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What is the answer to life the universe and everything?
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<\s>   The answer   to  everything is 42        ,         reflecting Douglas Adams' 

...the humorous tone of his writing is evident,     reflecting Douglas Adams' unique wit and creativity

...the dry humor are reminiscent of The Hitchhiker's Guide to the Galaxy,     reflecting Douglas Adams. 

reflecting

Adams Adams’

Each Trie has root node as 
       an entry token: everything

Each node represents a text 
       chunk for retrieval: is 42

Each node stores chunk’s 
       preceding contexts:  
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TL;DR: We present Adaptive
Chunk-Distilled Language
Modeling (CD-LM), a novel
framework that enhances
language modeling by retrieving
fine-grained chunks. CD-LM
uniquely speeds up generation
and improves language model
distribution, addressing both
efficiency and performance
simultaneously, unlike previous
methods like speculative
decoding and KNN-LM which
only tackle one aspect.
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1 . Extract the chunks using an LM’s token probabilities, or using existing human knowledge

SCD-LM ECD-LMKCD-LM

...the answer to the ultimate question of life, the universe, and     everything is 42 ...

everything

is Douglas

2 . Build Trie Datastore3 . Inference 
Search trie -> Match contexts -> Accept or reject chunk -> Generate chunk directly if accepted

Knowledge Distillation
(KCD-LM)

Expert Distillation (ECD-LM)
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Table 1.  Efficiency results on MT-Bench
with token time and forward pass saved
(TTS and FPS).

Table 3.  Perplexity on test sets with KCD-LM.

Table 4. MAUVE score on generations with KCD-LM
against real continuations.

Table 5.  Entity counting metrics on knowledge-intensive
QA about Alan Turing with ECD-LM.

Table 5.  Entity counting metrics on knowledge-intensive
QA about Alan Turing with ECD-LM.

We store chunks that are of high probabilities
under the base model's own distribution.
During inference, these chunks can be retrieved
alltogether without moving away from the model's
original generation. 
This can greatly improve the generation efficiency
by generating the chunk directly, skipping
multiple decoding steps.

We store chunks that are of high
probabilities under a teacher model's
distribution which is better (larger in size,
more domain-specific, etc.) than the base
model.
During inference, the retrieved chunks can
help refine the generative distributions of
the base model to be closer to the teacher
model's generation.

The chunks can directly come from human
knoweldge, especially when factual
knoweldge or multi-token concepts are
involved (such as hyperlinks from Wikipedia). 
During inference, these concept-
representing chunks are injected into the
base LM's distribution.

Motivation Linguistic or factual knowledge is usually expressed in text
chunks and learned by LLMs.
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Discussion

Mean Token TimeForward Passes Saved

PPL (CD-LM)
PPL (Base LM)

ROUGE (CD-LM)
ROUGE (Base LM)

BLEURT (CD-LM)
BLEURT (Base LM)

Efficiency and generation quality results with
varying retrieval similarity threshold η.
The higher the value of η, the less frequently
chunks are used, and the closer SCD-LM
generations are to the base LMs.
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