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Motivation

Contribution

Counterfactual explanations are framed as finding the 
smallest change that flips a model’s prediction. In high-
dimensional vision settings, however, “smallest” is 
fundamentally ambiguous: it is defined by the chosen 
distance metric, which in turn induces the geometry of the 
optimization problem. 

Fig 2. Schematic of our setup

Fig 3. PCG stages: Initial Geodesics (Rows 1, 3) vs. Phase 2 Refined Counterfactuals (Rows 2, 4)

We introduce Perceptual Counterfactual Geodesics 
(PCG), a geometry-aware approach that defines 
counterfactual paths as geodesics under a robust perceptual 
Riemannian metric in latent space. This formulation brings 
together manifold structure, perceptual alignment, and 
robustness, producing counterfactual trajectories that are 
smoother, semantically more faithful, and less prone to 
metric exploitation than prior approaches.
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Fig 1. Interpolations paths under different latent space geometries
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Metric Construction: 𝐺! aggregates pullbacks from robust 
model layers (ℎ") to align with robust human perception
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Path Optimization: We minimize discretized energy across T	waypoints to find a robust geodesic
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Two-stage Optimization: The final objective balances the geometric energy with a classification 
loss ℓ to maintain the target class 𝑦) while staying on the robust manifold

ℒ 𝑧 = 𝐸robust 𝑧 + 𝜆 ⋅ ℓ 𝑓 𝑔 𝑧2 , 𝑦)

Latent Geometry: The induced metric 𝐺7 favours smooth, 
on-manifold, and semantically robust trajectories 𝛾 𝑡  

Fig 4. Qualitative comparison of counterfactuals across methods

Table 1. Evaluation results across realism, closeness, faithfulness, and flip rate

Paper Code

Flip ↑Faithfulness ↑Closeness ↓Realism ↓

RateMean SMCOUTR-LPIPSLPIPSR-FIDFIDMethod

98%−0.480.090.670.8550.118.5REVISE

92%−0.140.100.790.9346.723.5VSGD

96%0.030.130.680.6137.812.9RSGD

94%0.050.250.530.5928.312.7RSGD-C

95%0.740.430.170.249.18.3PCG (ours)


