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Investigate the relational structure of 
representations (second-order similarity) to reveal 

the organisation of representational spaces.



4Edelman (1995; 1998); Edelman & Duvdevani-Bar (1997); Shepard (1980); Shepard & Chipman (1970); Shepard et al. (1975).

Investigating the relational structure of 
subjective experiences (second-order 
similarity) to reveal the organisation of 

conceptual spaces.

BackgroundInvestigating the (geometrical) structure of representations



5Marjieh et al., (2024); Kriegerkorte et al. (2008).

Inspired by work from Shepard (1982) and others. The pitch helix “explains” 
why tones separated by an octave sound similar despite the pitch distance 
(height vs. chroma).

Investigating the (geometrical) structure of representations



6Vigano et al., 2024; Kawakita et al., 2023a, 2023b; Xie et al., 2022;

Neural data: s/EEG, MEG, fMRI, single units 
Behavior: (explicit) similarity judgments, (implicit) reaction 
times  
Models: RNNs, LLMs 
Individuals: typical vs. atypical, children vs adults, species, 
humans vs. models 

We need : same conditions + meaningful pairwise dissimilarities. 

RDMs as a common representational space
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- Square matrix (n conditions x n conditions)  
- Diagonal = 0 (condition compared to hitself) 
- Each cell = 1 dissimilarity value  
- Usually symmetric 
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RDMs as a common representational space



Spearman’s ρ 
Kendall’s τ 
Pearson r 
Regression / GLM  
Cross-validated prediction 

Is the match between RDMs 
reliable? 

Which structure/model best 
explains the empirical 
geometry? 
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STEPS OF RSA
BUILD RDMs COMPARE RDMs
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Where is the geometry of emojis 
representations?  

Stim

When does it emerge?  

Which computational stage does it 
resemble? 

Cichy & Oliva, 2020; Hebart, 2018 
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Which dissimilarity measure? 

Bodadilla-Suarez et al., 2018; Xie et al. 2022; https://nikokriegeskorte.org/2019/01/09/whats-the-best-measure-of-representational-dissimilarity/

RSA best practice: Crossnobis or similar cross-validated 
measures are now often preferred for their superior 

reliability and interpretability.

Correlation distances : 1-correlation (Pearson, Spearman, Kendall): look at the 
shape and ignore the global activation level. Weak with noisy data.  
Euclidean distance : assumes that all dimensions are equally reliable/ 
independent.  
Mahalanobis distance : neural-data-friendly Euclidean distance, take into 
account the covariance structure of the noise. Requires to estimate the noise 
covariance well.  
Cross-validated dissimilarity (e.g., crossnobis = Mahalanobis cross-validated) : 
reduce the influence of noise. Zero a meaningful interpretation.  
Decoding accuracy

12

https://nikokriegeskorte.org/2019/01/09/whats-the-best-measure-of-representational-dissimilarity/


Building empirical RDMs
Visualizing the representational geometry 
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Building theoretical RDMs
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Empirical RDM

Theoretical RDM

Empirical vector (shape: 

[m, 1])

Theoretical vector 

(shape: [m, 1])

m=n•(n-1)/2

Cosine similarity 
Spearman’s rho 

Kendall’s tau 
….

extract

extract

flatten

flatten

https://rsatoolbox.readthedocs.io/en/stable/comparing.html

(Make sure to use the same order for both vectors)

Model comparison (model-fit estimates)

15

https://rsatoolbox.readthedocs.io/en/stable/comparing.html
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😬

🙂

Model comparison (model-fit estimates)

  Empirical RDM Model RDM1 Model RDM2 Model RDM3

Adapted from Proklova et al. 2016

The empirical RDM is the outcome we want to 
predict and the theoretical RDMs are the predictors



17

Statistical inference 
Test the reliability and generalizability of the models, when they emerge over time.

Diedrichsen & Kriegeskorte, 2017 ; Dobs et al., 2019; Schutt et al., 2022 ;  See: https://mne.tools/mne-rsa/stable/auto_examples/tutorials/03_statistics_tutorial.html
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Statistical inference 
Test the reliability and generalizability of the models, when they emerge over time.

Et voilà
Diedrichsen & Kriegeskorte, 2017 ; Dobs et al., 2019; Schutt et al., 2022 ;  See: https://mne.tools/mne-rsa/stable/auto_examples/tutorials/03_statistics_tutorial.html

Noise ceilingCluster-based permutations test

Visual-features model
Valence model
Glasses model
Random model



Duration 1 
ITI 700 ms +/- 10%

Duration 2 
Similarity judgment

Most 
dissimilar

Most 
similar

1 7

Similarity judgment task

Oddball detection task

ITI 700 ms +/- 10%

ITI 700 ms +/- 10%

7

Oddball duration
Feedback

+
Std duration

Std duration

Standard durations 
(400 ms - 2200 ms, 200 ms steps)

Oddball duration
(3400 ms)

Oddball duration
(70 ms)

Standard durations 
(400 ms - 2200 ms, 200 ms steps)

Is duration represented as a 
simple mental timeline, or as a 
richer geometrical structure?

Bonato et al. (2012), Vallesi et al. (2008), Vicario et al. (2008) 
    Deheane et al. (1993), Deheane (2003); Loetscher et al., (2010)

Investigating the (geometrical) structure of duration representations

1919
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Behavioral RDMs

MDS solution (after alignment)

Building empirical RDMs



Each element of the RDM contains the similarity 
predicted by each model. 

For example, for the linear model, each element of the 
RDM simply contains the (absolute) difference of 
durations (in seconds).

# linear model: absolute difference 

rdm_linear[i, j] <- abs(durations[i] - durations[j]) 

# logarithmic model: absolute difference in log space 

rdm_log[i, j] <- abs(log(durations[i]) - log(durations[j]) ) 

# power-law model 

rdm_power[i, j] <- abs(durations[i]^alpha - durations[j]^alpha)

abs(1.8-1)

abs(1.2-1)

Note that alpha is optimised for the 
power-law model (cf. next slides).

S = k ⋅ Iα

21

Building theoretical RDMs



Initialise parameters values randomly 

Look for the parameter values of the helix (left) that maximise the correlation between the 
theoretical RDM (middle) and the empirical RDM (subjective similarity ratings, right)

22

Optimisation steps



- The helix RDM is best fitting the empirical 
RDM, but with 2 free parameters. 

- The power-law model is very good as well, 
with only 1 free parameter.

23

Exemplary behavioral results (1 participant) 



Representational dissimilarity matrices (RDMs) of shape n•n (for n durations)

Empirical RDM

Theoretical RDM

Empirical vector 

(shape: [m, 1])

Theoretical vector 

(shape: [m, 1])

m=n•(n-1)/2

Spearman 
correlation 
coefficient

extract

extract

flatten

flatten

24

Assess how well the 
theoretical model 

explains the structure of 
the participants’ similarity 

judgments.

Quantifying similarity between subjective similarity judgments and theoretical models 



Model comparison

25



t1                                                      tn                                                      

Time (ms)

Cross-validated euclidean distance

Building empirical (EEG) RDMs

26



How well this post-offset EEG geometry could be explained by our theoretical models? 
Time-resolved RSA and commonality analyses 

27
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R S A a s k s w h a t s t r u c t u r e o r g a n i z e s 
representations : it tests whether brain, 
behaviour, or model data share similar patterns 
of dissimilarity. 

... and it does by turning different data types 
(modalities) and hypothesis into a common 
format: RDMs, which capture how conditions (or 
items) relate to each other. 

RSA is powerful, but… conclusions depend on 
meaningful conditions, appropriate dissimilarity 
measures, and proper statistical inference.

TAKE HOME MESSAGE
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RESOURCES 
https://mne.tools/mne-rsa/stable/auto_examples/
tutorials/01_sensor_level_tutorial.html   

https://rsatoolbox.readthedocs.io/en/latest/
distances.html 

https://nikokriegeskorte.org/2019/01/09/whats-
the-best-measure-of-representational-
dissimilarity/  

https://mne.tools/mne-rsa/stable/auto_examples/
tutorials/03_statistics_tutorial.html  

https://mne.tools/mne-rsa/stable/auto_examples/
core/plot_cross_validation.html 

https://lnalborczyk.github.io/blog/2025-01-07-
commonality/  

https://www.flaticon.com/search?word=adults 
(for logos representations) 
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