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DETr (DEtection Transformer)
• Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, 

Alexander Kirillov, and Sergey Zagoruyko, “End-to-End Object 
Detection with Transformers”, ECCV-2020. (1421 Citations)
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Detr
• A new method that views object detection as a set predictions
• Streamlines the detection pipeline, effectively removing the need for 

many hand-designed components
• Given a fixed small set of learned object queries, DETR outputs a  set 

of predictions in parallel
• DETR demonstrates accuracy and run-time performance on par with 

Faster RCNN on COCO
• DETR  can be generalized to produce panoptic segmentation
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DETR
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DETR
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𝒚 ∶ 𝒈𝒓𝒐𝒖𝒏𝒅 𝒕𝒓𝒖𝒕𝒉 𝒔𝒆𝒕 𝒐𝒇 𝒐𝒃𝒋𝒆𝒄𝒕𝒔

𝒚ෝ 𝒚ෝ 𝒊ୀ𝟏
𝑵  ∶ 𝒔𝒆𝒕 𝒐𝒇 𝑵 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔

𝑳𝒎𝒂𝒕𝒄𝒉(𝒚𝒊, 𝒚ෝ𝝈(𝒊)) = −𝕝 𝒄𝒊ஷ∅ 𝒑ෝ𝝈 𝒊 𝒄𝒊 +  𝕝 𝒄𝒊ஷ∅ 𝑳𝒃𝒐𝒙(𝒃𝒊, 𝒃෡𝝈 𝒊 )

𝒚𝒊 = (𝒄𝒊, 𝒃𝒊)

𝒃𝒊 = 𝒃𝒐𝒙, 𝒄𝒊 =  𝒄𝒍𝒂𝒔𝒔

𝝈 𝒊 = 𝒊𝒏𝒅𝒆𝒙

𝝈ෝ ∶ 𝒂𝒓𝒈𝒎𝒊𝒏𝝈∈𝕾𝑵
 ∑ 𝑳𝒎𝒂𝒕𝒄𝒉(𝒚𝒊, 𝒚ෝ𝝈(𝒊))𝑵

𝒊

𝒑ෝ𝝈 𝒊 𝒄𝒊 = 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏 𝒑𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚 𝒐𝒇 𝒄𝒊

𝑳𝑯𝒖𝒏𝒈𝒂𝒓𝒊𝒂𝒏 𝒚, 𝒚ෝ = ∑ −𝒍𝒐𝒈𝒑ෝ𝝈ෝ 𝒊 𝒄𝒊 + 𝕝 𝒄𝒊ஷ∅ 𝑳𝒃𝒐𝒙(𝒃𝒊, 𝒃෡𝝈ෝ 𝒊 )𝑵
𝒊ୀ𝟏

𝑳𝒃𝒐𝒙 𝒃𝒊, 𝒃෡𝝈ෝ 𝒊 = 𝝀𝒊𝒐𝒖𝑳𝒊𝒐𝒖 𝒃𝒊, 𝒃෡𝝈ෝ 𝒊 + 𝝀𝑳𝟏||𝒃𝒊  − 𝒃෡𝝈 𝒊 ||𝟏

https://www.vivekkalyan.com/end-to-end-object-detection-with-transformers



COCO Results
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Panoptic Segmentation
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Results
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DETr (DEtection Transformer)
• Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, 

Alexander Kirillov, and Sergey Zagoruyko, “End-to-End Object 
Detection with Transformers”, ECCV-2020. (1421 Citations)
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TimeSTransformer
• Gedas Bertasius  Heng Wang Lorenzo, TorresaniIs, " Space-Time 

Attention All You Need for Video Understanding?”, International 
Conference on Machine Learning, PMLR 139, 2021.  (175 Citations)
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TimeSTransformer
• Adapts the standard Vision Transformer (ViT ) architecture to video by 

enabling spatiotemporal feature learning
• “Divided attention” architecture, which separately applies temporal  

and spatial attention, works the best
• TimeSformer achieves state-of-the-art results on several action 

recognition benchmarks, including 
• Kinetics-400 
• Kinetics-600

• Compared to 3D convolutional networks, model is faster to train, it 
can achieve dramatically higher test efficiency
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Self-Attention Schemes
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Self-Attention Schemes
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Self-Attention Schemes
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Performance

1/26/2022 CAP6412 - Lecture 1 Introduction 18



Performance Comparison
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TimeSTransformer
• Gedas Bertasius  Heng Wang Lorenzo, TorresaniIs, " Space-Time 

Attention All You Need for Video Understanding?”, International 
Conference on Machine Learning, PMLR 139, 2021.  (175 Citations)
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ViViT
• Anurag Arnab, Mostafa Dehghani,  Georg Heigold,  Chen Sun Mario,  

Luˇci´cy,  Cordelia Schmidy, “ViViT: A Video Vision Transformer”, ICCV-
2021. ( 124 Citations)
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ViViT
• Model extracts spatiotemporal tokens from the input video, which are then 

encoded by a series of transformer layers

• Efficient variants of model which factorize the spatial- and temporal-dimensions 
of the input

• Video models are initialized  from pretrained ImageNet-21K  or the larger JFT 
dataset

• Achieve state of-the-art results on multiple video classification benchmarks
• Kinetics 400 and 600
• Epic Kitchens 100
• Something-Something v2  
• Moments in Time 
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ViViT
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Model-1 Spatiotemporal  Attention
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Model-2 Factorized Encoder
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Model-3 Factorized Self-Attention



Model 4: Factorised dot-product attention
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Attention weights for each token are computed separately over 
the spatial and  temporal-dimensions using different heads



Results
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ViViT
• Anurag Arnab, Mostafa Dehghani,  Georg Heigold,  Chen Sun Mario,  

Luˇci´cy,  Cordelia Schmidy, “ViViT: A Video Vision Transformer”, ICCV-
2021. ( 124 Citations)
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Transformers in Vision: A Survey
• Salman Khan, Muzammal Naseer, Munawar Hayat, Syed Waqas Zamir, 

Fahad Shahbaz Khan, and Mubarak Shah, “Transformers in Vision: A 
Survey” ACM Computing Surveys, 2021.  (182 citations)
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Key Design Choices
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Advantages and Limitations of different Transformers based Methods

1/26/2022 CAP6412 - Lecture 1 Introduction 32



Comparison of Transformer and CNN Models

1/26/2022 CAP6412 - Lecture 1 Introduction 33



CAP6412
Advanced Computer Vision

Mubarak Shah
shah@crcv.ucf.edu

Lecture-5-DeTR_TimeS_ViViT

1/26/2022 CAP6412 - Lecture 1 Introduction 34


