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We demonstrate XAI's role in 
revealing unknown relationships 
in video data and enhancing 
Perovskite Solar Cell quality.
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Traditionally through Experiments and Statistical Models
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Deep Learning Model as Relationship Extractor
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Statistical Models are Interpretable Models
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Methodology & Motivation

1. Knowledge discovery traditionally done via trial-
and-error approaches and statistical models.

2. Statistical models are interpretable models, but fail 
to model more complex data such as images or videos.

3. Solution: Using deep learning and XAI to extract 
and understand relationships from complex data.

 Discovered Knowledge 
High photoluminescence (PL) intensity at Phase II induces higher quality perovskite thin-films. 

Fast superlinear decay of the PL signal during Phase III correlates with higher performance. 

High PL intensity at the start of Phase IV induces thick and rough perovskite thin-films.
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a.    Global Attribution for PCE (n = 100)
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b.    Global Attribution for mTh (n = 100) c.    Global Attribution of Filters (n= 100)

Reflectance

PL

Avg. abs. Attribution per Filter

PCE 

mTh 

Label: mTh / Filter: PL LP780

 A
ttr

ib
ut

io
n 

   
Or

ig
ina

l   

  Timestep: 0      120     240      600    Aggregated Attribution  
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d.    Local Attribution for Video representation
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b.    Model Performance (Lower is better↓) 
Representation Model Label: PCE↓ Label: mTh↓
Image (ex-situ) ResNet-18 0.752 (0.020) 0.478 (0.023)
Image (max PL) ResNet-18 0.619 (0.012) 0.690 (0.023)
Timeseries ResNet-152 0.603 (0.041) 0.377 (0.024)
Video SlowFast 0.539 (0.027) 0.309 (0.009)

Standardized MAE with Standard Deviation (n=5) 

b.    Phases of Thin-Film Formation

a.    Data Representations (Image & Video only for RND Filter shown)

Image (max PL)

{(w , h ) � tmax PL}

Timeseries

{(w , h ) � t }

Video

{w , h , t }

Image (ex-situ)

{(w , h ) � t �T �}

Importance of Timesteps

Importance of Filters

Prop. Z-Test Signif. Codes: ns:  ≥ 0.05αQuadratic DecayLinear Decay
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Importance of predefined Concepts to the NN (Point TS, n = 200)a.
Concepts High PCE Observations


( , n = 113)> Q0.9
Low PCE Observations


( , n = 113)< Q0.2
Optimal mTh Observations


( , n = 113)Q0.45 < x < Q0.55
High mTh Observations


( , n = 113)> Q0.9
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Global Importance of Filters for PCE  (Point TS, n = 100) a. Global Importance of Filters for mTh  (Point TS, n = 100) b.
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Counterfactual Examples
Higher PCE (Counterfactual PCE: 14.64%)

 Lower PCE (Counterfactual PCE: 8.76%) 

PL LP725 Original PL LP725 CE PL LP780 CEPL LP780 Original
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Higher mTh (Counterfactual mTh: 1334.64 nm)

 Lower mTh (Counterfactual mTh: 661.54 nm) 
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a.    Counterfactual Examples of LP Filters for PCE (Original PCE: 13.5%) b.    Counterfactual Examples of LP Filters for mTh (Original mTh: 765.48 nm)

Data What is important? Why is it important?

Testing of Concept Activation Vectors
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Data Representations

Phases of thin-film Formation


