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— Specifically for compression, we observe that perplexity fails to capture
subtle variations in capabilities of compressed LLMs, since they are all
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* Test both unstructured sparsity (usually better accuracy) and semi-structured

The answer is 100% correct. The answer is 100%.

The answer is: Woody Allen.
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How well Compressed LLMs Retain Knowledge?
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* Yet still no success for
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Quantization becomes
more successful too: 8-bit

now match performance
for Vicuna-7B and -13B

Compression impacts
some disciplines
(Humanities, Social) more

than others, uncovering
\data bias? /

How well Compressed LLMs Summarize Knowledge?
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. All SOTA LLM unstructured pruning seemingly fail, even at “trivial”
sparsities such as 30-35%
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. No pruning method yet work for fine-grained structured N:M sparsity
patterns, with performance drop as severe as 250%.
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. Quantization seems better, but still is not a solved problem: ~8-10%
drop in performance even for “non-aggressive” 8-bit quantization
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How well Compressed LLMs Retrieve Knowledge?
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* Vicuna7B can remain matching till ~40% sparsity and 8-bit quantization,
while Vicuna-13B can remain matching up to ~50% sparsity and 4-bit
guantization.

( Yet, Yet still no success for N:M pruning!

/ * All compression methods perform surprisingly well for in-context
summarization

* Quantization again perform better than SoTA pruning

How well Compressed LLMs Follow Instructions? « While increasing context length (small -> mid -> large), the ability to

digest longer context is affected more severely than smaller context
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