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Motivation

SVD-based pruning and quantization have recently emerged as a promising strategy for 
the ultra-efficient compression of LLMs (Yuan et al., 2023; Wang et al., 2025).

Figure 1: Motivation illustration.



Concept

Problem: existing approaches apply pruning and quantization in (a) Sequential manner, 
which make it difficult to find a balance between them.

Figure 2: Our compression concept illustration.



Concept

Problem: existing approaches apply pruning and quantization in (a) Sequential manner, 
which make it difficult to find a balance between them.

Solution: (b) Co-optimization method that learn component-wise bit-widths, allowing 
less important ones to be assigned 0-bit precision and pruned away.

Figure 2: Our compression concept illustration.



Method

❏ The challenge is that bit-widths are non-differentiable during backpropagation (Esser 
et al., 2020). 

Figure 3: Our differentiable method illustration.
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Method

❏ The challenge is that bit-widths are non-differentiable during backpropagation. 
❏ To overcome the challenge, we present a Differentiable Bit Width method.

Figure 3: Our differentiable method illustration.
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Method Details

DBW is composed of two components:

❏ Learned bit-width quantizer (LBQ) enables bit-width parameter differentiable.  

Figure 4: Our LBQ illustration.
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(a) LBQ illustration (b) Bit-width gradient analysis

 



Method Details

DBW is composed of two components:

❏ Learned bit-width quantizer (LBQ) enables bit-width parameter differentiable.
❏ Bit-width quantizer (BQ) allows a sum of bit-widths remains within a bit budget.

Figure 5: Our BQ illustration.
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Empirical Findings

❏ DBW performs well against heuristic approach in PPL (↓) and Acc (↑) .
❏ DBW adapts the bit allocation to a singular-value spectrum of each matrix.

Table 1: Controlled factor analysis of 
SVD-space bit allocation.

Figure 6: Learned bit-width analysis.



Comprehensive Benchmark

Co-optimization using DBW works well against the sequential baseline.

Table 2: Sequential vs. co-optimization of pruning and quantization.



Conclusion

❏ We present a differentiable method for learning component-wise bit-widths, allowing 
less important ones to be assigned 0-bit precision and pruned away.

❏ We find out that the differentiable method adapts to a singular-value spectrum of each 
matrix.

❏ We demonstrate that co-optimization using the differentiable method works well 
against the two-stage baselines.
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