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        Slice of the Lagrangian halo regions of the two “baseline” simulations (left and right panels, respectively). These simulations only differ in sub-resolution perturbations to the initial conditions and their level of agreement sets a baseline for the desired accuracy of our models. The colours employed for both panels represent the mass of the halo associated with each particle for the different Lagrangian halo patches. Circled regions highlight Lagrangian patches whose associated mass significantly changes between the two simulations.

      

    

  
    
      Fig. 5. 
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        Slice through the predictions of our semantic segmentation network applied to a validation simulation. Left panel: Ground truth representation showing in red the voxels/particles belonging to a DM halo at z = 0 and in blue those particles that do not belong to a DM halo. Central panel: Probabilistic predictions of the semantic network with colour-coded probabilities for halo membership. Right panel: Pixel-level error map indicating true positive (green), true negative (blue), false negative (black), and false positive (red) regions resulting after applying a semantic threshold of 0.589 to our predicted map. The network effectively captures complex halo boundaries and exhibits high validation accuracy (acc = 0.86) and F1-score (F1 = 0.83).
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        Examples of the instance segmentation results obtained with our model. Left column: Ground truth masses obtained using N-body simulations. Right column: Predicted masses obtained using our instance segmentation pipeline. The model can predict the Lagrangian patches of haloes, although some small differences – e.g. regarding the connectivity of haloes – exist.

      

    

  
    
      Fig. 10. 
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        Response of proto-haloes to large-scale over-densities. The three panels show over-densities of δϵ = −0.5, 0 and 0.5, respectively. A larger large-scale density tends to increase the Lagrangian volume of haloes and leads to additional mergers in some cases.

      

    

  
    
      Fig. 11. 
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        Linear Lagrangian bias parameter b1L for the haloes, measured for different boxsizes L and comparing simulation and model. The model agrees well with the simulation at the L = 50 h−1 Mpc scale, but both are inconsistent with the true large-scale bias relation from Lazeyras et al. (2016) due to effects from the limited size of the simulation volume. Evaluation on larger boxes moves the prediction closer to the known relation, but some deviation is maintained.

      

    

  
    
      Fig. 12. 
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        Response of proto-halo regions towards a large-scale tidal field. The different panels show the cases with λz = −0.5, 0 and 0.5 – corresponding to a stretching tidal field, no tidal field and a compressing tidal field in the vertical direction respectively. A negative (stretching) tidal field delays infall and shrinks the proto-halo patches in the corresponding direction, whereas a positive (compressing) tidal field facilitates infall and extends the proto-halo patches.

      

    

  
    
      Fig. 13. 
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        Comparison of HMF predictions with variations in the cosmological parameter σ8. Solid lines represent HMF predictions from Ondaro-Mallea et al. (2022). Dashed lines indicate our model’s predictions. Blue and red curves correspond to scenarios with σ8 = 0.5802 and σ8 = 1.077, respectively. Black lines show the results for σ8 = 0.8288 (our reference cosmology).

      

    

  
    
      Fig. A.1. 
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        Processing pipelines of our watershed segmentation approach. The input 3D image contains two channels: the density field and the potential. The model predicts foreground and contour probabilities that are fused to create three inputs for a marker-controlled watershed to produce individual instances.

      

    

  
    
      Fig. A.2. 
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        Data preparation process of our watershed segmentation approach. From left to right: the original halo instances for the considered prediction problem, subsequent modifications involving the removal of small holes and spurious pixels and contour smoothing, and the presentation of both the foreground and contour masks utilized for model training. Pixels coloured in white do not belong to any halo. Pixels with the same colour belong to the same halo and different colours indicate different haloes.

      

    

  
    
      Fig. A.3. 
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        Results of our watershed segmentation approach presented in an analogous way to results from Fig. 7.

      

    

  
    
      Fig. E.2. 
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        Violin plot, visualizing the distribution of predicted halo masses (at a voxel level) for different ground-truth mass bins. The black violin plots show the results obtained with our instance segmentation model. Green violin plots show the agreement between the two baseline simulations – representing an optimal target accuracy. The purple violin plots in the main panel correspond to the comparison with the EXSHALOS predictions. The solid black line in the top panel shows the false negative rate, FNR, as a function of the ground truth halo mass. The dashed black line represents the fraction of predicted collapsed pixels that are not collapsed as a function of predicted halo mass (false discovery rate, FDR). The green and purple lines on the top panel correspond to the analogous results obtained from the baseline simulations and EXSHALOS respectively.
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