
Decoding Alignment without Encoding Alignment: 
A Missing Component for Interpretability

Motivation

Example: Two networks (rows) trained on MNIST can show similar classification 
accuracy and I/O maps (stimulus organization in the decoding manifold, measured 
by RSA, CKA, etc.) but with different functional implementations (clustered (top, 
test) vs smooth (bottom, baseline) encoding manifold).
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A: Baseline model encoding manifold shows smooth organization with neurons being 
activated by different stimuli. 
B: Test model trained to yield more selective neurons produces an encoding manifold 
clustered by preferred digits and sharp tuning properties. 
C, D: Tuning quantification: test model shows lower mean tuning with higher variance, 
indicating strongly selective neurons. 
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Conclusion
Decoding (behavior) and Encoding (function) are complementary properties in 
neural computation. 
Decoding metrics are blind to the functional perspective. 
Thus, to claim similarity between two systems, one has to additionally attend to the 
functional perspective. 

Results

Neuron tuningA Continuous

0 1 2 3 4 5 6 7 8 9
Digits

Neuron tuningB Clustered

0 1 2 3 4 5 6 7 8 9
Digits

Cont. Clust.

0

1

2

3

4

5

6

Tu
ni

ng
m

ea
n

***

C

Cont. Clust.

0

1

2

3

4

5

6

7

8

Tu
ni

ng
va

ria
nc

e

***

D

0.0

0.5

1.0

Sc
or

e

RSA

0.0

0.5

1.0

CKA

0.0

0.5

1.0

Proc. R²

10°310°210°1100

Fraction of neurons

0.0

0.5

1.0

Sc
or

e

tRSA

10°310°210°1100

Fraction of neurons

0.0

0.5

1.0

Speed corr.

10°310°210°1100

Fraction of neurons

0.0

0.5

1.0

Traj. Proc. R²

Retina - best strategy
Retina - random
Retina - min-max range

V1 (Flow stimuli) - best strategy
V1 (Flow stimuli) - random
V1 (Flow stimuli) - min-max range

V1 (Gratings) - best strategy
V1 (Gratings) - random
V1 (Gratings) - min-max range

V1 (Natural video) - best strategy
V1 (Natural video) - random
V1 (Natural video) - min-max range

kNN RSA CKA Proc.R² tRSA Speed tProc. DSA
0

1

Sc
or

e

A
B

C
D

E
F

G
H

Retina V1
allen VISp

VISp NM
0.00

0.25

0.50

0.75

1.00

G
W

si
m

.

**

**

***

***

cont.
clust.

DC 1DC 2

DC 3

DC 1DC 2

DC 3

DC 1DC 2

DC 3

DC 1DC 2

DC 3

DC 1DC 2

DC 3

DC 1DC 2

DC 3

DC 1DC 2

DC 3

DC 1DC 2

DC 3

Retina: Continuous sampleA

Retina: Clustered sampleB

V1 (FS): Continuous sampleC

V1 (FS): Clustered sampleD

V1 (G): Continuous sampleE

V1 (G): Clustered sampleF

V1 (NV): Continuous sampleG

V1 (NV): Clustered sampleH

I J

How should networks be compared? We show they can 
look identical under RSA & CKA while their internal 
circuits and functionality differ. Encoding manifolds 
organize units; Gromov-Wasserstein measures distance. 

Decoding Manifold: Stimuli  are represented in neural activity coordinates. 
Specifies behavior of a neural population. 
Decoding Metrics: Metrics like RSA, CKA, etc. quantify similarity of stimulus 
representation based on the decoding manifold. 
Encoding Manifold: Neurons in stimulus-response coordinates. Neurons 
with similar response properties are close. Specifies the functional organization 
of a neural population. 
Gromov-Wasserstein (GW): Measures how close two encoding manifolds are 
by finding the optimal transport plan between neurons.
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CX ,CY :

!(µ, ω) :

εij :

Pairwise Euclidean distance matrices 
Joint probability measures with marginals 
Mass transported from I to j
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Observation: Decoding Metrics Saturate

Decoding metrics can be recovered by small subpopulations (bold bars). 
However, all neurons are not the same: shaded regions indicate that not all 
subpopulations achieve full recovery of decoding.  
To determine whether neurons are relevant for a particular  computation, we 
investigate neural population behavior from a functional perspective.

Smooth or clustered subsamples of the encoding manifold produce indistinguishable 
decoding results across biological datasets. 
These differences are, however, captured by our functional GW metric. 

Paper Code

Input-Output-Maps are underspecified: different maps can 
lead to same behavior over fixed-dataset classification tasks.

close in RSA, CKAFar in GW distance

Network trained to have a smooth  
encoding manifold has multi-tuned units. 

Network trained to have clustered  
encoding has sharply-tuned units. 

Table: Decoding metrics are blind to the model differences, but GW captures the distinct 
topologies. Functional differences in terms of connectivity align with this, showing more 
sparse functional graphs in the test model.
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