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Discrepancies in Network Pruning across Tasks

• Non-generative

Stable in embedding and 
multi-choice tasks

• Generative

Fails under moderate pruning 



Case Study of Output Examples After Pruning

• Moderate Pruning:

The model retains basic language 
capabilities and produces 
reasonable answers.

• Aggressive Pruning

Generation degrades, exhibiting 
repetitive or irrelevant outputs.



Demystifying When Pruning Works via Representation Hierarchies

Embedding: 

Logits: 

Vocabulary: 



Distinct Behaviors across Representation Spaces

Metric:       – similarity between outputs from baseline and pruned model.  

Embedding / Logit:  Consistently high similarity, indicating strong robustness to pruning.

Probability: Substantially lower similarity, which can drop to extremely low values.

→ →



Pruning-Induced Perturbations in Embedding Space

Given the high similarity observed, pruning-induced deviations lie in a local neighborhood of the 
original representation. Therefore, they can be analyzed using a second-order Taylor expansion:

 

The estimated values closely match the ground truth in most cases.  

Embedding Space:  

Logit Space: 



Pruning-Induced Perturbations in Probability Space

The cosine similarity and KL Divergence of probability space can be analyzed using a second-order Taylor 
expansion:

Not only the orthogonal component but also the parallel component contributes to the deviation. In practice, the 
variance of the parallel component can be substantial and often exceeds that of the orthogonal component.



Temporal Propagation of Perturbations

• At the first generation step, the representations 
exhibit high similarity across all three spaces. 

• As generation proceeds, the similarity gradually 
decreases in the embedding space but drops sharply 
in the probability space. 

• The logit space, by contrast, sometimes maintains 
relatively high similarity. 

• Meanwhile, the KL divergence remains consistently 
high across most generation steps.



Conclusion

1. Network pruning exhibits a clear task-dependent behavior: it remains effective for non-generative tasks but 
degrades sharply for generative tasks.

2. Representation-level analysis reveals the root cause: pruning impacts embedding, logit, and probability 
spaces in fundamentally different ways.

3. For generative tasks, the nonlinear projection from logits to probabilities (softmax) amplifies small 
perturbations, which accumulate through autoregressive decoding and destabilize generation.

4. For non-generative tasks, the relative stability of embedding/logit spaces and the categorical-token 
probability subspace explains why pruning remains effective.

5. Practical takeaway: pruning strategies should be task-aware: safe for embedding-based or subspace-limited 
inference, but risky for full-vocabulary autoregressive generation.


