
    
      Fig. 1. 
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        Growth rate (fσ8) against redshift (z) for the 16 redshift bins for both the ΛCDM model (solid black line) and the CDE models (coloured lines). We used the same cosmological parameters in all models, but in the CDE case set the coupling at the three different redshift bins z = [0, 100, 1000] to βi = 0.05.

      

    

  
    
      Fig. 2. 
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        Schematic of the NN architecture we implemented in our work. The normalisation of features and their concatenation as an input array was performed within the architecture. 32 × 32, as denoted beside the topmost arrow, represents the 32 features (16 data points of fσ8(z) with its standard deviation), with a batch size of 32.

      

    

  
    
      Table 1. 

      Best-fit hyperparameters as obtained by Optuna.

      
        


	Model
	Hyperparameter



	
	




	
	Hidden
	Nodes
	Dropout
	Training



	
	layers
	(n)
	rate
	epochs





	β1
	1
	38
	0.224
	660



	β2
	1
	116
	0.218
	683



	β3
	1
	82
	0.215
	673





      

      
Notes. Number of hidden layers, number of nodes in the hidden layer, drop-out fraction, as well as the number of training epochs when utilising early stopping, for each tomographic bin that was activated.



    

  
    
      Fig. 3. 
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        Left: Accuracy curve for both the training (blue) and validation (orange) datasets for the model where only β1 is activated. Right: Its corresponding loss curve.

      

    

  
    
      Fig. 5. 
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        NN architecture implemented for the multi-classification task. The normalisation of features and their concatenation as an input array was performed within the architecture before training. 32 × 32, as denoted beside the topmost arrow, represents the 32 features with a batch size of 32.

      

    

  
    
      Fig. 6. 
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        Confusion matrix for the NN multi-classification performance and its errors. In this case, we show the distinction between three classes: ΛCDM and CDE through the activation of couplings in β1 (low-redshift coupling at z <  100) and in β2 + β3 (high-redshift coupling at z >  100)As a reminder, the tomographic bins for each coupling parameter are z (β1)< 100, 100 <  z (β2)< 1000, and z (β3)> 1000.

      

    

  
    
      Fig. 7. 

      
        [image: thumbnail]
      

      
        Left: Accuracy curve for both the training (purple) and validation (green) datasets for the model where the three parameters β1, β2, and β3 are activated. Right: Corresponding loss curve. We considered a three-class classification task, with datasets generated from ΛCDM, CDE(β1), and CDE(β2+β3) models.

      

    

  
    
      Fig. A.1. 
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        Percent accuracy of the NN against the number of training datasets used. The circular points mark the average values out of 50 runs, with the error bars denoting the 1σ standard deviation.

      

    

  
    
      Table B.1. 

      Percentage accuracy of the NN classification scheme when no optimisation is implemented (middle two columns) as compared to when the NN is optimised with Optuna (rightmost two columns) for all three models studied.

      
        








	Model
	No optimisation
	Optimisation with Optuna



	
	




	
	ΛCDM
	CDE
	ΛCDM
	CDE





	β1
	1.000
	0.843
	1.000
	0.864



	β2
	1.000
	0.836
	1.000
	0.861



	β3
	1.000
	0.835
	0.996
	0.889





      

    

  
    
      Fig. C.2. 
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        Same as Fig. C.1 but for the model where only β3 is activated.
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