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Canonicalization
Network!

«Drop in» wrapper to confer equivariance to frozen
backbones
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Background
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Single-view-plus-transformation
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Group & Representation
A group 𝒢 is a set equipped with associative binary operation
s.t. is closed under this operation and each element 𝑔 ∈ 𝒢 has a
unique inverse.

A group representation is a mapping from a group 𝒢 to
invertible linear operators:

𝜌: 𝒢 → GL 𝒳

the linear action is: 𝜌 𝑔 ⋅ 𝐱, for each 𝐱 ∈ 𝒳.
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Equivariance & Invariance
A function 𝑓:𝒳 → 𝒴 is equivariant if:

𝑓 𝜌 𝑔 ⋅ 𝐱 = 𝜌′ 𝑔 ⋅ 𝑓 𝐱

where 𝜌′: 𝐺 → 𝛵′ is another
reppresentation that acts on 𝒴.

If 𝜌′ 𝑔 = 𝐼, ∀𝑔 ∈ 𝒢 then 𝑓 is invariant.
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𝑓 𝐱 = 𝜌′ 𝑐 𝐱 ⋅ 𝑝 𝜌 𝑐 𝐱 −1 ⋅ 𝐱

x =

Canonicalization function: 𝑐:𝒳 → 𝒢

𝑐 𝐱 = 180° rotation

Equivariance via Canonicalization
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Equivariance via Canonicalization

𝑓 𝐱 = 𝜌′ 𝑐 𝐱 ⋅ 𝑝 𝜌 𝑐 𝐱 −1 ⋅ 𝐱

1. Canonicalize

x =

ො𝐱 =
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Equivariance via Canonicalization

𝑓 𝐱 = 𝜌′ 𝑐 𝐱 ⋅ 𝑝 𝜌 𝑐 𝐱 −1 ⋅ 𝐱

2. Predict

ො𝐱 =

Pretrained 
Backbone

(e.g., SAM)

𝒑 ො𝐱 = ෝ𝒚

ෝ𝒚 =
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Equivariance via Canonicalization

𝑓 𝐱 = 𝜌′ 𝑐 𝐱 ⋅ 𝑝 𝜌 𝑐 𝐱 −1 ⋅ 𝐱

ෝ𝒚 =

3. Restore

𝒚 =



5. Pretrained
Backbone

(e.g., SAM)

𝒑 ො𝐱 = ෝ𝒚

1. Input 𝐱

2. Canonicalization
Network 𝒄(𝐱)

3. Canonicalize
ො𝐱 = 𝝆 𝒄 𝐱 −𝟏 ⋅ 𝐱

4. Canonicalized Image ො𝐱

6. Canonical Prediction ෝ𝒚

7. Restore
𝒚 = 𝝆′ 𝒄 𝐱 ⋅ ෝ𝒚

7. Final Output 𝒚
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Equivariance via Canonicalization

𝑓 𝐱 = 𝜌′ 𝑐 𝐱 ⋅ 𝑝 𝜌 𝑐 𝐱 −1 ⋅ 𝐱

Canonicalize Predict Restore

𝒇 is equivariant as long as 𝒄 𝐱 is 𝒢 −equivariant
𝑐 𝜌 𝑔 ⋅ 𝐱 = 𝜌 𝑔 ⋅ 𝑐 𝐱
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Relaxed Equivariance
If 𝐱 has a non-trivial stabilizer:

𝒢𝐱 = 𝑔 ∈ 𝒢: 𝜌 𝑔 ⋅ 𝐱 = 𝐱

there is no unique canonical representation.
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Relaxed Equivariance
If 𝐱 has a non-trivial stabilizer:

𝒢x = 𝑔 ∈ 𝒢: 𝜌 𝑔 ⋅ 𝐱 = 𝐱

there is no unique canonical representation.

Equivariance is required only up to stabilizer coset:

∀𝑔1, 𝐱 ∃𝑔2 ∈ 𝑔1𝒢x: 𝑐 𝜌 𝑔1 ⋅ 𝐱 = 𝜌′ 𝑔2 ⋅ 𝑐 𝐱

we can produce asymmetric output from symmetric input.
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Learned Canonicalization
Problem

03

The alignment and augmentation problem
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Poor
Performance

Misaligned

Alignment Problem

Prediction NetworkTraining Dataset

Canonicalization
Network
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Augmentation Problem
Training Dataset (±𝟒𝟎°)
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High Loss

Augmentation Problem

Pretrained Network

Canonicalization
Network

±𝟏𝟖𝟎°

(±𝟒𝟎°)

Backprop
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Proposed Method

04

Prior Regularised Learned Canonicalization 
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■ Hypothesis: the canonical orientation should align with the 
distribution of the pretraining dataset 𝒟.

■ Objective:

ℒprior = 𝔼𝐱∼𝒟 𝐷𝐾𝐿 ℙ𝒟|| ℙ𝑐 𝐱

Canonicalization Prior (CP)
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■ Hypothesis: the canonical orientation should align with the 
distribution of the pretraining dataset 𝒟.

■ Objective:

ℒprior = 𝔼𝐱∼𝒟 𝐷𝐾𝐿 ℙ𝒟|| ℙ𝑐 𝐱

ℒprior = −𝔼𝐱∼𝒟𝔼𝐑∼𝑞 log 𝑝 𝐑|𝑐 𝐱

with 𝑞 𝐑 as prior and  𝑝 𝐑|𝑐 𝐱 as probability distribution of rotations

Canonicalization Prior (CP)
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Represent rotations as a finite group 𝑪𝒏 from which to choose from.

Implementation – Discrete Rotations

Network outputs logits over all group elements 𝒢 ,𝐻,𝑊 using a group-
equivariant model (e.g. Group CNN).

Apply spatial averaging to collapse feature maps 𝐻,𝑊 into one logit per 
group element 𝒢 .

Convert logits to a categorical distribution via softmax and penalize 
probability mass away from the identity.

During training, select the most likely rotation with an argmax and use a 
straight-through gradient estimator to backpropagate.
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Continuous Rotations – Matrix Fisher

(Normal) Gaussian 𝑝 𝐱 =
1

2𝜋𝑑/2
Σ −1/2 exp −

1

2
𝐱 − 𝜇 𝑇Σ−1 𝐱 − 𝜇

𝑝 𝐑| ෡𝐑, 𝑠 =
1

𝑛 𝑠
exp 𝑠 Tr ෡𝐑𝑇𝐑

𝑝 𝐑| 𝐅 =
1

𝑛 𝐅
exp Tr 𝐅𝑇𝐑

where 𝐅 = 𝐔𝐒𝐕𝑇 and ෡𝐑 = 𝐔𝐕𝐓.

Generalizing the isotropic (𝑆 = 𝑠𝐼) case above:

Isotropic
𝑆𝑂 𝑛 Gaussian
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Isotropic
𝑆𝑂 𝑛 Gaussian

Continuous Rotations – Matrix Fisher

(Normal) Gaussian 𝑝 𝐱 =
1

2𝜋𝑑/2
Σ −1/2 exp −

1

2
𝐱 − 𝜇 𝑇Σ−1 𝐱 − 𝜇

𝑝 𝐑| ෡𝐑, 𝑠 =
1

𝑛 𝑠
exp 𝑠 Tr ෡𝐑𝑇𝐑

𝑝 𝐑| 𝐅 =
1

𝑛 𝐅
exp Tr 𝐅𝑇𝐑

where 𝐅 = 𝐔𝐒𝐕𝑇 and ෡𝐑 = 𝐔𝐕𝐓.

Generalizing the isotropic (𝑆 = 𝑠𝐼) case above:
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Continuous Rotations – Fisher Matrix

𝑝 𝐑| 𝐅 =
1

𝑛 𝐅
exp Tr 𝐅𝑇𝐑

where 𝐅 = 𝐔𝐒𝐕𝑇 and ෡𝐑 = 𝐔𝐕𝐓.

Generalizing the isotropic (𝑆 = 𝑠𝐼) case above:

Image Source:  Probabilistic orientation estimation with matrix Fisher distributions. The matrix Fisher distirbution on 𝑆𝑂 3
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Predicted Prior

Continuous Rotations – Prior Loss

𝑝 𝐑| ෡𝐑𝑝, 𝑠𝑝 𝑞 𝐑| ෡𝐑𝑞, 𝑠𝑞

𝑝 𝐑| ෡𝐑, 𝑠 =
1

𝑛 𝑠
exp 𝑠 Tr ෡𝐑𝑇𝐑

Isotropic
𝑆𝑂 𝑛 Gaussian

The cross-entropy is:

𝔼𝐑∼𝑞 log 𝑝 𝐑| ෡𝐑𝑝, 𝑠𝑝 = 𝑁 𝑠𝑞 𝑠𝑝Tr ෡𝐑𝑝
𝑇 ෡𝐑𝑞 + log 𝑐 𝑠𝑝
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Predicted Prior

Continuous Rotations – Prior Loss

𝑝 𝐑| ෡𝐑𝑝, 𝑠𝑝 𝑞 𝐑| ෡𝐑𝑞, 𝑠𝑞

The cross-entropy is:

𝔼𝐑∼𝑞 log 𝑝 𝐑| ෡𝐑𝑝, 𝑠𝑝 = 𝑁 𝑠𝑞 𝑠𝑝Tr ෡𝐑𝑝
𝑇 ෡𝐑𝑞 + log 𝑐 𝑠𝑝

defyning 𝜆 = 𝑁 𝑠𝑞 𝑠𝑝 and setting the prior ෡𝐑𝑞 = 𝐈:

ℒprior = −𝜆Tr ෡𝐑𝑐 𝑥 = −
𝜆

2
෡𝐑𝑐 𝑥 − 𝐈

𝐹
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Implementation-Continuous Rotations
Feed the inputs 𝐵, 3, 𝐻,𝑊 into the canonicalization network, E(2)-
Steerable Network (or PointNet/DGCCN)

Network returns two vector fields 𝐵, 2, 𝐻,𝑊 .

The fields are spatially averaged 𝐵, 2 .

The Gram-Schmidt orthonormalization 𝐵, 2, 2 is applied to these vectors 
to guarantee the output is a valid rotation matrix 𝑅 ∈ 𝑆𝑂 2 (or 𝑆𝑂 3 ).

Use the continuous prior loss 𝐑𝑐 𝑥 − 𝐈
𝐹

to push predicted rotations 
toward the identity.
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Experiments and 
Results

05
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Identity Mapping

Learned Canonicalization (LC) Prior – Regularized LC
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Image Classification

Large Pretrained Models are not equivariant
Augmentation reduce performance
Prior Reg. LC is the best performer for augmented dataset
Lower accuracy for Prior Reg. LC w.r.t. Vanilla for original dataset.
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Instance Segmentation

Prior-Regularized LC enforces exact C4-equivariance for both models 
without hurting original performance.
More expressive canonicalization networks preserve accuracy better 
while still guaranteeing equivariance.
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Point Clouds
Prior-Regularized LC 
improves robustness to 
arbitrary SO(3) rotations

Avoiding large rotation 
augmentations on the 
prediction model removes 
key bottlenecks for 
learned canonicalization.
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Conclusion

06
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Enables backbone scalability

Versatile to diverse backbone architectures

Efficient, for reported task (+ 7.3% inference | +0.3% params, on SAM)

Prior Regularized Learned Canonicalization improved performance 
consistently

Advantages
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Restricted range of transformation

Limited expressivity of the canonicalization function.

Continuous rotations while theoretically sounding remain 
difficult to optimize in the image domain.

Canonicalization quality directly influences downstream 
performance.

Limitations
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Critical Observation

Circular dependency on Equivariant Network

Limited inference time reporting

Equivariant Network training time (more/less efficient than FA)



Thank you!
Any questions?
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