proposed essential modules for Flux. From the
model side, Flux modules include Group-dynamic token selector,
dual patch norm, and Global-Local positional embedding.

models. However, this methodology suffers from substan-
tial redundancy, particularly in video data at finer resolu-
tions. To address this, Unmasked Teacher (UMT) [42] pro-
poses using only a subset of the visual tokens for the student
while retaining the full input for the teacher. This masked
alignment strategy enhances both efficiency and robustness
for the student model. We propose a further examination of
the input tokens for the teacher and leverage flexible sam-
pling grids combined with a group-dynamic token selec-
tion mechanism. This enables us to select the same num-
ber of tokens as the original setting but from a larger pool
extracted at flexibly higher spatiotemporal resolutions that
are more informative, thus harvesting more diversified and
meaningful representations from the teacher without cost,
as shown in Figure 3. The other settings, like alignment
losses, are the same as the original UMT, which trains the
competitive InternVideo2-Series models [77].

Flexi-Sampling. For each video in a batch, we randomly
select a frame count ranging from F,,;,, to F},,,, with a tem-
poral stride ¢, and select a spatial resolution between Ry,
and R,,,, with a spatial stride r, and enforce a threshold
Tinres in keeping a reasonable size of visual token pool.

Double Mask Module. To make the training flexible while
not introducing new costs, we leverage token selection
in the teacher input side. We propose a simple but ef-
fective method that prioritizes tokens exhibiting signifi-
cant changes between frames. We use additional sparse
groups for this selection to ensure coverage of the full
video and resist several rapid changes in videos, termed
Group-Dynamic Selector. Formally, with a pre-defined
token count K, which is set to keep unchanged teacher for-
ward cost, and a given tokenized frame sequence {F}, Fb,
..., Fr} by teacher’s patch embedding layer, we uniformly
sample it into N sparse groups where B; = {F; | t €
[iB,(i+1)B—1)},i € [0, N). In each group, we compute
the dynamic value as D(Fiy1;) = ||Fi41,; — Fi.l|p, Where
F}; means the value of 7, spatial token in the #;, frame
and p means the p-dim distance. Then we take the top(%)
tokens with the highest dynamic values in each group to



form K visible tokens in total. This selector, along with
flexible sampling, is utilized for the teacher model. We also
employ another student mask based on the teacher’s atten-
tion score of CLS token adopted in Unmasked Teacher. The
usage of the two masks is referred to as the Double Mask
Module. Such a module greatly boosts the student model’s
performance and brings no additional cost, showing a natu-
ral integration of Flux in the UMT framework.

3.2. Flux-Tuning

For the stage of supervised tuning, we keep the flexi-
sampling method and group-dynamic selector for the
trained student model. Table | shows such a method’s gain
even on a competitive model pre-trained with standard set-
ting, showing Flux as a general augmentation tool.

Token Optimization As proposed in the introduction, we
hope to maximize token information under any given bud-
get, termed as Token Optimization at downstream tasks.
Thus, during evaluation, we use a subset of the train-set
to find optimized sampling under a given token count for
the task. We provide a heuristic searching method in the
Appendix, which takes acceptable overhead.

3.3. FluxViT

Conventional ViT architecture struggles with the variable
token numbers, flexible spatiotemporal resolution, and spar-
sity patterns inherent in Flux training. Thus, we propose
two useful plug-in augmentation modules: Global-Local
Positional Embedding (GLPE) and Dual Patch Normaliza-
tion (DPN), as shown in Figure 4.

Global-Local Positional Embedding. As we utilize flex-
ible sampling with various spatiotemporal resolutions and
token reduction rates, it is important to encode the posi-
tion information of the selected input tokens about where
they are from and how they are related. Thus, Global-Local
Positional Embedding (GLPE) is utilized. We enhance the
global learnable positional embedding, initialized using the
sine-cosine method for the maximum possible input size,
by applying a Depth-Wise Convolution [30]. Then, to en-
code local positional information at a finer granularity in
the position-invariant attention mechanism, we apply a Lin-
ear Projection function (LPE) to the value vector V. The
modified attention is formulated as:

QK"
VD

Such LPE can be generated regardless of the input token
number by adding a bias term for the permutation-invariant
attention. This is vital in Flux to encode the discrete po-
sition information. The Value-dependent nature of LPE is
more robust in Flux than others, like RoPE, in that the un-
masked tokens are from different places from the source.

Z = (Softmax(

)+ LPE)V. (D)

The encoding of the relative relations between them is nat-
urally Value-dependent. RoPE is more useful in scenarios
without token selection for length extension.

Dual Patch Normalization. The Patch Embedding layer
plays a crucial role in dynamics estimation and it must
be robust to various spatiotemporal resolution distributions.
We observed that an additional Layer Normalization after
the standard Patch Embedding improves the accuracy of dy-
namic estimation, leading to more effective token selection.
Furthermore, the flexible sampling strategy leads to a var-
ied distribution of input tokens. Consequently, we find the
gradient norm of the Patch Embedding layer can become
excessively large, as shown in the Appendix. To stabilize
training, we introduce a second Layer-Normalization layer
before the Patch Embedding operation.

3.4. Train with Varied Input Lengths

As we aim to train a flexible video model that can seam-
lessly adjust to varied token numbers according to budgets,
we propose to use a multi-number co-training approach.
For Flux-UMT frameworks, we suggest utilizing three dis-
tinct input numbers within a single batch for the student
model. This strategy maximizes the benefits of the exten-
sive teacher-forward computation while enhancing robust-
ness under varying conditions. Specifically, we forward the
student three times using three different token numbers and
compute the teacher-student alignment loss for each. In
standard training frameworks without a pre-trained teacher,
we incorporate additional self-distillation, using the final
aggregated features with the largest input as the teacher for
the intermediate and the intermediate as the teacher for the
smallest. We include training efficiency in the ablation.

4. Experiments

We leverage InternVideo2-1B [77] as the teacher in Flux-
UMT due to its strong performance in general video un-
derstanding tasks. We use the same data-decomposition
and similar training recipe as the currently most competi-
tive InternVideo2-series distilled models as baselines. Note
that they are also built using the Unmasked Teacher frame-
work under the supervision of InternVideo2-1B. For no-
tation simplification, we use Flux-Single for Flux training
with a single token count and Flux-Multi for Flux train-
ing with multi token counts, while Flux-PT is for Flux with
UMT pretraining and Flux-FT for supervised tuning.

4.1. Ablation Study

In the ablation study, we ablate the effect of our Flux
through a systematic approach, progressively transforming
the original UMT framework into our Flux-UMT and get-
ting our competitive FluxViT. We utilize K710 for pre-
training, which integrates the K400 [34], K600 [9], and
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Test Token Number

Method Input Size 3072120481024 512 Avg
2x224%] o | @ | @ [69.5]69.5
4x224%| @ | @ [80.5|73.6|77.1
8x224%| o |83.9/81.9(72.7(79.5

8x2242 12x2242|84.6 | 84.2 1 80.9 |69.8|79.9

16x2242|84.5|83.5|79.1(67.0|78.5
20%224% | 84.182.7|77.7|64.3|77.2
24x224%|83.6|82.1|76.4(62.3]76.1
Avg|84.283.3179.4|68.5| -
Max | 84.6|84.3|81.9|73.6| -
2x224%| o | o | o [68.1]68.1
4x224%| @ @ |79.9174.7\77.3
8x2242| @ |84.3/82.7|76.7|81.2
12x2242|85.1|85.1(82.8(75.8|82.2
2048 fixed count 16x2242|85.4|85.2|82.6|75.3|82.1
Flux-Single Tuned | 20x2242|85.6 | 85.1|82.2|74.6(81.9
24x224%|85.4|84.8|82.0|74.1|81.6
Avg|85.4(84.9(82.0(74.2| -
85.6(85.2(82.8(76.7| -
1.0 [10.9 [ 10.9 [13.1| -
2x247 @ | @ | @ |69.3]69.3
4x2242| @ | @ |80.5/72.8|76.7
8x2242| o [83.9/81.9(72.7|79.5
12x2242(85.0|84.3|80.9|67.8|79.4
16x2242|84.9|83.9(78.9(65.2|78.2
20%2242|84.7|83.4|77.6|62.4|77.0
24x2242|84.3 | 82.6 | 76.4 [60.4|75.9
Avg|84.7|83.6|794 (672 -
Max | 85.0 | 84.3[81.9(72.8]| -
2x224%1 o | @ | o [722]722
4x224%| @ @ [81.0]79.3|80.2
8x224%| o |84.4|82.8(80.3(82.5
12x2242|85.4|85.2|83.3|79.9|83.5
(3072, 2048, 1024)| 16x2242|85.7[85.1|83.5|79.2|83.4
Flux-Multi Tuned | 20x2242|85.7|85.3|83.0|78.9|83.2
24x224%|85.6|85.0|82.7|78.2(82.9
Avg|85.6(85.0(82.7(78.3| -
Max 85.7|85.3|83.5(80.3| -
10.7 [ 11.0 | 11.6 [17.5| -
Table 1. Directly use Flux-Tuning with the previsou SOTA
InternVideo2-S on K400. Results are reported on K400 using
1clipx 1crop. It shows that Flux can be used as an advanced aug-
mentation tool directly in supervised tuning scenario.

Direct Tuned

Max

12x2242
Direct Tuned

K700 [10] datasets with duplicates removed. Performance
is evaluated using scene-based K400 and motion-intensive
SSv2 [23]. We use 1 clip x 1 crop for test configurations.
For flexible sampling, we set the parameters as follows:
Frin=4, Finaa=24, t;=2, R;yin=168, Rp,q.,=252, rs=28
and Typ,,s=(2048, 4096) by default.

Flux-Single Pre-training and Tuning. Figure 5 illustrates
the performance of three models differing in their pre-
training and tuning approaches. The first model, termed
the FixRes Distilled FixRes Tuned model, employs a fixed
resolution of 8x2242 during both the pre-training stage
and fine-tuning stage, the same as the original setting to
get InternVideo2-S. We evaluate this tuned model using a
fixed input token count of 2048 by our token-selector on
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Figure 5. Comparison between different training methods on
K400 using a fixed number of 2048 tokens. Note the three lines
and all the points share similar training and inference costs. The
shaded part shows results for the AnyRes Distilled AnyRes Tuned
model with spatial resolution in range (196, 252), while others use
a fixed spatial resolution at 224.

Mask Type K400 | w/ TO SSv2 |w/ TO

& (single res) 784 |78.4 65.4 |65.4
Random 78.6 [79.0 (10.6) |65.3 |65.9 (T0.5)
Tube 78.8 [80.0 (11.6) |65.7 |66.7 (1.3)
Dynamic(L1) 78.7 [79.8 (11.4) |65.7 |66.6 (]1.2)
Dynamic(L2) 78.8 [80.0 (11.6) |65.8 | 66.7 (1.3)

Group-Dynamic(L2)-2 | 78.8 |80.2 (11.8) [66.0 |67.0 (T1.6)
Group-Dynamic(L2)-4 | 79.2 |80.3 (11.9) |66.3 |67.3 (1.9)

Table 2. Ablation on using token selection strategies We vali-
date the effect of different token selection methods on Flux-Single-
Pre-training and Tuning on ViT. A group size of 4 works well.

the K400 dataset, which corresponds to the number of input
tokens in the standard 8 x 2242 configuration, but with var-
ied frame counts to assess the model’s capability to leverage
additional temporal information in fixed-number tokens for
enhanced performance. Thus, models trained and tuned
with fixed sampling grid can hardly harvest costless per-
formance gain with Token Optimization.

In contrast, the AnyRes Distilled FixRes Tuned
model utilizes Flux-UMT-Single upon the original setting.
Through Flux token selection, we maintain consistent pre-
training computational costs by regulating a fixed quota of
2048 input tokens. The tuning method also remains un-
changed. The diversified features from the teacher by the
flexible sampling accumulate more valued representations
for the student, gaining a +0.7% improvement at the orig-
inal 8x2242 test setting. Notably, the new model exhibits
greater robustness in processing a fixed number of tokens
from larger spatiotemporal resolution, achieving another
+0.3% gain with Token Optimization costlessly.

We further test tuning the any-res trained model using
Flux-FT with a fixed input token number of 2048 on K400,
as termed AnyRes Distilled AnyRes Tuned in the figure. As
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Method & Arch K400 | w/ TO SSv2 |w/ TO
Vanilla + ViT 784 |78.4 65.4 |65.4
Vanilla + FluxViT 79.3 |79.6 (11.2) |66.0 |66.4 (11.0)
Flux-Single + ViT 79.2 |80.3 (11.9) [66.3 [67.3 (]1.9)

With new positional embeddings

w/ RoPE 79.5 |80.7 (10.4) |66.5 |67.5 (10.2)
w/ GPE 79.4 |80.5 (10.2) |66.4 |67.4 (T0.1)
w/ LPE 79.7 |81.0 (10.7) |66.8 |68.3 (11.0)
w/ GLPE 79.9 |81.3(11.0) |67.0 |68.6 (11.3)

With DPN
w/ DPN |79.8 |81.2(10.9) |66.9 |68.4 (11.1)

Combining the two modules
Flux-Single + FluxViT | 80.5
Flux-Multi + FluxViT |81.4

81.7 (13.3) [67.6 |69.3 (13.9)
82.4 (14.0) |68.4 |70.0 (14.6)

Table 3. Results with 8x224%(and TO w/ 2048 tokens, which is
the same token count as in 8x2242) on K400 and SSv2. (]) for
absolute improvement and () for relative gain. Vanilla means
PT and FT without Flux augmentation.

Setti 8x224> | 2048+ TO
ethngs K400 SSv2 | K400 SSv2
Baseline 80.5 67.6 | 81.7 69.3

Change Tipres to (2048, 6144) | 80.1 67.2 | 81.2 68.7
w/o varied spatial resolution 80.5 67.7 | 814 69.1
enlarge F,q, to 32 804 674 | 81.6 69.1
enlarge Res;,q. to 336 80.2 673 | 81.4 69.0

Table 4. Ablations on hyper-parameter on sampling designs
for Flux-Single training with FluxViT. Most settings regarding
flexible sampling cause only minor influences except Tinres-

Pre-training | Fine-tuning Test Length
Length Length 2048 | 1024 | 512
I(w/o Flux) | @ 79.3 | 74.7 | 62.1
Single Single 80.5 | 774 | 65.8
Single Multi(w/ align) | 80.3 | 79.0 | 75.0
Multi Single 81.0 | 78.8 | 70.2
Multi Multi 80.9 | 79.1 | 73.3
Multi Multi(w/ align) | 81.4 | 80.3 | 76.6

Table 5. Ablation on using varied input lengths in training
FluxViT on K400. Results are tested with fixed 82242 input
but varied test token lengths based on our selector.

shown, this tuning method can harvest a +1.9% top-1 accu-
racy gain on K400 compared with the normal distilled and
normal tuned method while nearly bringing no computation
increment throughout pre-training and fine-tuning.

Table 1 further shows that only combining Flux-Tuning
and Token Optimization on a competitive model pre-trained
with standard setting can achieve non-trivial gain, highlight-
ing that the sampling and selection module in Flux can ef-
fectively serve as novel augmentation tools.

Token Selection Module. We test four token selection
methods for Flux-Single, including random, tube, dynamic

Model Extra Data #P(M)|GFLOPs| Top-1
TimeSformer-L [5] |- 121 2380x3| 80.7
VideoSwin-L [50] [IN-21K 197| 604x12| 83.1
VideoMAE-L [66] |- 305|3958%21| 86.1
CoVeR-L [87] JFT-3B+SMI 431| 5860x3| 87.1
UniFormerV2-L [39] |CLIP-400M+K710 354{12550x6] 90.0
UMTL [42] K710 431| 5860x3| 90.6
VideoMAE2-H [72] |UnlabeledHybrid 633|1192x 15| 88.6
ViVIT-H [2] JFT-300M 654|3981x 12| 84.9
MTV-H [82] IN-21K+WTS-60M | 1000+|6130x12| 89.9
CoCa-G [85] JFT-3B+ALIGN-1.8B| 1000+ N/Ax 12| 88.9
MVITvI-B[19] - 37 70%5| 802
MViTv2-B [44] |- 37| 255x5| 81.2
ST-MAE-B [21]  [K600 87| 180x21| 813
VideoMAE-B [66] |- 87| 180x15| 81.5
VideoSwin-B [50] |IN-21k 88| 282x12| 82.7
UniFormer-B [40] |IN-1k 50| 259%x12| 83.0
UMTB [42] K710 87| 180x12| 87.4
InternVideo2-B [77]|K710+MASH 96| 440x12| 88.4
; 440%12(88.789.4
FluxViT-Be200 . I 49x12|84.086.7
440%12/89.6 90.0
FluxViT-B,100  |K710+MASH 97 fggz 3 ggg Zg:;
49x12(84.787.4
UniFormer-S [40] |IN-1k 21 42x4| 80.8
MViTv2-S [44] |- 35| 64x5| 81.0
VideoMAE-S [66] |- 2| 57x15 79.0
VideoMAE2-S [72]|- 22| 57x15| 83.7
InternVideo2-S [77] | K710+MASH 23| 154x12| 85.8
. 154%12[86.487.3
FluxViT-8.200 i 24 13x12/79.784.0
154 12/87.7 88.0
FluxViT-S, 100 K710+MASH 24 ggi 3 SZ:? gz:z
13x12/80.1 84.7

Table 6. Comparison with the state-of-the-art methods with
on scene-related Kinetics-400. #P is short for the number of pa-
rameters. The blue values of FluxViT show results using larger
spatiotemporal resolutions but keeping fixed input token count to
3072, 2048, 1024, and 512 respectively, corresponding to the four
GFLOPs listed. SMI is short for the train set of SSv2, MiT and
ImageNet and MASH for MiT, ANet, SSv2 and HACS.

(as also directly used in [31]) and our group-dynamic
method. We further ablate the token dynamics measure-
ment and the sparse group size. Table 2 shows that our
group-dynamic strategy with token dynamics measured by
L2-distance of tokens within adjacent frames in sparsely
divided four groups is the most robust among the token-
selection methods. More advanced token selectors can be
utilized for better results but with increased complexity,
cost, and tedious hyperparameters.

FluxViT Modules. Table 3 analyzes the impact of our pro-
posed plug-in modules. The inclusion of Global-Local
positional embedding can strengthen the model’s robust-
ness when processing sparse tokens derived from larger
spatiotemporal resolutions. We compare our GLPE with
ROPE [63] within our Flux scheme and show better results
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Model Extra Data |GFLOPs| Top-1 Top-5
TimeSformer-L [5] |IN-21k 2380x3| 62.3 -

MViTv1-B [19] K400 455%x3|  67.7 70.9
MViTv2-B [44] K400 255%x3| 70.5 92.7
VideoMAE-B [66] |K400 180x6| 69.7 92.3

VideoMAE-L [66] |K400
UniFormerV2-B [39]|CLIP-400M 375x3|  70.7 93.2
UniFormerV2-L [39]|CLIP-400M 1718x3| 73.0 94.5
UMT-B [42] K710 180x6| 70.8 92.4
InternVideo2-B [77] |K710+MASH| 253x6| 73.5 94.4
440x6(75.3 75.6/95.1 95.1
255x6|75.1 75.5|94.9 95.1

596x6| 74.0 94.6

LRI K710+MASH| 1 68.6(72.0 75.1|93.3 94.8
49%6(56.8 73.9/84.8 94.4

UniFormer-S [40] _ |IN-1K #2x3| 6717 91.4

VideoMAE-S [66] |K600 57x6| 668 90.3

InternVideo2-S [77] |K710+MASH 83x6| 715 934

154x6|73.4 73.8|94.1 94.1
83x6|72.9 73.4/94.0 94.1
32x6(70.0 72.5|93.4 93.8
13x6(55.3 70.9|83.7 93.1

FluxViT-S K710+MASH

Table 7. Comparison with the state-of-the-art methods with on
motion-intensive SSv2. Our model achieves far better results.

with LPE illustrated in the Method section. Furthermore,
adding a dual patch norm module optimizes the perfor-
mance gains in TO. Combining the two modules achieves
+3.3% and +3.9% on K400 and SSv2 respectively with TO.

Hyper-parameters of flexi-sampling Table 4 gives abla-
tion studies on the results of different hyper-parameters re-
garding sampling. Most settings regarding flexible sam-
pling cause only minor influences except Ty, 5. A proper
scale of the flexible space is the most powerful.

Flux-Multi training. We compare our proposed method of
co-training with three input numbers(2048, 1024, 512) in
both pretraining and tuning in Table 5 and also validate the
tuning effects on well-pretrained InternVideo2-S in table
1(3072, 2048, 1024). As shown, pre-training with multiple
token numbers can not only boost performance under stan-
dard settings but also increase model consistency in input
token sparsity. Tuning with different token numbers with
a smoothed-L1-loss based self-distillation mechanism can
further enhance such alignment consistently.

4.2. Single Modality Results

We scale up the training data using the K-MASH[77]
dataset of 1.1 million samples, aligning with the data em-
ployed in the Internvideo2-Distilled series models, includ-
ing K710, SSv2[23], ANet[28], HACS[89], and MiT[56].
We train the FluxViT model using a total batch size of 2048
for 100 epochs. FluxViT’s performance is validated using
scene-based K400, motion-intensive SSv2, and long-term
COIN with Token Optimization.

K400. Table 6 reports our results compared with the pre-
vious solutions on K400. We set 3072, 2048, and 1024

Model BackBone Top-1
Distant Supervision [47] TimeSformer 90.0
ViS4mer [32] Swin-B 88.4

Turboy3z [25]

VideoMamba y¢4 [43]
VideoMamba f¢4 [43]
InternVideo2 12 [77]

VideoMAE-B 87.5
VideoMamba-S 88.7
VideoMamba-M| 90.4
InternVideo2-S 90.0

SN NN NN N N N NN

MA-LMM [26] MLLM 932
HERMES [33] MLLM 93.5

FluxViT3072 FluxViT-S 91.8 92.1
FluxViTs04s FluxViT-S 91.5 91.9
FluxViT 24 FluxViT-S 89.8 91.0
FluxViTs07o FluxViT-B 939 94.1
FluxViTs0.s FluxViT-B 93.7 93.9
FluxViT} 24 FluxViT-B 92.5 93.2

Table 8. Comparison with the state-of-the-art on long-form
video classification COIN dataset. We report the results based
on our preset token number, with the left line using unmasked 12,
8, 4 frames, and 224 spatial resolution while the blue values show
results that can be achieved using more informative tokens.

as our token numbers in Flux-Multi-Tuning. For our
FluxViT-S, we report 88.0% (+2.2%) on K400 compared
with InternVideo2-S, which is the previous SOTA solution,
while still achieving 84.7% with nearly the same com-
putation as the lightweight network UniFormer [40] but
with competitive accuracy. For fair comparison without
K-MASH, we pretrain FluxViT using only K400 in Flux-
UMT, which also shows much better results.

SSv2. Table 7 shows our model’s performance in deal-
ing with motion-intensive video understanding tasks. Our
FluxViT-S and FluxViT-B models set new state-of-the-art
performance on SSv2 with either standard or limited com-
putation cost. For FluxViT-B, we achieve 75.6% with stan-
dard computation while still achieving 75.1% with only
25% cost of the standard setting. Previous work [88] in-
stead gets a huge performance drop using 2 frames, which
corresponds to the least computation listed.

COIN. Table 8 shows our model’s performance in dealing
with long-form video understanding tasks. Our FluxViT-S
and FluxViT-B models set new state-of-the-art performance
on COIN with either standard or limited computation cost.

4.3. Multi Modality Retrieval Results

We use the pre-trained FluxViT with the CLIP [60] frame-
work and our Flux method to train a video clip model us-
ing 27M corpus, far lower than most baseline models, in-
cluding 25M coarse level caption data: Webvid10M [3],
CC3M [62], COCO [46], VG [35], SBU [57], CC12M [11]
and 2M high-quality data: S-MiT [55], InternVid-2M-
Recap [76]. We leverage MobileClip-B [67] as the text en-
coder and only use the vanilla VTC loss, which is short for
Video-Text Contrastive loss in training. We only unfreeze
the ViT projector for the first stage using the 25M coarse
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Model MSR DDM ANet LSMDC MSVD
Internvideo2-Sa048 [77] | 35.6  33.7 345 147 41.8
Frozen-B [3] 18.7 20.2 - - -
VIOLET-B [22] 259 235 - - -
Singularity-B [37] 34.0 37.1 30.6 - -
OmniVL-B [69] 346 333 - - -
CLIPAClip-B [53] 306 - - 13.6 36.2
UMT-B [42] 352 412 355 191 423
Internvideo2-Booss [77]] 40.3 403 415  18.7 49.1
VINDLU-L [14] 320 369 309 - -
InternVideo-L [75] 40.7 31.5 30.7 17.6 434
UMT-L [42] 40.7 48.6 419 249 49.0
ViClip-L [76] 424 184 151  20.1 49.1
InternVideo2-L [77] 42.1 428 436 214 -
LanguageBind-L [91] |42.8 39.7 38.4 - 54.1
LanguageBind-H [91] |44.8 399 41.0 - 53.9
VideoCoCa-G [83] 343 - 345 - -
VideoPrism-G [83] 39.7 - 527 - -
VAST-G [13] 493 555 - - -
FluxViT-Sooss 444 483 524 208 494

45.0 493 524 224 49.7
422 454 472 187 48.1

FluxViT-81024 4.5 490 503 205 485
FluxViT-S51 ‘3“6,:2 3213 ziﬁ i;}) 3223
FVitBaow |40 335 67 254 842
e S R S P
ReVTBi: G5 oy 503 28 sl
Table 9.  Zero-shot text-to-video retrieval on MSRVTT

(“MSR”), DiDeMo (“DDM?”), AcitivityNet (“ANet”), LSMDC,
and MSVD. We only report the R@1 accuracy. The upper line re-
garding FluxViT shows results with non-masked 8 x 2242, 4 x 224>
and 2x2242 input setting as indicated by the token count while
each lower bold line shows results further using more informative
tokens. We employ Dual Softmax Loss for the results.

caption data for 3 epochs. Then we unfreeze all the mod-
ules for the second stage using the 2M high-quality data for
one epoch to fully boost the ViT’s capacity. By default, we
train the clip model with a batch size of 4096. Also, we
train the clip model with three input token numbers, 2048,
1024, and 512, and utilize smoothed-L1-loss on the final
aggregated vision features to perform self-distillation and
compute contrastive loss for each vision feature of the three
numbers. Table 9 indicates that the clip model trained with
our FluxViT method outperforms the Internvideo2-Series
model with a large margin and further surpasses most of the
top-performing models in Large or even Giant scale. Re-
sults on zero-shot action recognition results are included in
Appendix for full validation of FluxViT-CLIP.

Encoder #Tokens |w/ TO| MVbench | Dream1k-F1
Clip-L [60] 8x256 X 45.6 28.4
SigLLIP334-L [86] 8x576 X 46.7 29.2
InternVideo2-L [77]| 8x224 X 47.0 28.7
SigLIP336-L [86] 4x576 X 44.5 25.4
UMT-L [42] 4x256 X 45.0 24.6
8x256 48.3 29.0
FluxViT-L 4x256 X 46.9 27.9
2x256 46.0 25.6
2048 49.0 (10.7) | 29.5 (T0.5)
FluxViT-L 1024 v |47.7 (108) | 28.5 (10.6)
512 47.6 (T1.6) | 27.5 (1.9)

Table 10. Results on Chat-Centric benchmarks MVbench
(General perception) and Dreamlk(Fine-grained caption).
Models are trained in a multimodal ‘linear prob’ setting where
both the Encoder and the LLM are frozen. #Tokens for the number
of visual tokens by the vision encoder.

4.4. Chat-Centric Evaluation Results

We scale the pre-trained model size to FluxViT-Large and
evaluate its performance under the VideoChat framework.
We employ a single-layer MLP projector between ViT and
an LLM(Qwen2-7B[73]) and train only the projector to
ensure an unbiased evaluation of the ViT’s performance,
termed ‘linear probe’ setting in multimodal scenarios. Such
a probing strategy is widely used in the Stage-1 training of
multi-modal chat models. We utilize a large-scaled train-
set including LLava-558K[49], S-MiT, 700k filtered sub-
set of WebVid-10M, VidLN[68], and SSv2-open-ended.
We then compare the models’ performance on two bench-
marks: MVbench, which assesses general spatiotemporal
perception capabilities, and Dream1k, which evaluates the
model’s fine-grained ability to generate detailed captions.
The other models tested include CLIP-L, SigLIP-L, and
UMT-L, which are widely used in Video MLLMs. Given
that ViT and LLM remain frozen, we maintain the original
input settings as their pretraining phases to ensure compara-
bility. We will scale the corpus size and fully tune the chat
model for full performance in future work.

5. Conclusion and Future work

We present a token optimization process to maximize infor-
mation in limited tokens within any budget. It integrates
seamlessly with mainstream frameworks, offering a sim-
ple and scalable method to enhance real-world applications
and facilitate future video foundation models. Future work
could explore more advanced token selection methods for
improvement, as the group setting can ensure full video cov-
erage but not fully resist consistent camera motions. We
test advanced Vid-TLDR [15] in Appendix, but with in-
creased cost, tedious hyper-parameter tuning, and unstable
improvement. For all current tasks tested, including fine-
grained captioning, our method is still simple and effective.
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