Float8(@2bits: Entropy Coding Enables Data-Free Model Compression
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<10 min O Any model

. . . . . . . to compress a /0B model calibration data required including MoEs
We introduce EntQuant, a novel compression method that keeps model weights in 8-bit precision but — , ,
optimizes their distribution to enjoy low entropy. Using GPU-accelerated entropy codecs, we obtain doploy the model. No training, no fine-tuning, " Works on any new

compressed models that remain functional up to effectively 2 bits, without calibration or fine-tuning. Mo BIPY EisiEr Ut (e ISt el SfpEm-RiElghit Mol

Why Model Compression EntQuant Results

Entropy Coding Meets Quantization EntQuant outperforms other data-free methods
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EntQuant keeps up with ... and excels on
Where EXI sting Methods Fall Short Decoupling numerical precision from compression enables data-dependent methods ... instruction-tuned models
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Results for LLaMA 2 70B (Base Model)
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Weight quantization works well down to 4 bits ... Entropy decoding can be directly built into the inference pipeline -
... but below, returns start diminishing ! ) @ ) EntQuant has acceptable inference speed
load decode
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Coupling bit-width to compression rate is problematic in the extreme regime, Decoding is the main bottleneck, but highly efficient GPU algorithms exist. o LN - - - - " oLl |J10.24 — - —
requiring tricks & hacks to prevent collapse (groups, lattices, recovery training, ...) With use ANS (Asymmetric Numeral Systems), which can achieve Batch Size Seperes Lo
~Y 1 I . ° .
<~ Can we go below 4 bits without any data? a throughput of ~600GB/s in NVIDIA's nvCOMP package. The entropy decoding overhead is compensated by the Float8 Marlin Kernel
. &P Bunde : Ok O O O
(D 7\ s R 3 - .
- O : Dane . ' s




