
Understanding Human Activity 
from Visual Data

Mehrsan Javan

CTO

Sportlogiq



Outline

• Introduction and definitions

• Industry applications – why sports

• Technology evolution & core concepts

• Classical feature-based approaches combined with structured output models

• Deep learning, transformer-based architectures & large models

• Vision-Language Models (VLMs)

• Computational & deployment challenges

• Conclusion & future directions

© 2025 Sportlogiq 2



Fine-Grained Understanding Is the First Building Block

• Activity Detection: Identifies where 
and when an activity occurs 

• Activity Recognition: Labels without 
spatio-temporal localization

• Action Grounding: Maps specific 
actions to visual cues in a video in 
response to a textual query

• Video Captioning: Generates natural 
language descriptions for video 
content, often capturing a sequence 
of activities and their relationships. 
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Actions are complex. There is ambiguity in 
defining and labelling complex actions which 
are a set of related consecutive atomic actions. 
We don’t want a label such as “person-throws-
cat-into-trash-bin-after-petting”



Why It Is Difficult

• Many applications need spatio-
temporal localization

• Challenges

• Large variation in appearances and 
viewpoint & occlusions, non-rigid 
motion, temporal inconsistencies

• Prohibitive manual collection of 
training samples & rare occurrences

• Complex actions and not well-
defined action vocabularies

• Existing datasets are still small
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Perrett et al. HD-EPIC Dataset, 2025



Industry Applications 

• Surveillance, autonomous cars, 
robotics, retail, etc.

• Sport analytics an ultimate testbed

• Structured environment, rich 
annotated datasets

• Multi-agent interactions and strategic 
complexity

• Visual similarities of multiple actions

• Need for precise spatio-temporal 
localization 

• Need to model long temporal context
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Sports as an Ultimate Testbed

• Sport videos show temporally 
dense, fine-grained, multi-person 
interactions 

• Sports analytics demand exact 
timing and positioning of actions

• Understanding context is critical for 
correct interpretation of actions
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Time Event Name Player ID Location (x, y)

0 Faceoff (68.71, 21.38)

1.96 Loose Puck Recovery VIK #40 (71.22, 22.38)

5.92 Dump Out VIK #40 (38.53, -28.42)

9.84 Loose Puck Recovery MOD #30 (-98.27, -0.76)

11.20 Pass MOD #30 (-98.27, -1.26)

12.92 Reception MOD #28 (-98.27, 12.82)

13.40 Pass MOD #28 (-93.74, 18.86)

14.40 Reception MOD #55 (-95.25, -3.77)

16.16 Pass MOD #55 (-93.24, 3.27)

16.76 Reception MOD #62 (-72.12, 31.94)

19.12 Controlled Exit MOD #62 (-25.34, 36.46)

19.40 Pass MOD #62 (-17.8, 34.95)

19.44 Block VIK #16 (-12.77, 29.92)

…



Pre-deep Learning Approaches (Before 2015) 

• Hand-crafted features

• Appearance: HOG (Histogram of 
Oriented Gradients), Extended SURF

• Motion: HOF (Histogram of Optical 
Flow), HOG3D

• Pose-based: Articulated pose 
estimation

• Improved Dense Trajectories (IDT) –
the dominant approach for motion 
analysis
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More recent local methods I 

Y. and L. Wolf, "Local Trinary Patterns for 

Human Action Recognition ",  

ICCV 2009  

+ ECCV 2012 extension 

H. Wang, A. Klaser, C. Schmid, C.-L. Liu, 

"Action Recognition by Dense Trajectories", 

CVPR 2011 

P. Matikainen, R. Sukthankar and M. Hebert  

"Trajectons: Action Recognition Through the 

Motion Analysis of Tracked Features" 
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• 

• 

• 

More recent local methods I 

Y. and L. Wolf, "Local Trinary Patterns for 

Human Action Recognition ",  

ICCV 2009  

+ ECCV 2012 extension 

H. Wang, A. Klaser, C. Schmid, C.-L. Liu, 

"Action Recognition by Dense Trajectories", 

CVPR 2011 

P. Matikainen, R. Sukthankar and M. Hebert  

"Trajectons: Action Recognition Through the 

Motion Analysis of Tracked Features" 

ICCV VOEC Workshop 2009, 

• 

• 

• 

Image credit Matikainen et al. 2009; Wang et al. 2011



Pre-deep Learning Approaches (Before 2015) 

• Inference mechanisms

• Bag of Features (BoF) and Fisher Vectors

• Structured SVMs, HMMs, and CRFs 

• Interaction modeling: Probabilistic graphical models (Bayesian Networks, Markov 
Random Fields)

• Limitations

• Small datasets with simple activities (e.g., KTH – 6 classes, Weizmann – 10 classes)

• Limited ability to model group dynamics and complex interactions 

• Lack of generalization and poor performance in unconstrained environments
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Deep Learning Era (2014 – present)

• Early CNN-based approaches (2014-
2016)

• Independent 2D CNNs on frames

• Two-stream networks (2014): CNNs 
for appearance & motion

• C3D (2015): First true 3D CNN for 
spatio-temporal learning

• Advancements in spatio-temporal 
modeling (2016-2021)

• TSN (2016), I3D (2017), CSN (2019), 
SlowFast (2019), X3D (2020), and 
MoViNets (2021)
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Figure 6. Workflow of five important papers: two-stream net-

works [187], temporal segment networks [218], I3D [14], Non-

local [219] and SlowFast [45]. Best viewed in color.

opment of video action recognition. Here, we divide them

into several categories and review them individually.

3.2.1 Using deeper network architectures

Two-stream networks [187] used a relatively shallow net-

work architecture [107]. Thus a natural extension to the

two-stream networksinvolvesusing deeper networks. How-

ever, Wang et al. [215] finds that simply using deeper net-

works does not yield better results, possibly due to over-

fitting on the small-sized video datasets [190, 109]. Re-

call from section 2.1, UCF101 and HMDB51 datasets only

have thousands of training videos. Hence, Wang et al.

[217] introduce a series of good practices, including cross-

modality initialization, synchronized batch normalization,

corner cropping and multi-scale cropping data augmenta-

tion, large dropout ratio, etc. to prevent deeper networks

from overfitting. With these good practices, [217] was able

to train a two-stream network with theVGG16 model [188]

that outperforms[187] by alargemargin onUCF101. These

good practices havebeen widely adopted and arestill being

used. Later, Temporal Segment Networks (TSN) [218] per-

formed a thorough investigation of network architectures,

such as VGG16, ResNet [76], Inception [198], and demon-

strated that deeper networksusually achievehigher recogni-

tion accuracy for video action recognition. Wewill describe

more details about TSN in section 3.2.4.

3.2.2 Two-stream fusion

Since there are two streams in a two-stream network, there

will be a stage that needs to merge the results from both

networks to obtain thefinal prediction. Thisstage isusually

referred to as the spatial-temporal fusion step.

The easiest and most straightforward way is late fusion,

which performs a weighted average of predictions from

both streams. Despite late fusion being widely adopted

[187, 217], many researchers claim that this may not be

the optimal way to fuse the information between the spa-

tial appearance stream and temporal motion stream. They

believe that earlier interactions between the two networks

could benefit both streamsduring model learning and this is

termed as early fusion.

Fusion [50] is one of the first of several papers investi-

gating the early fusion paradigm, including how to perform

spatial fusion (e.g., using operators such assum, max, bilin-

ear, convolution and concatenation), where to fuse the net-

work (e.g., the network layer where early interactions hap-

pen), and how to perform temporal fusion (e.g., using 2D

or 3D convolutional fusion in later stages of the network).

[50] shows that early fusion is beneficial for both streams

to learn richer features and leads to improved performance

over late fusion. Following this line of research, Feicht-

enhofer et al. [46] generalizes ResNet [76] to the spatio-

temporal domain by introducing residual connections be-

tween the two streams. Based on [46], Feichtenhofer et

al. [47] further propose a multiplicative gating function for

residual networks to learn better spatio-temporal features.

Concurrently, [225] adopts a spatio-temporal pyramid to

perform hierarchical early fusion between the two streams.

3.2.3 Recurrent neural networks

Since a video is essentially a temporal sequence, re-

searchers have explored Recurrent Neural Networks

(RNNs) for temporal modeling inside a video, particularly

the usage of Long Short-Term Memory (LSTM) [78].

LRCN [37] and Beyond-Short-Snippets [253] are the

first of several papers that useLSTM for video action recog-
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Deep Learning Era (2014 – present)

• 3D CNN models issues

• Short temporal attention span up to a 
few seconds 

• Longer video understanding needs 
attention-based layers

• Don’t scale well with more data

• Difficulties in scaling to action 
detection and distinguishing actions 
with subtle differences 

• They still stand a chance compared 
to transformers for action 
recognition with small training sets
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Accuracy vs. FLOPs on Kinetics 600. 
MoViNets are more accurate than 2D networks 
and more efficient than 3D networks.

Image credit Kondratyuk et al. 2021



Vision Transformer Era (2020 – present)

• ViT (Vision Transformer): Self-
attention for spatial feature learning

• Extension to video transformers 
(TimeSformer, VideoMAE, ViViT, 
MViT, UniFormer)

• Strengths: Handles long-range 
dependencies, better scene 
understanding

• Challenges: High computational cost, 
data efficiency issues

• More favorable to larger datasets
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Figure1: Weproposeapure-transformer architecture for video classification, inspired by therecent successof such models for images[18].

To effectively process a large number of spatio-temporal tokens, we develop several model variants which factorise different components

of the transformer encoder over the spatial- and temporal-dimensions. As shown on the right, these factorisations correspond to different

attention patterns over space and time.

2. Related Work

Architectures for video understanding havemirrored ad-

vances in image recognition. Early video research used

hand-crafted features to encode appearance and motion

information [41, 69]. The success of AlexNet on Ima-

geNet [38, 16] initially led to the repurposing of 2D im-

age convolutional networks (CNNs) for video as “two-

stream” networks [34, 56, 47]. These models processed

RGB frames and optical flow images independently before

fusing them at the end. Availability of larger video classi-

fication datasets such as Kinetics [35] subsequently facili-

tated the training of spatio-temporal 3D CNNs [8, 22, 65]

which have significantly more parameters and thus require

larger training datasets. As 3D convolutional networks re-

quiresignificantly morecomputation than their imagecoun-

terparts, many architectures factorise convolutions across

spatial and temporal dimensions and/or usegrouped convo-

lutions [59, 66, 67, 81, 20]. We also leverage factorisation

of thespatial and temporal dimensions of videos to increase

efficiency, but in the context of transformer-based models.

Concurrently, in natural language processing (NLP),

Vaswani et al. [68] achieved state-of-the-art results by re-

placing convolutions and recurrent networks with the trans-

former network that consisted only of self-attention, layer

normalisation and multilayer perceptron (MLP) operations.

Current state-of-the-art architectures in NLP [17, 52] re-

main transformer-based, and have been scaled to web-scale

datasets [5]. Many variants of the transformer have also

been proposed to reduce the computational cost of self-

attention when processing longer sequences [10, 11, 37,

62, 63, 73] and to improve parameter efficiency [40, 14].

Although self-attention has been employed extensively in

computer vision, it has, in contrast, been typically incor-

porated as a layer at the end or in the later stages of

the network [75, 7, 32, 77, 83] or to augment residual

blocks [30, 6, 9, 57] within a ResNet architecture [27].

Although previous works attempted to replace convolu-

tions in vision architectures [49, 53, 55], it is only very re-

cently that Dosovitisky et al. [18] showed with their ViT ar-

chitecture that pure-transformer networks, similar to those

employed in NLP, can achieve state-of-the-art results for

image classification too. The authors showed that such

modelsareonly effectiveat largescale, astransformers lack

some of inductive biases of convolutional networks (such

as translational equivariance), and thus require datasets

larger than the common ImageNet ILSRVC dataset [16] to

train. ViT has inspired a large amount of follow-up work

in the community, and we note that there are a number

of concurrent approaches on extending it to other tasks in

computer vision [71, 74, 84, 85] and improving its data-

efficiency [64, 48]. In particular, [4, 46] havealso proposed

transformer-based models for video.

In this paper, we develop pure-transformer architectures

for video classification. We propose several variants of our

model, including those that are more efficient by factoris-

ing the spatial and temporal dimensions of the input video.

We also show how additional regularisation and pretrained

models can be used to combat the fact that video datasets

are not as large as their image counterparts that ViT was

originally trained on. Furthermore, weoutperform thestate-

of-the-art across five popular datasets.

3. Video Vision Transformers

We start by summarising the recently proposed Vision

Transformer [18] in Sec. 3.1, and then discuss two ap-

proaches for extracting tokens from video in Sec. 3.2. Fi-

nally, we develop several transformer-based architectures

for video classification in Sec. 3.3 and 3.4.

ViViT. Joint Spatio-Temporal Attention Space/Time 
Factorizations

Image credit Arnab et al. 2021



Transformers for Video Understanding (2020-Present)

• Transformer characteristics:

• Scale with larger datasets

• Can naturally handle any input which 
can get “tokenized”

• Inherent attention mechanism for 
spatio-temporal information 
encoding

• Handle long-range dependencies, 
better scene understanding

• Can accommodate multiple 
modalities

© 2025 Sportlogiq 12

3.1. Overview of Vision Transformers (ViT)

Vision Transformer (ViT) [18] adapts the transformer

architecture of [68] to process 2D images with minimal

changes. In particular, ViT extracts N non-overlapping im-

age patches, x i 2 Rh⇥w , performs a linear projection and

then rasterises them into 1D tokens zi 2 Rd. The sequence

of tokens input to the following transformer encoder is

z = [zcl s, Ex1, Ex2, . . . , ExN ] + p , (1)

wheretheprojection by E isequivalent to a2D convolution.

As shown in Fig. 1, an optional learned classification token

zcl s is prepended to this sequence, and its representation at

the final layer of the encoder serves as the final represen-

tation used by the classification layer [17]. In addition, a

learned positional embedding, p 2 RN ⇥d, is added to the

tokens to retain positional information, as the subsequent

self-attention operations in the transformer are permutation

invariant. The tokens are then passed through an encoder

consisting of asequenceof L transformer layers. Each layer

` comprises of Multi-Headed Self-Attention [68], layer nor-

malisation (LN) [2], and MLP blocks as follows:

y ` = MSA(LN(z` )) + z` (2)

z` + 1 = MLP(LN(y ` )) + y ` . (3)

The MLP consists of two linear projections separated by a

GELU non-linearity [28] and the token-dimensionality, d,

remains fixed throughout all layers. Finally, a linear classi-

fier isused to classify theencoded input based on zL
cl s 2 Rd,

if it wasprepended to the input, or aglobal average pooling

of all the tokens, zL , otherwise.

As the transformer [68], which forms the basis of

ViT [18], is a flexible architecture that can operate on any

sequence of input tokens z 2 RN ⇥d, we describe strategies

for tokenising videos next.

3.2. Embedding video clips

We consider two simple methods for mapping a video

V 2 RT⇥H ⇥W ⇥C to a sequence of tokens z̃ 2

Rn t ⇥n h ⇥n w ⇥d. We then add the positional embedding and

reshape into RN ⇥d to obtain z, the input to the transformer.

Uniform frame sampling As illustrated in Fig. 2, a

straightforward method of tokenising the input video is to

uniformly sample nt frames from the input video clip, em-

bed each 2D frame independently using the same method

asViT [18], and concatenate all these tokens together. Con-

cretely, if nh · nw non-overlapping image patches are ex-

tracted from each frame, asin [18], then atotal of nt ·nh ·nw

tokens will be forwarded through the transformer encoder.

Intuitively, this process may be seen as simply constructing

a large 2D image to be tokenised following ViT. We note

that this is the input embedding method employed by the

concurrent work of [4].

#

!

"

Figure 2: Uniform frame sampling: Wesimply sample n t frames,

and embed each 2D frame independently following ViT [18].

!

"

#

Figure 3: Tubelet embedding. Weextract and linearly embed non-

overlapping tubelets that span the spatio-temporal input volume.

Tubelet embedding An alternate method, as shown in

Fig. 3, is to extract non-overlapping, spatio-temporal

“ tubes” from theinput volume, and to linearly project this to

Rd. Thismethod isan extension of ViT’sembedding to 3D,

and corresponds to a 3D convolution. For a tubelet of di-

mension t ⇥h⇥w, nt = bT
t

c, nh = bH
h

c and nw = bW
w

c,

tokens are extracted from the temporal, height, and width

dimensions respectively. Smaller tubelet dimensions thus

result in more tokens which increases the computation.

Intuitively, this method fuses spatio-temporal information

during tokenisation, in contrast to “Uniform frame sam-

pling” where temporal information from different frames is

fused by the transformer.

3.3. Transformer Models for Video

Asillustrated in Fig. 1, weproposemultiple transformer-

based architectures. We begin with a straightforward ex-

tension of ViT [18] that models pairwise interactions be-

tween all spatio-temporal tokens, and then develop more

efficient variants which factorise the spatial and temporal

dimensions of the input video at various levels of the trans-

former architecture.

Model 1: Spatio-temporal attention This model sim-

ply forwards all spatio-temporal tokens extracted from the

video, z0, through the transformer encoder. We note that

this has also been explored concurrently by [4] in their

“Joint Space-Time” model. In contrast to CNN architec-

tures, where the receptive field grows linearly with the

number of layers, each transformer layer models all pair-

Image credit Arnab et al. 2021
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“Joint Space-Time” model. In contrast to CNN architec-

tures, where the receptive field grows linearly with the

number of layers, each transformer layer models all pair-

Spatial Embedding

Tubelet Embedding



Foundational Vision-Language Models (VLMs)

• Visual encoding with transformers

• Independent modality encoding: 
Other modalities like audio, text 
(e.g., captions, language queries

• Cross-modal fusion with 
transformers

• Encoding and decoding: Creating a 
unified representation or generating 
outputs like captions, answers, or 
predictions

© 2025 Sportlogiq 13

Visual 
Encoder

Audio 
Encoder

Text 
Encoder

Multi-Modal Transformer 

Captions, Answers, 
Prediction, Labels, etc.



Foundational Vision-Language Models (VLMs)

• Input tokenization

• Video: Pre-trained visual encoders, e.g., TimeSformer, ViViT, VideoMAE

• Audio: Embeddings with pre-trained models, e.g., wav2vec 2.0 or HuBERT

• Text: Queries, captions, and metadata tokenized using BPE (in LLaMA, T5, or GPT)

• Transformer-based processing

• Cross-modal fusion through shared attention layers

• Common architectures

• InternVideo2, Video-LLaMA, OmniVL
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Foundational Vision-Language Models (VLMs)

• Architectures tailored for activity understanding

• Activity-focused encoders process spatio-temporal features, e.g., motion patterns, 
actor interactions, e.g., InternVideo, TimeSformer

• InternVideo2: Supports temporal video QA, event localization, trained on activity 
datasets

• Video-LLaMA / OmniVL: Aligns video frames with fine-grained descriptions of actions
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Security Video Analysis 

• Gemini2.5 summary:

• Security camera footage of a woman 
throwing a kitten into a wheelie bin 
on a street.

• Detailed description:

• The video is security camera footage 
capturing an incident on a street. A 
middle-aged woman interacts 
seemingly affectionately with a cat 
near a green trash bin. After glancing 
around, she abruptly picks up the cat, 
drops it into the bin, secures the lid, 
and leaves the scene.

© 2025 Sportlogiq 16



Event Breakdown with Timestamps 

• Timestamps match the actual times
0:00 - 0:01: … a static view from a security camera overlooking a residential street. A green wheelie bin is prominent in the 
foreground left. A black car is parked further down on the left, and a teal car is parked on the right. The timestamp indicates 
21/08/2010, 19:54:13.
0:01 - 0:04: A woman with grey hair, wearing a white short-sleeved top and dark trousers/skirt, carrying a dark shoulder bag, walks 
into the frame from the right side, heading left along the pavement.
0:05 - 0:08: The woman stops near the green bin as a small, dark-colored cat emerges from the bushes/garden area to her left and 
approaches her. She bends slightly and begins stroking the cat with her right hand.
0:09 - 0:12: A white car drives past on the road (left to right). The woman continues to pet the cat.
0:13 - 0:15: The woman looks up and glances over her left shoulder, scanning the street briefly in both directions (up towards the 
right, then down towards the left).
0:16 - 0:17: She bends down further and quickly scoops up the cat with both hands.
0:18 - 0:20: Turning towards the bin, she uses her right hand to lift the lid of the green wheelie bin. A dark-colored car drives past in 
the background (left to right).
0:21 - 0:22: She drops the cat directly into the open bin.
0:23: She immediately pushes the lid down firmly with her right hand, closing the bin.
0:24 - 0:25: The woman turns away from the bin to her left and promptly walks away down the pavement, exiting the frame to the 
left. The bin remains closed.
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Complex Action Localization In Sports  

• Hockey segment – Gemini2.5

• From approximately 0:05 onwards, 
the play is characterized by back-and-
forth action primarily within the 
neutral zone. Both teams struggle to 
gain clean entries into the offensive 
zone, resulting in frequent changes of 
possession near the blue lines and 
center ice due to stick checks, 
intercepted passes, and defensive 
pressure. Neither team establishes 
sustained offensive zone time or 
generates a clear scoring chance 
during this period. 
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Time Event Name Player ID Location (x, y)

0:01 Loose Puck Recovery VIK #15 (105, -5)

0:03 Dump Out VIK #15 (95, -15)

0:04 Loose Puck Recovery MOD #? (-90, -20)

0:05 Pass MOD #? (-85, -35)

0:06 Reception MOD #? (-60, -38)

0:06 Controlled Exit MOD #? (-25, -38)

0:07 Loose Puck Recovery VIK #? (10, 5)

0:09 Loose Puck Recovery MOD #28 (-5, 5)

0:14 Loose Puck Recovery VIK #15 (70, 10)

0:16 Pass VIK #15 (55, 0)

0:16 Reception VIK #? (45, -5)

0:17 Loose Puck Recovery MOD #? (5, -10)

0:19 Pass MOD #? (15, 5)

…



Complex Actions Localization In Sports 

• At the first glance everything seems 
to make sense

• The text seems to be reasonable

• The output structure follows NHL 
play-by-play data

Let’s rewatch the game from 0:05 sec

© 2025 Sportlogiq 19



Complex Actions Localization In Sports 

• The sequence of events and locations are wrong. 

• Inability to maintain continuous trajectories of all people resulted in wrong 
player ID.

• The context of puck possession is not understood by the model.

• Output is dominated by presence of “Pass”, “Reception”, and “Loose Puck 
Recovery” as they are repeated frequently in the NHL play-by-play data.
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Complex Actions Localization In Sports 
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Time Event Name Player ID Location (x, y)

…

11.20 Pass MOD #30 (-98.27 , -1.26)

13.40 Pass MOD #28 (-93.74 , 18.86)

16.16 Pass MOD #55 (-93.24 , 3.27)

19.12 Controlled Exit MOD #62 (-25.34 , 36.46)

19.40 Pass MOD #62 (-17.8 , 34.95)

22.16 Controlled Entry MOD #55 (25.45 , -37.47)

25.80 Pass MOD #55 (95.86 , 2.26)

33.16 Pass MOD #62 (93.35 , 27.41)

34.44 Pass MOD #41 (58.65 , 38.47)

36.96 Shot MOD #55 (63.17 , -14.34)

37.28 Goal MOD #55 (63.17 , -14.34)

Time Event Name Player ID Location (x, y)

…

0:14 Loose Puck Recovery VIK #15 (70, 10)

0:16 Pass VIK #15 (55, 0)

0:17 Loose Puck Recovery MOD #? (5, -10)

0:19 Pass MOD #? (15, 5)

0:20 Loose Puck Recovery VIK #? (30, -5)

0:22 Loose Puck Recovery MOD #28 (-10, 0)

0:24 Pass MOD #28 (20, -10)

0:25 Loose Puck Recovery VIK #? (40, -15)

0:27 Loose Puck Recovery MOD #14 (15, -10)

0:31 Pass MOD #14 (-10, 20)

0:32 Loose Puck Recovery VIK #? (-15, 25)

Ground Truth Gemini 2.5 Detection



Limitations of VLMs for Activity Understanding

• Most reasoning and understanding in VLMs for action detection is handled by 
large-scale language models, while visual encoding has seen limited 
improvements

• Challenges in visual encoding

• Compression on motion information and losing temporal granularity

• Frame sampling and keyframe-based processing resulting in motion discontinuity 

• Multiple human interactions and group dynamics are left to be learnt implicitly 

• Lack of hierarchical action modeling in current VLMs
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Why VLMs Capabilities Are Limited

• Text dominates reasoning

• VLMs repurpose frozen vision encoders (ViT, TimeSformer, CLIP) and rely on LLMs to 
infer actions from text-based descriptions

• Most VLMs are trained on narration-based datasets (e.g., HowTo100M, YouCook2) 
rather than detailed action labels.

• Existing motion models are underutilized

• Traditional models (e.g., I3D, SlowFast, CSN) were designed for detailed motion 
capture, but VLMs often discard their benefits in favor of high-level features

• Lack of high-quality fine-grained datasets
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Conclusion –
Deep Learning Models (CNNs, 3D ConvNets, Transformers)

• Strengths:

• Precise spatial and temporal localization, when trained on well-annotated datasets

• Fine-grained motion encoding and modeling short-to-medium range context

• Highly tunable for domain-specific tasks (e.g., sports, surgery, surveillance)

• Limitations:

• Require large labeled datasets to generalize well

• Poor transferability to out-of-distribution scenarios

• Lack semantic reasoning (e.g., understanding “why” actions happen)
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Conclusion –
Vision-Language Models (VLMs / Foundation Models)

• Strengths:

• Zero-shot or few-shot generalization via language prompts

• Global scene understanding and coarse temporal queries

• Semantic search, semantic localization, video QA, and descriptive understanding

• Limitations:

• Weak spatio-temporal grounding, especially for fine-grained or multi-person actions

• Low temporal resolution and limited motion encoding

• Relies heavily on text-based reasoning, not designed for frame-accurate detection
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Model Selection Guide
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Use Case
Recommended Model 

Type
Spatio-temporal 

Localization
Data 

Requirement
Tuning 

Complexity
Deployment 

Cost

General activity recognition 
(with labels)

3D CNN (SlowFast / TSN / 
MoViNets)

High
Large labeled 

set
Moderate 

to High
Moderate

Segment-level recognition 
(e.g., surveillance)

Transformer family, (SN / 
ViViT / TimeSFormer)

Medium
Moderate 

labels
Medium Moderate

Sports / Fine-grained multi-
person actions

Custom 3D CNN / 
Transformers + trackers

Very High
Dense 

annotations
High High

Event retrieval / Zero Shot / 
Semantic QA 

VLMs (e.g., InternVideo, 
Flamingo, VideoCoCa)

Coarse Unlabeled None High

Generic queries / Video 
captioning / Summarization

VLMs + prompt 
engineering

Coarse
Unlabeled or 

few-shot
None / Low High



Combining Best of Both Worlds

• Combination of strong visual 
embedding and long context 
temporal sequence models

• An example of Sportlogiq’s sport 
video processing output
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Future Directions

• Better motion encoding in foundation models

• Integrate temporal modeling (e.g., from SlowFast, I3D) into VLMs

• Improve frame sampling strategies and motion tokenization

• Multi-agent interaction modeling

• Develop graph-based reasoning modules within transformers

• Capture group dynamics in sports, team-based tasks, and surveillance

• Efficient deployment

• Lightweight video encoders (e.g., MoViNets, TinyVLMs)

• Compress and distill foundation models for edge inference
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Pre-deep learning era

Matikainen et al. 2009 Trajectons

Wang et al. 2011, Dense Trajectories

Wang et al. 2013 IDT

Early deep learning 

Karpathy et al. 2014 Deepvideo

Simonyan et al. 2014, Two-Stream 
Networks

Tran et al. 2015 C3D

Wang et al. 2016 TSN

Carreira et al. 2017, I3D

Feichtenhofer et al. 2019 SlowFast

Tran et al. 2019 CSN

Feichtenhofer 2020 X3D

Zhu et al. 2020, A Comprehensive 
Study of Deep Video Action 
Recognition

Kondratyuk et al. 2021, MoViNets
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Resources

https://ieeexplore.ieee.org/document/5457659
https://ieeexplore.ieee.org/document/5995407
https://www.cv-foundation.org/openaccess/content_iccv_2013/papers/Wang_Action_Recognition_with_2013_ICCV_paper.pdf
https://www.cv-foundation.org/openaccess/content_cvpr_2014/papers/Karpathy_Large-scale_Video_Classification_2014_CVPR_paper.pdf
https://arxiv.org/pdf/1406.2199
https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Tran_Learning_Spatiotemporal_Features_ICCV_2015_paper.pdf
https://arxiv.org/pdf/1608.00859
https://openaccess.thecvf.com/content_cvpr_2017/papers/Carreira_Quo_Vadis_Action_CVPR_2017_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Feichtenhofer_SlowFast_Networks_for_Video_Recognition_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/Tran_Video_Classification_With_Channel-Separated_Convolutional_Networks_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_CVPR_2020/papers/Feichtenhofer_X3D_Expanding_Architectures_for_Efficient_Video_Recognition_CVPR_2020_paper.pdf
https://arxiv.org/pdf/2012.06567
https://openaccess.thecvf.com/content/CVPR2021/papers/Kondratyuk_MoViNets_Mobile_Video_Networks_for_Efficient_Video_Recognition_CVPR_2021_paper.pdf


Transformers and VLMs

Radford et al. 2021 CLIP

Dosovitskiy et al. 2021 ViT

Bertasius et al. 2021 TimeSformer

Arnab et al. 2021 ViViT

Li et al. 2021 MViT

Tong et al. 2022 VideoMAE

Li et al. 2022 UniFormer

Wang et al. 2022 OmniVL

Alayrac et al. 2022, Flamingo

Yan et al. 2023 Video CoCa

Wang et al. 2023 VideoMAEv2

Zhang et al. 2023 Video-LLaMA

Wang et al. 2024 InternVideo2

Lu et al. 2024 FACT

Perrett et al. 2025 HD-EPIC
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Resources

https://arxiv.org/pdf/2103.00020
https://arxiv.org/pdf/2010.11929
https://arxiv.org/pdf/2102.05095
https://arxiv.org/pdf/2103.15691
https://arxiv.org/pdf/2104.11227
https://arxiv.org/pdf/2203.12602
https://arxiv.org/pdf/2201.04676
https://arxiv.org/pdf/2209.07526
https://arxiv.org/pdf/2204.14198
https://arxiv.org/pdf/2212.04979
https://openaccess.thecvf.com/content/CVPR2023/papers/Wang_VideoMAE_V2_Scaling_Video_Masked_Autoencoders_With_Dual_Masking_CVPR_2023_paper.pdf
https://arxiv.org/pdf/2306.02858
https://arxiv.org/pdf/2403.15377
https://openaccess.thecvf.com/content/CVPR2024/papers/Lu_FACT_Frame-Action_Cross-Attention_Temporal_Modeling_for_Efficient_Action_Segmentation_CVPR_2024_paper.pdf
https://hd-epic.github.io/

