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structure.

2. Search for an alignment between the causal model and target model.
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Geiger et al. 2020, 2021
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If this leads the network to output 14, we have a piece
of evidence that L3 plays the same role as 5;.
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output of the causal model under the aligned
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Finally, if we intervene on Ly and find that the output
label never changes, then we have shown that it plays
no role in the model’s behavior.
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Potential causal models

® Jitter: Output invariance
® Zero-out: Info removal

® Average vector: Info
neutralization

(b) ® Data augmentation:
Label invariance
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Findings from causal abstraction

1. Neural networks learn interpretable solutions to hierarchical equality
tasks, thereby blurring the distinction between neural and symbolic
models (Geiger et al. 2023).

2. Fine-tuned BERT models implement compositional models that
allow them to correctly handle hard, out-of-domain natural language
inference examples (Geiger et al. 2020, 2021).

3. BART and T5 use coherent entity and situation representations that
evolve as the discourse unfolds (Li et al. 2021).
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(MNIST-PVR; Zhang et al. 2021) and the ReaSCAN grounded
language understanding benchmark (Wu et al. 2021).
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2. Wu et al. (2022) augment the standard distillation objectives (Sanh
et al. 2019) with an IIT objective and show that it improves over
standard distillation techniques.

3. Huang et al. (2023) use IIT to induce internal representations of
characters in LMs based in subword tokenization, and they show
that this helps with a variety of character-level games and tasks.

4. Wu et al. (2023) use IIT to create concept-level methods for
explaining model behavior.
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A simple causal abstraction analysis

=[ cos(20°) —sin(20°) | w=[1 1]
W, = sin(20°)  cos(20°) ] b=-—1.8

The high-level model does not abstract the new neural model under our
chosen alignment.
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An interchange intervention on the high-level model:

The aligned interchange intervention on the neural model:

False
y=—026 | Y =0.08
‘ lelg(’:/H H, = 0.94 | | H =0.6 || H,=1.28 |
——— 1 [——— 1
Lo J « J v J ]

The two models have unequal counterfactual predictions
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Wi = cos(20°) —sin(20°) | w=[1 1]
Wy = sin(20°)  cos(20°) | b=-1.8

View [H1, Hz] under a non-standard basis by rotating —20°:

[ ccstza) —ant20) ]

Boundless DAS: Freeze the target model parameters and learn a
rotation matrix and the boundaries of the intervention to maximize
interchange intervention accuracy.

Conclusions
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### Input:
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k [Model Output] /
PAZ=Y) PAQ 1Z-M| = .5*(Y-X) ZinR
P=X=<Z P=X=<2Z Q=2=<Y M = B*(X+Y) R:=[X,Y]
X Y z X Y z X Y z X Y z
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