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What is XCiT ?

XCiT is a new form of Vision Transformers with Cross-
Covariance Attention (XCA) as its core operation.

XCiT has linear complexity in image size (i.e. number of 
patches). It achieves a balance between the strong 
performance of ViT models and the flexiblity and scalibility of 
ConvNets in dealing of variable sized images.

Due to the favorable properties of XCiT, it exhibits strong 
performances for a variety of computer vision tasks, including 
dense prediction task like detection and segmentation.
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Background: Vision Transformers

Vision Transformers (ViT) have shown a very strong 
performance for image classificaHon using self-aIenHon as 
the core operaHon in a convoluHonal-free model (aside from 
the linear projecHon).

Self-AIenHon

Using 16x16 patches
• ImageNet 224 images: N=196
• COCO 1300x800 image: N=4100
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Background: Vision Transformers

ViT-Small (DeiT) achieves a higher performance compared to 
ResNet-50 on a standard ImageNet benchmark using 224 
images.

However, we can noHce that when ViT is tested using a 
different resoluHon, it quickly drops in performance as we 
move away from the train resoluHon. This can be harmful for 
tasks requiering processing of variable resoluHon images (e.g. 
Object DetecHon)

On the other hand ResNet-50 shows a beIer robsutness to 
changes in resoluHon.
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Concurent Work: Efficient Transformers
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Motivation: Cross-Covariance Attention

The inner product between the Queries and Keys resmebles the Gram 
Matrix G.
In the special case where the projecPon matrices are idenPty, this 
relaPonship is exact.

The Gram and the Covariance matrices have a strong relaPonship that 
have been used for efficient computaPon of Principle components 
(PCA).

The non-zero part of the eigenspectrum of the Gram and covariance 
matrix are equivalent, and the eigenvectors of 𝐶 and 𝐺 can be 
computed in terms of each other.

If 𝑉 is the eigenvectors of 𝐺 , then 𝑈 the eigenvectors of 𝐶:
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Motivation: Cross-Covariance Attention
The covariance matrix has a complexity of 𝑑!, we can study using 
a@enPon over the covariance matrix as an alternaPve for the Gram 
based a@enPon. 

IntuiPvely, we can think of cross-covariance a@enPon as:

• Dynamically generaPng 1D filters based on the feature staPsPcs 
across patches 

• An advanced, a@enPon-based version of Squeeze and ExcitaPon
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Cross-Covariance Image Transformer
We build the XCiT model with XCA at its core

• XCiT has a columnar structure with a consistent scale for the 
features from start to end. 

• The linear projection of patches is replaced with a Convolutional 
based patch projection (similar to LeViT)

• We use the same FFN and LayerNorm setup as ViT.

• Since XCA only allows Implicit communication across patches. We 
add a Local Patch Interaction (LPI) module which consists of a light-
weight depth-wise 3x3 Conv.

8

BatchNorm

GELU

Depth-wise
Convolution

Depth-wise
Convolution

Reshape

Reshape



XCiT family of models

Based on the XCiT architecture, we designed a family of models with different trade-offs in accuracy, parameter count and FLOPS. The 
design parameters are:

• Number of Layers ∈ [12, 24]

• Dimensionality of the patch embeddings ∈ [128, 192, 384, 512, 768]

• Number of heads

Since XCiT has linear complexity in number of patches, it allows for more fine-grained sampling of the patches. We experiment with 8x8
patches in addiPon to the 16x16 ones. 

Using 8x8 patches and 384 image we can achieve a strong performance of 86.0% on IN-1k top-1, outperforming SoTA methods under the 
same number of parameters.
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XCiT: Memory and Throughput
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XCiT: Variable Sized Images

The cross-covariance attention, in particular the softmax operation, 
operates over a constant number of entities (i.e. 𝑑 channels), 
regardless what is the image size.

On the other hand, Gram-based self-attention can suffer from a shift 
in statistics when the image size changes.

We can see that XCiT has a much better behaviour compared to 
ViT/DeiT w.r.t the drop in performance as the test image resolution 
changes. The behaviour matches or exceeds that of ConvNets (ResNet-
50).



XCiT: Visualizations
Visualization of the CLS attention layer (Gram-based)

• Every head (rows) attends to semantically coherent salient regions 
in the image

• Some patterns emerge, such that the head salient to humans 
heads, highlights birds heads as well. However, when such a pattern 
is not present, it can dedicate its capacity towards a different 
salient region like a car cockpit.



XCiT: Visualizations

We can also visualize the spaPal regions contribuPng most 
to the cross-covariance matrix by simply compuPng the 
magnitude of each patch embedding in the Keys or the 
queries



Results: Image Classification

• XCiT outperforms/matches all other previous and 
concurrent methods when comparing models of similar 
parameter counts, including CaiT and NFNets.

• We can observe a strong boost in performance when the 
8x8 patch size is used, which is only enabled by the linear 
complexity of XCiT.

• The gain in performance due to the 8x8 patches is 
accompanied by higher FLOPS.



Results: SSL with DINO



Results: SSL with DINO



Results: Ablations

• We notice that the convolutional patch projection 
imporves the performance strongly for 16x16 patch 
models, but the impact is smaller for 8x8 patch models

• The LPI module improves the performance by 1.2%. On 
the other hand, the model without XCA has a weak 
performance of 75.9%

• We notice that we have very unstable training the L2-
Normalization and often our training collapses.

• The Learned temperature parameter has a positive small 
improvement to the performance with no overhead.



Results: Object detection w/ COCO

• XCiT uses a columnar structure with only one scale for all 
layers.

• To obtain mulPple scale features for FPN, we use:
• Maxpooling to obtain lower resolu;on features.
• Transposed Convolu;on to obtain the higher resolu;on feature maps.

• We show that having a pyramidal structure is not a 
necessity for adapPng transformers for dense predicPon 
tasks.

• All our models uses a Mask R-CNN framework with XCiT
only replacing the trunk. Models are trained for the 
standard 3x schedule.

• XCiT outperforms PVT and ViL across all operaPng points. 
It provides a compePPve performance with Swin, where 
XCiT provides a be@er performance for smaller capacity 
models and Swin marginally improving the performance 
for the larger sized model. 



Results: Semantic Segmentation w/ ADE20k

• Uses the same FPN components as object detection

• XCiT outperforms ResNets, PVT, ViL and Swin for all 
operating points and using two different decoders.



Object detection and instance segmentation of 
Ultra-High Res images (6000x4000)



Summary

• XCiT is a new vision transformer with linear complexity in 
image size, providing a large saving in terms of memory 
compared to recent vision transformers.

• XCiT achieves a balance between the strong performance 
of transformers and the flexibility of ConvNets.

• XCiT exhibits a strong performance on a variety of 
computer vision tasks including SSL, detecPon and 
segmentaPon.

• Code and weights available: 
h@ps://github.com/facebookresearch/xcit
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