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Abstract

Dynamic runtime latency and memory constraints necessitate flexible large lan-
guage model (LLM) deployment, where an LLM can be inferred with various
quantization precisions based on available computational resources. Recent work
on such any-precision quantization either relies on hardware-inefficient vector quan-
tization or induces additional scaling factors when switching between bit-widths.
Meanwhile, existing post-training quantization (PTQ) methods calibrated for a
fixed low precision show poor generalizability under runtime precision change.
In this work, we attribute the source of poor generalization across bit-widths to
a precision-dependent outlier migration phenomenon where the distribution of
PTQ-sensitive tokens changes across precisions. Motivated by this observation,
we propose MoBiQuant, a novel any-precision Mixture-of-Bits quantization frame-
work that adjusts weight precision for flexible LLM inference based on token
sensitivity. Specifically, we propose a many-in-one recursive residual quantization
that can iteratively reconstruct higher-precision weights at runtime and mitigates
outlier migration with a token-aware router to dynamically select the optimal
inference precision of each token. Extensive experiments show that MoBiQuant
matches or surpasses frontier single-precision PTQ while exhibiting strong elas-
ticity, achieving significant memory savings and throughput gains of up to 1.34×
over state-of-the-art any-precision methods.

1 Introduction

Recent deployments of large language models (LLMs) [1–5] typically use low-precision quantization
to meet latency and memory constraints. Although ongoing work on post-training quantization
(PTQ) [6, 7] constantly improves LLM performance at predetermined fixed precisions, the tradeoff
between precision and performance remains critical.

The impact of such a tradeoff is more significant for edge devices where available computational
resources can vary dynamically at runtime. Under sufficient resources, the device can run the model
at higher precision for better performance, while under resource contention from other applications,
it may need to reduce precision to satisfy latency and memory constraints. Storing LLM weights for
each precision is impractical, and, hence, recent research explores any-precision quantization where a
single model can support multiple precisions [8–10]. However, existing approaches remain limited
in practice, as they either rely on hardware-unfriendly vector quantization (VQ) [8] or introduce
additional calibration parameters that lead to training and inference overhead [9]. Moreover, they
often lack flexibility for runtime adaptation, requiring offline repacking and kernel redeployment
when switching precisions [10].

Preprint.

ar
X

iv
:2

60
2.

20
19

1v
2 

 [
cs

.L
G

] 
 2

5 
M

ay
 2

02
6

https://arxiv.org/abs/2602.20191v2


In this work, we overcome these limitations and propose a more advanced any-precision framework
with three key properties: (1) it supports hardware-friendly scalar quantization, (2) it introduces
minimal overhead compared to a single set of PTQ calibration parameters, and (3) it enables efficient
runtime precision switching without offline repacking or kernel relaunching. To achieve this, we start
by investigating the root cause of why existing single-precision scalar PTQ methods fail to generalize
across bit-widths with fixed calibration parameters.

We identify a critical phenomenon of precision-dependent “outlier migration” in LLMs. Although
it is well-established that outliers in activations govern quantization errors [11], we find that the
specific subset of tokens that are responsible for high quantization errors are not static for each
precision. Consequently, static PTQ methods that calibrate quantization parameters (e.g., scaling
factors or clipping ranges) for a single precision, often fail to generalize. They inevitably overfit
to an improper set of tokens when the bit-width changes, leading to suboptimal performance in
any-precision inference setting.

Motivated by this, we propose MoBiQuant, an any-precision quantization framework that mitigates
“outlier migration” with a single set of calibration parameters by incorporating token-adaptive
precision adjustment during calibration. MoBiQuant learns to dynamically assign proper inference
precision to tokens on the fly based on their sensitivity while maintaining overall inference cost within
an average budget. Our approach consists of two core components. The first one is MoBiSlice, a
“many-in-one" recursive residual quantization that decomposes weights into a low-precision base
and successive residual bit slices. This allows a single model to support multiple precisions (e.g., 2,
4, 6-bit) via activating fixed-precision bit slices (e.g., 2-bit slice) at runtime, thereby supporting
any-precision inference with a single type of low-precision bit slice GEMM kernel without the need
for repacking and redeployment. The second component is MoBiRoute, a lightweight learnable
router that implements token-aware inference precision selection. Acting as a gate, the MoBiRoute
dynamically activates the optimal number of MoBiSlice residual components for each token based on
learned token sensitivity behavior and current resource conditions, thereby preventing the calibration
parameters from overfitting to the outlier distribution of a single precision. Runtime precision
switching is achieved by adjusting the routing threshold, without introducing extra scaling factors
and training overhead.

In summary, our paper makes the following contributions:

• The MoBiSlice recursive quantization explicitly reconstructs higher precisions using low-
precision bit slices. It enables a single model to flexibly realize multiple precision levels via
hierarchical reconstruction, without requiring offline repacking and redeployment.

• The MoBiRoute router mitigates the bit-dependent outlier migration phenomenon by dy-
namically selecting the number of bit slices for each token. It also enables efficient runtime
precision switching by a threshold adjustment, eliminating the need to store additional
scaling factors and extra training overhead.

• Extensive experiments demonstrate that MoBiQuant matches or surpasses the performance
of frontier single-precision PTQ while exhibiting strong elasticity. Compared to deploying
multiple models, it significantly reduces memory footprint by 3.5×, and our tailored kernel
design delivers 1.34× higher throughput over state-of-the-art any-precision methods [8, 9].

2 Related Work

Single-precision PTQ. Most existing methods focus on statically-defined quantization schemes,
where LLM performance is particularly optimized for the selected bit-width configuration. Repre-
sentative works include: GPTQ [12] with second-order information to minimize quantization error,
OmniQuant [7] with learnable weight clipping to achieve superior results, SmoothQuant [13] and
SpinQuant [14] with special linear transformations to mitigate peaking outliers, and AWQ [15] for
selectively quantizing salient weights. Recent advancements like the QuIP family of methods [16, 17]
achieve extreme compression ratios using VQ, yet these methods suffer from limited practicality, as
their VQ scheme is not well supported by modern GEMM kernels for runtime acceleration. While
these methods achieve strong performance at a given precision, they still exhibit an inherent trade-off
between accuracy and efficiency across bit-widths. Moreover, they lack flexibility, as switching
between precisions typically requires offline recalibration, making them unsuitable for dynamic edge
scenarios with changing resource constraints.
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Any-precision PTQ. To address the inflexibility of static schemes, recent works propose any-precision
quantization, enabling a single model to support multiple bit-widths for dynamic system requirements.
AnyPrecisionLLM [8] incrementally upscales a low-bit model to higher precisions, AnyBCQ [9]
expands base quantization via per-precision scaling factors, and MatQuant [10] derives low-bit models
by truncating higher-bit representations. However, these approaches remain limited in practice: they
either rely on hardware-unfriendly vector quantization [8], introduce additional overhead from
per-precision calibration parameters [9], or require offline repacking when increasing precision
[10]. Moreover, they lack efficiency for runtime adaptation, as switching between precisions requires
loading extra scaling factors and launching distinct kernels (e.g., from 3-bit to 4-bit). These limitations
motivate our MoBiQuant framework, which mitigates precision-dependent outlier migration and
enables efficient runtime precision switching without additional overhead.

3 Motivation

Limitations of static PTQ. Typical PTQ calibration process introduces a set of parameters Θq to
minimize the quantization error of the pretrained weights W at a target bit-width b. For example,
OmniQuant [7] learns to clip and rescale W and SpinQuant [14] learns to rotate W to reduce outliers,
respectively. Given a calibration set X = {Xi}Ni=1, where each sequence Xi ∈ RT×d consists of T
tokens, the calibration process for static PTQ methods can be formulated as

argmin
Θq

EX∼XD
(
X, Q(W|Θq, b)

)
, (1)

where Q(·) represents the weight quantizer and D(·) denotes the quantization error function, respec-
tively.
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Figure 1: (Left) Existing PTQ methods poorly generalize under calibration–inference precision
mismatch, e.g., inference at 4-bit with 3-bit calibrated parameters (green vs. red). Incorporating
token-aware bit adjustment partially mitigates this degradation (pink). Our MoBiQuant improves
generalization across precisions (orange). (Right) Per-token quantization error distribution at layer 5
in LLaMA3-8B: quantization outliers are highly non-uniform at each bit-width. Tokens well-fitted at
4-bit can become outliers at 3-bit, while 4-bit outliers may not be the primary error source at 3-bit.

The Eq. (1) objective causes the parameters Θq to overfit for the selected target bit-width b. We
illustrate this limitation in Fig. 1 (left): if we use the calibration parameters of 3-bit PTQ to quantize
the LLaMA-3-8B model for 4-bit inference, the perplexity increases by 2.65 points compared to
a 4-bit calibrated model. This clearly highlights the lack of generalization across quantization
precisions.

Analysis of the poor generalization. Previous work [18] has shown that the token sensitivity
is highly non-uniform. Consequently, the calibration process optimizes Θq to specifically fit the
distribution of sensitive tokens using the overall objective in (1). We pinpoint the poor generalization
of calibration parameters to the distribution shift of outlier tokens. We plot the per-token quantization
error distributions when the target weight precisions are 3/4-bit for the same query in Fig. 1 (right)
and observe very different distributions. Specifically, tokens that are accurately represented by 4-bit
weights may emerge as dominant outliers for 3-bit weights, whereas outliers with 4-bit precision may
no longer be the primary source of quantization error for 3-bit PTQ. We define this phenomenon
as “outlier migration” and it appears universally across different PTQ calibration methods either
gradient-based OmniQuant [7] or Hessian-based AWQ [15] (see Appendices E.1 through E.3).
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To further motivate our approach, we revisit the 3-bit calibrated 4-bit inference experiment, but
now retain the top 10% of token outliers in the 3-bit calibration to be inferred with 3-bit weights.
Counterintuitively, it shows that inferring tokens at a lower precision can yield higher overall
performance (pink bar). This observation suggests a promising direction: token-adaptive precision
adjustment can improve the generalization of PTQ calibration parameters across bit-widths.

4 The MoBiQuant Framework

Inspired by our previous observations, we present MoBiQuant, an any-precision quantization frame-
work that mitigates outlier migration through token-aware bit-width adaptation while enabling
efficient runtime precision switching. An overview of the framework is shown in Fig. 2.

(b) MoBiSlice (𝐸 = 4, 𝑏𝑒 = 2𝑏𝑖𝑡 )

Obtain {2, 4, 6, 8}-bit by summation

(a) MoBiQuant Linear Block

Route each 
token to the 

optimal bit slices

            

            

            

   

   

   

    
        

      
        

              
      

         

              

       

              

               
      

(c) MoBiRoute

𝑋1 → (𝑊1, 𝑊2) 4bit

𝑋2 → (𝑊1, 𝑊2, 𝑊3)  6bit
𝑋3 → (𝑊1) 2bit

Avgbits = 4bit

Figure 2: MoBiQuant enables token-adaptive any-precision inference for linear blocks in LLMs (a).
It consists of two main components: MoBiSlice that supports multiple precisions by decomposing
FP16 weights into bit slices via recursive quantization (b); and MoBiRoute with token-adaptive
precision adjustment that is trained to route each token to the optimal bit slice under a budget (c).

4.1 Bit Slicing via Recursive Quantization

Achieving token-level granularity requires a model to efficiently support multiple quantization levels
(e.g., 2–8-bit range). A naïve solution with separate models for each precision incurs high memory
overhead. Existing any-precision approaches [8, 19, 10] explicitly derive multiple precision levels
from a single seed model by weight slicing or scaling. However, each precision remains a monolithic
unit: switching a token to a different precision requires an offline reloading of the seed model
and re-slicing, followed by redeployment. This is ill-suited for latency-sensitive settings where all
adaptation is expected to occur at runtime.

To address this limitation, we propose a novel many-in-one quantization scheme MoBiSlice, where
multiple precisions can be efficiently obtained at runtime. Our MoBiSlice decomposes the weight
matrix W of each linear layer in the LLM into E slices {W1,W2, . . . ,WE}, each containing a slice
of be bits from the quantized weight. This decomposition is implemented by recursively quantizing
the residuals as

R1 = W, We = Q(Re | Θq, be), and Re+1 = Re −We, ∀e ≥ 1, (2)
where the first shared most significant bit (MSB) slice W1 is obtained by quantizing the original W
and the remaining slices We>1 quantize the residuals Re between the weight and existing slices
in a recursive fashion. All slices are quantized using scalings derived from the shared Θq, where
the scaling factor of the (e+ 1)-th slice is obtained by dividing that of the e-th slice by 2be−1. This
avoids the training overhead of multiple sets of scaling factors in existing methods [8, 9]. Moreover,
dequantization can be performed via efficient shift-and-add operations (Sec. 4.3). Consequently, a
weight W(b) at a target precision b can be constructed by summing a selection of k bit slices as

W(b) =
∑k

e=1
We, where b =

∑k

e=1
be. (3)

In this paper, we adopt a default configuration with E = 4 slices, each quantized to 2-bit, as shown
in Fig. 2(b). In this way, weights with 4-bit and 6-bit precision can be constructed using 2 and 3
slices, respectively. This design enables any-precision inference using a fixed 2-bit kernel, thereby
avoiding kernel relaunch overhead. MoBiSlice can be paired with existing PTQ pipelines, and
we use OmniQuant [7] as our PTQ backbone in experiments. Further details on the MoBiSlice
formulation and analysis are provided in Appendix B.
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4.2 Runtime Precision Switching via Learned Token Routing

Given bit slices provided by MoBiSlice, we propose a lightweight MoBiRoute router that dynami-
cally assigns a different number of slices to each token with binary decisions. Specifically, given a
sequence of T tokens X ∼ X , the routing score matrix S ∈ RT×E is obtained as

S = R(X,Θr), (4)
whereR(·) is a learnable 2-layer MLP with the router parameters Θr, and each element of the score
matrix Si,j represents the confidence that the i-th token will require the j-th slice.

Two key challenges exist when training the router in Eq. (4):

Challenge 1: Learning binary routing decisions. To determine whether a token i should be
routed to the j-th slice, one simple approach is to adopt a threshold-based routing strategy. However,
fixed thresholds cannot adapt to a varying score distribution during the training stage. Therefore,
our MoBiRoute learns a decision boundary implicitly using a differentiable gating function G(·).
When training is complete, G(S) acts as a learned binary mask applied to tokens. We formulate the
proposed gating function as

G(S) = σ (τ(t) · S) , τ(t) = ln(L)/ (ln(L)− ln(t)) , (5)
where σ is the conventional sigmoid, and τ is the temperature defined by the current training step t
and the total number of steps L.

At the final step, the temperature τ(L) =∞, effectively converting the continuous gating function
into a binary mask G(S) = I (S > 0). The change in scores and the gating function during training
are illustrated in Fig. 2(c). Using the learned mask, the input token Xi is routed through the selected
slices, and the corresponding outputs are aggregated to produce the output token Ŷi as

Ŷi =
∑E

e=1
W⊤

e (G(S)i,e ⊙Xi) , (6)

where input tokens are gated by the router’s binary scores, and We is the bit slice with be bits.

Challenge 2: Generalizing across precisions. Any-precision inference requires the router to
effectively accommodate a dynamic target precision budget (i.e., average bit-width). To achieve this,
we apply a target precision scheduling mechanism in the training process to encourage the router
to explore different precision combinations. Specifically, we control router convergence through a
budget-aware regularization objective defined by

Lreg(t) = (AvgBits−b(t)) · ∥G(S)∥1 , b(t) = binit − (binit − b) · ln(t)/ ln(L), (7)
where the term (AvgBits−b(t)) adaptively encourages bit slice pruning when the current average
bit-width exceeds the target, and promotes slice activation otherwise. The AvgBits in (7) is estimated
during training by counting activated bit slices per token. We define entries with scores exceeding 0.5
in G(S) as active, which can be formulated as

AvgBits =
1

T

∑T

i=1

∑E

j=1
I(G(S)i,j > 0.5) bj , (8)

where bj denotes the bit slice size (e.g., 2 bits). The scheduling term b(t) starts with a higher precision
binit (e.g., 8-bit) and gradually decays to the target b. This forces the router to explore a wide
spectrum of token-slice assignments before converging to binary routing decisions. During training,
the target b is a hyperparameter and is set to 3-bit by default in our experiments. While MoBiQuant
remains robust across different target precisions, varying the target bit-width may introduce minor
performance variations, which we analyze in Appendix D.3.

Joint optimization. Our framework consists of two sets of trainable parameters: Θq and Θr for
MoBiSlice and MoBiRoute, respectively. They are jointly optimized during the PTQ process by

argmin
Θq,r

EX∼X

[
D
(
W⊤X, Ŷ|Θq,r

)
+ λLreg

]
, (9)

where D is the L2 quantization error i.e. ∥Y − Ŷ∥2. We freeze all weights from the pretrained LLM
and calibrate only Θq and Θr. We also treat W1 as a shared-expert slice such that tokens always
pass through for stable training. We replace all linear layers in LLM transformer blocks with the
proposed MoBiQuant block. Furthermore, we adopt a layer-wise calibration strategy from [7]. A
detailed calibration strategy is presented in the Appendix A.
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Efficient runtime precision switching. At the end of training, the score is away from zero if the
router is confident about selection or exclusion of a bit slice, whereas the score remains at 0 with
the lack of confident decision. Importantly, this separation allows us to achieve arbitrary precision
adjustment at runtime by shifting the threshold of the score conversion process. During inference, we
convert the router score into a binary selection mask using an adjustable threshold δ as

Gδ(S) = I ((S− δ) > 0) , (10)

where δ can be globally adjusted for all layers at runtime. Increasing δ reduces the number of
activated slices per token, thereby lowering the effective precision, and vice versa. This design enables
MoBiQuant to adapt precision at runtime without repeated weight repacking or dequantization.

4.3 MoBiQuant Kernel Design

The MoBiQuant kernel in Fig. 3 enables efficient inference by addressing the following challenges:

1 Redundant Memory Access. Conventional static low-bit kernels typically load all slices regard-
less of the runtime precision, leading to unnecessary memory bandwidth and limiting the inference
speedups. To address this issue, we adopt the bit-major packing representation from [8, 9], which
decomposes k-bit weights into independent bit-planes. Then, only the required slices are fetched that
enables on-demand memory access with proportional speedups.

Although MoBiQuant also relies on bit-major packing, it differs from AnyPrecisionLLM [8] by avoid-
ing bit transposition and centroid lookup. Instead, our kernel performs Binary Matrix Multiplication
(BMMA) directly on packed bit-planes. Compared to AnyBCQ [9], our kernel uses a shared set of
scaling factors across slices. During dequantization, the lower-bit slice is first shifted and added to
the higher-bit slice at the bit-plane level, then multiplied by the shared scaling factor as shown in
Fig. 3. By default, the MoBiSlice adopts a configuration with four 2-bit slices. These design choices
in the MoBiQuant kernel lead to an improved end-to-end throughput.

2 Router Overhead. MoBiRoute is an MLP-based router that introduces additional GEMM
operations. To minimize its latency overhead, we employ a persistent single-kernel design that fuses
all projections in a layer into a single GPU launch with shared-memory input reuse. This eliminates
redundant kernel launches and reduces memory traffic.

3 Non-contiguous Memory Access and Load Imbalance. Since each token is dynamically
assigned to different bit slices, executing BMMA across slices requires gathering tokens from non-
contiguous memory locations, which degrades memory bandwidth utilization. To address this, we
apply token permutation after routing. Then, the tokens that are assigned to the same bit slice are
stored contiguously, thereby improving memory bandwidth utilization.

In addition, the activation patterns of the bit slices are inherently skewed e.g., low-precision slices
W1,2 are loaded more frequently. To mitigate the imbalance, we employ a parallel execution strategy
using independent CUDA streams to overlap the computation of the first slice with subsequent ones.
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5 Experiments

5.1 Experimental Setup

Models and benchmarks. We conduct experiments using several open-source LLMs including
LLaMA2-7B/13B [1], LLaMA3-8B, and LLaMA3.2-1B/3B. We evaluate the quantized models by
reporting perplexity (PPL) scores on WikiText2 [20]. In addition, we assess performance on six
zero-shot commonsense reasoning tasks: BoolQ [21], PIQA [22], HellaSwag [23], WinoGrande [24],
and both ARC-Easy and ARC-Challenge [25] as well as the reasoning benchmark GSM8K [26].

Baselines and implementation. We focus on weight-only quantization and compare MoBiQuant
to static PTQ methods such as GPTQ [12], OmniQuant [7], AWQ [15], SmoothQuant [13], Spin-
Quant [14], QuaRot [27], VQ-based QUIP# [17] and QTIP [28]. We also compare with any-precision
baselines: AnyPrecisionLLM [8] and AnyBCQ [9]. All kernel results are measured on NVIDIA
A100 GPUs with CUDA 12.9. We employ 128 sequences from WikiText2 as the calibration set. We
provide additional details about the experiments in Appendix C.

5.2 Main Results

Improved Cross-Bit Generalization. We first investigate whether MoBiQuant improves the cross-bit
generalization of our integrated PTQ baseline, OmniQuant [7]. Specifically, we set the calibration
bit-width for both OmniQuant and MoBiQuant to 3-bit and evaluate their performance across unseen
higher and lower bit-widths. As shown in Fig. 4, MoBiQuant consistently outperforms OmniQuant
at all unseen bit-widths across various LLaMA models. Importantly, even at extremely low 2–3-bit
range, MoBiQuant maintains smooth and stable precision scaling, whereas OmniQuant exhibits
significant performance degradation. We show that MoBiQuant can also improve rotation-based PTQ
methods (Appendix E.3). Similar trend is also observed in activation quantization (Appendix E.4).

                     
   

   

   

   

         

 

 

 

  

  

  

     

                     

 

 

 

  

         
  

  

  

  

  

  

      

                     

 

 

 

  

         
  

  

  

  

  

  

      

Figure 4: Any-precision inference performance comparison. MoBiQuant outperforms the PTQ
baseline across multiple unseen target bit-widths on various LLaMA models, maintaining smooth
and fine-grained precision scaling even at extremely low 2–3-bit precision range.

Table 1: End-to-end comparison with AnyPrecisionLLM (AP), AnyBCQ (ABCQ), QUIP# and QTIP.
MoBiQuant achieves higher decoding throughput while maintaining a favorable performance.

LLaMA Quant.
WikiText2, PPL ↓ Throughput, tokens/sec. ↑

Static VQ Any-precision Static VQ Any-precision
bits QUIP# QTIP AP ABCQ MoBiQ QUIP# QTIP AP ABCQ MoBiQ

2-7B
2 12.3 5.86 2e3 15.38 10.91 191 218 279 312 404
3 6.19 5.28 6.13 6.25 6.07 177 196 244 268 311
4 5.66 5.17 6.05 5.91 5.82 155 189 211 225 256

3-8B
2 15.20 7.25 1e3 19.01 58.12 157 180 228 247 352
3 8.27 7.05 8.60 8.08 7.97 142 158 195 216 257
4 6.64 6.06 6.70 6.84 7.31 126 154 169 182 209

Comparison with any-precision baselines. We further compare MoBiQuant with the recent Any-
PrecisionLLM [8] and AnyBCQ [9] in Tab. 1, considering both the performance–precision trade-off
and the decoding throughput. At 2-bit, MoBiQuant significantly outperforms [8], reducing WikiText2
perplexity from 2e3 to 10.91 on LLaMA2-7B and from 1e3 to 58.0 on LLaMA3-8B. At 3/4-bit,
MoBiQuant also consistently surpasses state-of-the-art AnyBCQ. Importantly, MoBiQuant kernel
without centroid table lookup and multi-scaling dequantization leads to substantially higher decoding
throughput with an average speedup of 33.8% over AnyPrecisionLLM and 22.8% over AnyBCQ.
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Table 2: The proposed any-precision MoBiQuant matches or surpasses the static scalar quantization
(SQ) PTQ baselines with the same number of average bits on WikiText2, PPL.

Method Type LLaMA2-7B LLaMA2-13B LLaMA3.2-1B LLaMA3.2-3B LLaMA3-8B
3-bit 4-bit 3-bit 4-bit 3-bit 4-bit 3-bit 4-bit 3-bit 4-bit

FP16 — 5.5 5.0 13.4 9.2 6.1

SmoothQuant

Static
SQ

8.62 7.50 5.43 6.10 2e2 2e2 3e2 1e2 12.50 10.70
AWQ 6.24 5.83 5.32 5.07 20.69 15.02 15.51 12.76 8.22 7.36
GPTQ 6.29 5.90 5.42 5.60 20.81 15.19 15.77 13.14 8.28 7.43

SpinQuant 6.13 5.60 5.24 5.00 19.62 14.45 14.73 11.17 8.14 6.40
QuaRot 6.13 5.61 5.22 5.03 20.15 14.77 14.82 11.55 9.01 7.20

OmniQuant 6.03 5.74 5.28 5.02 23.92 16.79 15.21 12.71 9.11 7.41

MoBiQuant Any-prec. 6.07 5.82 5.31 5.08 19.40 14.02 14.76 9.41 7.97 7.31

We also compare with the recent VQ-based static methods QuIP# [17] and QTIP [28]. Although
these methods excel in bits-performance trade-off, their actual decoding throughput is limited by the
centroid table lookups. For example, 2-bit QuIP and QTIP have 191 and 218 tokens/sec. throughput
with 12.3 and 5.86 perplexity, respectively. In contrast, the 4-bit MoBiQuant with higher 256
tokens/sec. throughput achieves lower 5.82 perplexity and, thus, has better performance–throughput
trade-off.

Comparison with scalar PTQ methods. We evaluate prior static scalar PTQ baselines that have been
separately trained for fixed 3- and 4-bit precisions. For fair comparison, we keep our MoBiQuant
elastic during inference but restrict its average precision to be either 3- or 4-bit. As shown in Tab. 2,
MoBiQuant consistently matches the performance of state-of-the-art PTQ methods on LLaMA2
models and even surpasses them on LLaMA-3 models. Zero-shot and GSM8K results are reported in
Appendix E.5. Quantitative results demonstrate that the MoBiQuant attains the performance of static
quantization methods while preserving flexible precision adjustment.

5.3 Analytical Results

Improved generalization with reduced outlier migration. As discussed in Section 3, the failure to
generalize across precisions mainly stems from outlier migration. To verify that MoBiQuant mitigates
this issue, we plot the token-wise quantization error increments caused by switching OmniQuant from
4-bit calibration to 3-bit inference, and compare it with the router scores produced by MoBiRoute.
As shown in Fig. 5 (left), tokens with larger error increments receive higher router scores and, thus,
are retained at higher precision, while less sensitive tokens are routed to 2-bit computation. This
shows that the router accurately captures token sensitivity to precision changes. Fig. 5 (right) further
visualizes the token-wise quantization error distributions with different precisions. Compared with
static PTQ in Fig. 1, MoBiQuant exhibits more consistent error distributions across bit-widths with
reduced outlier migration, leading to improved cross-precision generalization.

Retained at 4bit

Go to 2bit

Figure 5: Visualization of outlier migration mitigation. MoBiQuant router scores correlate with the
actual token-wise error increments under precision switching (left), and it produces more consistent
token-wise error distributions across bit-widths with reduced outlier migration (right).

Token- and block-wise assignments. We collect statistics on token bit-width assignments for
any-precision inference. As shown in Fig. 6 (right), tokens have assignment distributions that shift
with target precision e.g., most tokens are assigned to 2- or 4-bit precisions under 3-bit inference,
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Figure 6: (Left) Average precision assignments of different linear blocks by MoBiQuant, showing
block-level variation and higher deviations in initial layers. (Right) Precision distributions for any-
precision inference, showing heterogeneous token assignments across target bit-widths.

whereas the majority of tokens shift toward the 4–6-bit range for the 5-bit inference. Overall, the
average precision remains within the prescribed target token-aware bit adjustment

We also observe that the average precision varies across different linear blocks, even though each
layer is trained for the same target bit-width. As shown in Fig. 6 (left), MLP blocks exhibit divergent
assignments across layers, and the first layers tend to have deviations in bit-width assignments. This
pattern is consistent with the [29] study that allocates different precisions to blocks based on their
sensitivity, indicating that MoBiQuant also benefits from block-level precision adjustments.

5.4 Kernel Evaluation

We evaluate MoBiQuant kernel in real-world single-batch decoding scenarios on LLaMA2-7B. We
first compare the end-to-end decoding latency against FP16 and the latest low-bit kernel ABQ-
LLM [30] in Fig. 7 (left). With the same average precision, MoBiQuant consistently outperforms
the latter baseline and achieves 4× end-to-end latency reduction for different decoding lengths
when compared to FP16. Since the router introduces additional parameters and operations, we
report the latency breakdown for single token decoding in Fig. 7 (middle). The routing and packing
overhead remains small, accounting for only 18% and 10% of total latency for 4- and 8-bit inference,
respectively. These results show that the routing overhead is negligible, while the overall acceleration
from low-bit computation remains significant. Finally, we evaluate the memory savings of MoBiQuant
in Fig. 7 (right). MoBiQuant supports multiple precisions within a single model, reducing the total
memory footprint by up to 3.5× compared to a separate multi-precision deployment.

           

    

     

     

     

     

 
 
  

 
 
 
  
 

 
 

               

              

              

           

              

           

    

     

     

    

     

     

     

     

             

            

      

        

         

    

      

                           

                

                

                                       
 

 

  

  

  

  

  

 
 
 

 
  

  
 
 
 
 
  
 

 
 

                  

                   

         

                                           

Figure 7: Kernel evaluation of MoBiQuant. (Left) End-to-end decoding latency comparison. (Mid-
dle) Latency breakdown of MoBiQuant. (Right) Memory savings under multi-precision deployment.

5.5 Ablation Study

We evaluate the sensitivity to the calibration data by replacing WikiText2 with two alternative datasets:
C4 [31] and PTB [32]. MoBiQuant consistently achieves better results in most calibration–evaluation
pairs, demonstrating robustness to calibration set selection. The full results are shown in the Ap-
pendix D.1. We also report ablation studies on router regularization scheduling in Appendix D.2, and
examine router generalization for different target precision training in Appendix D.3.

6 Conclusion

In this paper, we identify the “outlier migration” in conventional PTQ methods, which limits
generalization of calibration across precisions. To address it, we proposed MoBiQuant, a quantization
framework that integrates MoBiSlice for fine-grained precision selection and MoBiRoute for token-
adaptive routing. Extensive experiments demonstrate its effectiveness and practicality.
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A Overall Algorithm of MoBiQuant

As shown in Alg. 1, MoBiQuant performs layer-wise quantization by matching each quantized layer
to a full precision reference output using a two-stage iterative process. For each layer, it first runs the
original full-precision layer to obtain full precision outputs, then initializes the shared quantization
parameters Θq and the router Θr. In Stage 1, it stabilizes the first slice path by optimizing the
quantization parameters to minimize the reconstruction error to the full-precision target. In Stage
2, it initializes residual slices’ quantization parameters from Stage 1, computes the router score for
each token, and produces the overall quantized outputs. This stage jointly optimizes the objective
that combines reconstruction loss with a router score regularization loss. After the optimization
converges for the layer, MoBiQuant commits the learned quantization parameters, propagates both
full-precision and quantized outputs to the next layer, and repeats the same procedure until all layers
are quantized.

B MoBiSlice Construction: Formulation and Further Analysis

In this section, we formalize the MoBiSlice quantization scheme and describe how we decompose a
full-precision weight into a set of composable low-bit slices, enabling a many-in-one representation
for multiple precisions.

Quantizer design for bit slice accumulation. MoBiSlice requires that precision be adjustable by
either accumulating residual bits or truncating them. To satisfy this property, we adopt a floor-aligned
mapping following the truncation-ready quantization principle [33], where a lower precision code
is obtained by simply dropping least significant bits (LSB) rather than re-rounding. Concretely, for
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bit-width b, scale s, and continuous zero point z, we quantize as

xint = clamp
(⌊x

s
+ z

⌋
, 0, 2b − 1

)
, (11)

xdeq = s (xint − z + 0.5) . (12)

The floor operator enforces hierarchical nesting of integer codes, so switching bit width corresponds
to adding or dropping bit slices without changing previously formed higher order bits. The +0.5
dequantization shift centers each bin, which reduces bias when residual slices are accumulated.

Algorithm 1 MOBIQUANT CALIBRATION

Input: Input tokens X, modelM with L layers {f (ℓ)
fp }Lℓ=1, epochs ep, number of bit slices E,

regularization weight λ

Output: Quantized model M̂
Notation: We omit the layer superscript (ℓ) for readability.
Hfp,Hq: Full precision and quantized input for layer ℓ
Yfp,Yq: Full precision and quantized output for layer ℓ
G: Router scores, ⊙: element wise product

1: Initialize activations Hfp,Hq ← X

2: for ℓ = 1 to L do
3: FP output Yfp ← ffp(Hfp;W)

4: Initialize quantization parameters Θq and router parameters Θr

5: for t = 1 to ep do
Stage 1: First slice (FS) stabilization

6: YFS ← fFS(Hq;Θq) ▷ First slice-only forward pass
7: LFS ← ∥YFS −Yfp∥22 ▷ match FP reference output
8: Update Θq

Stage 2: Joint training
9: Slices {Θq,e}Ee=1 ← Derive(Θq) ▷ construct MoBi slices

10: Router score S← Router(Hq;Θr) ▷ token wise gating weights

11: Yq ← YFS +
∑E

e=1 Ge ⊙ fe(Hq; Θq,e) ▷ sum all slices’ outputs
12: LMoBi ← ∥Yq −Yfp∥22 + λReg(S,Θr) ▷ reconstruction loss and router regularization
13: Update Θq,Θr ▷ joint update of quantization and router params
14: end for
15: Ŵ← Quantize(W;Θq,Θr)

16: Hfp ← Yfp

17: Hq ← fq(Hq;Ŵ)

18: end for
19: return M̂

To ensure consistent refinement across slices, MoBiSlice iteratively refines the scaling factor so that
each slice represents progressively finer increments. Let (s0, z0) be the calibrated parameters of the
first slice. After assigning be bits to slice e, the next slice refines the resolution as se+1 = se/2

be .
Finally, while the first slice uses the calibrated zero point z0, slices fix ze = 2be−1 for e ≥ 1,
placing the midpoint code at the center of the integer range so that positive and negative residual
corrections are represented symmetrically, which avoids systematic drift during slice accumulation.
Together, the floor aligned mapping, scale refinement, and centered residual quantization make
the slice decomposition compatible with truncation based precision control, enabling stable elastic
reconstruction by activating a subset of slices.

Bias and Error Bounds for Bit Slice Activation. We now analyze truncation-based bit slice
activation and show that activating residual slices performs a true refinement: it leaves the coarse
quantization code unchanged and only adds a bounded zero-mean remainder term that recovers finer
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detail. First, we assume a two slice scenario, consisting of a shared base slice with (b− k) bits and a
single k bit residual slice that can be activated or dropped.

Let W be the original weight. The base slice produces an MSB code with parameters (s1, z1), and
the residual slice quantizes the residual R using parameters (s2, z2) derived from the base slice:

MSBb−k =
⌊W
s1

+ z1

⌋
, (13)

LSBk =
⌊R
s2

+ z2

⌋
, s2 =

s1
2k

, z2 = 2k−1. (14)

Using the centered dequantization, the two-slice reconstruction is:

Ŵ = s1(MSBb−k − z1 + 0.5) + s2(LSBk − z2 + 0.5) . (15)

Although the reconstruction in Eq. (15) is written for a base (b − k) bit slice plus a k bit residual
slice, our goal is to characterize any intermediate precision obtained by activating only a subset of the
residual information. We therefore introduce a generic truncation level p that drops p least significant
bits from the merged code. This captures all partial activation cases: p = 0 corresponds to using all
k residual bits, and larger p corresponds to deactivating progressively more of the finest bits. We
truncate p least significant bits of the merged integer code INT8 = (MSBb−k ≪ k) + LSBk using a
right shift:

I = INT8 ≫ p =
⌊ INT8

2p

⌋
, INT8 = 2pI + r, r ∈ {0, 1, . . . , 2p − 1} (16)

Substituting Eq. (16) into Eq. (15) and noting that s2 = s1/2
k, we can rearrange terms to express

Ŵ as a coarse quantizer applied to the truncated code I , plus an additive truncation noise term
determined by the dropped remainder r:

Ŵ = s2
(
INT8 − 2kz1 + 0.5

)
= s2

(
2pI + r − 2kz1 + 0.5

)
= (2ps2)︸ ︷︷ ︸

s′

I − 2k−pz1︸ ︷︷ ︸
z′

+ 0.5︸︷︷︸
mid

 + s2
(
r + 0.5− 2p−1

)︸ ︷︷ ︸
Ep

. (17)

Therefore, truncating p least significant bits is equivalent to quantizing with coarser parameters:
s′ = 2ps2, z′ = 2k−pz1, mid = 0.5, (18)

Eq. (17) makes the role of p explicit: truncation does not change the coarse code I , and its only effect
is an additive perturbation Ep determined by the discarded remainder r. Thus, analyzing Ep directly
characterizes the impact of partially activating bit slices. Assuming the residue r is approximately
uniform over {0, 1, . . . , 2p − 1}, we obtain:

E[Ep] = s2
(
E[r] + 0.5− 2p−1

)
= s2

(
2p − 1

2
+ 0.5− 2p−1

)
= 0, (19)

This yields E[Ep] = 0, indicating that slice-based reconstruction does not introduce bias in expecta-
tion. Moreover, since r ∈ {0, 1, . . . , 2p − 1},

−
(
2p−1 − 0.5

)
≤ r + 0.5− 2p−1 ≤

(
2p−1 − 0.5

)
, (20)

which implies the error bound:

|Ep| ≤ s2

(
2p−1 − 0.5

)
< 2p−1s2 =⇒ |Ep|

s22p
<

1

2
. (21)

Eq. (21) implies that the truncation error is strictly smaller than one half step of the coarser quantizer.
Equivalently, the perturbation Ep cannot move Ŵ across a decision boundary of the base MSB
quantizer, and therefore cannot flip any bit of the coarse code. As a result, activating residual
slices performs a true residual refinement: it only fills in finer bit slices without altering the coarser
representation, yielding an accurate and stable activation with controlled error. Therefore, this
establishes that bit slice activation yields a guaranteed residual refinement: it adds finer information
while preserving the coarse code, and its only effect is an additive truncation noise term that is
bounded and zero-mean.
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C Experiment Details

C.1 MoBiQuant Training Setup

We use weight-only quantization in all reported runs in the main paper, with abits=16 and
group_size=128, while the base bit slice uses wbits=2. Weight-activation quantization results
and their experimental setup are reported in Appendix E.4. Slice decomposition is enabled by
slice_bits_list, and our default configuration uses four bit slices with slice_bits_list =
2 2 2 2. Training proceeds for epochs=20 and nsamples=128, with batch_size=1 for all models.
The total number of router annealing steps is used by the router temperature schedule and calculated
as follows:

global_steps =
( nsamples
batch_size

)
· epochs,

For each layer, we optimize three parameter groups with AdamW: learnable weight clipping param-
eters (LWC), learnable equivalent transformation parameters (LET), and MoBiQuant parameters.
Group specific learning rates are denoted as follows: lwc_lr, let_lr, and mobi_lr. We typically
use lwc_lr in the range 1e−3 to 1e−2, and mobi_lr in the range 5e−6 to 4e−5, depending on model
size.

C.2 Flexible Inference and Effective Bit Control

A core feature of MoBiQuant is flexible inference, where the effective precision is con-
trolled by activating a subset of residual bit slices. At evaluation time, this is exposed by
target_activation_ratio_eval or target_bit_eval. When target_bit_eval is used, we
convert it into a desired routing ratio based on the base MSB bits and the sum of residual slice bits:

ρ =
target_bit_eval− bmsb∑

e≥1 be
, bmsb = slice_bits_list[0].

Hard binary gating is applied in evaluation using router scores and a threshold selected to satisfy the
target ratio.

Layer-wise threshold calibration. To make the realized routing ratio stable across layers and mod-
ules, we calibrate a layer specific threshold from calibration samples whenever target_bit_eval
requests residual activation. This calibration collects router scores over the calibration set and sets
each layer’s threshold to the appropriate quantile so that approximately a fraction ρ of routed experts
are active. We set the calibration sample to be the same as nsamples.

C.3 Baseline Results

The baseline results reported in our experiments are either taken from the corresponding published
papers or obtained by running their official open-source implementations. All reproduced experiments
are conducted on NVIDIA A100 GPUs. Specifically, for OmniQuant, SpinQuant, AWQ, GPTQ,
SmoothQuant, QUIP#, and QTIP, we run their open-source code to obtain WikiText2 PPL results on
the LLaMA-3.2-1B, LLaMA-3.2-3B, and LLaMA-3-8B model series under a context length of 2048.
In particular, for QUIP#, we reproduce and report its non-finetuned variant to align its computational
cost with the other post-training quantization baselines. These reproduced results are used to ensure
a consistent evaluation setting with our method. For kernel measurement, to ensure a consistent
evaluation environment with our customized kernel, we uniformly evaluate the kernels of QUIP#,
QTIP, AnyPrecisionLLM, and AnyBCQ on an NVIDIA A100 GPU with CUDA 12.9.

D Ablation Studies

D.1 Ablation of Calibration Dataset

We study the impact of different calibration datasets in Tab. 3. MoBiQuant remains stable across
calibration choices and consistently achieves lower perplexity than OmniQuant on most calibration–
evaluation pairs. In particular, WikiText2 and PTB calibration provide the strongest improvements
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Table 3: Ablation study on different calibration datasets for LLaMA3.2-1B-3bit.

Dataset Method Perplexity (PPL ↓) Downstream Tasks (Acc ↑)
Wiki C4 PTB ARC E ARC E(n) ARC C ARC C(n) BoolQ Hella Hella(n) Wino

Wiki
Omni. 21.597 32.860 37.467 0.510 0.472 0.245 0.284 0.593 0.378 0.488 0.551

MoBiQ 18.947 27.924 34.915 0.521 0.481 0.261 0.294 0.613 0.382 0.497 0.533

C4
Omni. 22.611 33.198 38.096 0.503 0.470 0.245 0.282 0.583 0.378 0.488 0.548

MoBiQ 26.360 33.382 43.888 0.522 0.452 0.282 0.293 0.619 0.369 0.477 0.538

PTB
Omni. 22.689 33.519 35.353 0.503 0.471 0.241 0.281 0.586 0.376 0.488 0.556

MoBiQ 16.909 24.849 29.268 0.588 0.532 0.284 0.312 0.589 0.402 0.526 0.556

Mix
Omni. 22.335 33.327 36.763 0.502 0.474 0.246 0.277 0.599 0.374 0.488 0.553

MoBiQ 21.070 30.072 33.646 0.534 0.502 0.258 0.300 0.612 0.382 0.500 0.530

across WikiText2, C4, and PTB, while the mixed calibration setting maintains similar average bits
with favorable cross-domain generalization.

On zero-shot tasks, MoBiQuant generally matches or outperforms OmniQuant across ARC Easy,
ARC Challenge, BoolQ, HellaSwag, and WinoGrande [25, 21, 23]. The most consistent gains
are again observed with PTB and WikiText2 calibration, indicating that MoBiQuant is robust to
calibration set selection across both language modeling and downstream reasoning tasks.

D.2 Ablation of Scheduling Methods for Router Regularization

We conduct an ablation study to identify the most effective scheduling strategy for router regulariza-
tion. We compare four schedules, Linear, Cosine, Exponential, and Logarithmic, and measure their
impact on model perplexity (PPL) on WikiText2, C4, and PTB. As shown in Fig. 8, performance
differences are most pronounced in the low-precision regime of 2.5 to 3.0 average effective bits. In
this range, both Logarithmic and Exponential scheduling consistently outperform the Linear
and Cosine alternatives. The relative ordering of the two best schedules is dataset dependent:
Exponential offers a slight advantage on WikiText2, while Logarithmic performs better on C4 and
PTB within the same bit-width range.

Figure 8: Comparison of PPL (↓) sweep between different scheduling methods across WikiText2, C4,
PTB datasets.

We adopt a logarithmic schedule for regularization, as it naturally aligns with the logarithmic
temperature annealing used in router gating and converges smoothly to the target precision during
inference. This synchronization between routing sharpness and precision allocation stabilizes training
and enables smoother adaptation to resource constraints.

D.3 Ablation of Different Training Target Bit

We train LLaMA3.2-1B with five target bit budgets (2.5, 3.0, 3.5, 4.0, and 5.0) to study how the
training target affects router generalization across precisions. For each configuration, we sweep
inference-time budgets and evaluate PPL on WikiText2, C4, and PTB.

As shown in Fig. 9, consistent trends are observed across datasets, with the largest differences appear-
ing near the transition region around 3.0 average bits. Among all settings, the 3.0-bit target achieves

16



the best overall trade-off. Lower targets (e.g., 2.5-bit) improve low-bit performance but degrade
higher-bit PPL, while higher targets (3.5–5.0-bit) significantly worsen sub-3.0-bit performance with
only marginal gains at higher precisions. Elastic inference requires the router to accommodate a

Figure 9: Comparison of PPL (↓) sweep between different target bit-widths for training across
WikiText2, C4, PTB datasets.

changing target budget, and the target precision scheduling objective in Eq. 7 is designed to encourage
exploration of diverse token slice allocations before converging. However, the training target still
sets the operating point around which the router learns stable binary decisions: a low target biases
the router toward early and persistent slice pruning, while a high target biases it toward maintaining
many active slices. The 3.0 bit target sits near a balanced regime and improves calibration of routing
decisions across a broader range of average bits. This motivates us to adopt 3.0 bits as the default
training target throughout all experiments.

E Additional Experiments

E.1 Outlier migration in Non-Gradient-Based PTQ

To further validate the generality of our observation, we analyze the behavior of non-gradient-based
PTQ methods under calibration–inference mismatch. We take AWQ [15] as a representative baseline
and evaluate its generalization performance across different bit-widths. As shown in Table 4, AWQ

Table 4: Generalization gap (PPL) of AWQ on LLaMA2-7B.
Calibration Bits Infer @ 3-bit Infer @ 4-bit

3-bit 8.22 7.85
4-bit 8.45 7.36

exhibits noticeable degradation when the inference precision differs from the calibration setting,
indicating limited generalization across bit-widths. In addition, we observe that the top outlier
tokens overlap by only 41% between 3-bit and 4-bit settings, suggesting that token sensitivity shifts
significantly across precisions. This behavior is consistent with the outlier migration phenomenon
described in the main text.

E.2 Outlier migration on Mistral-7B

We further verify that the outlier migration phenomenon generalizes beyond the LLaMA family.
Specifically, we observe similar behavior on Mistral-7B. For example, in a middle layer of Mistral-
7B, the overlap of top token outliers between 3-bit and 4-bit is only 16%, indicating significant
precision-dependent variation in token sensitivity. This migration leads to poor generalization for
existing PTQ methods. As shown in Table 5, when the inference bit-width differs from the calibration
setting, performance degrades substantially. In contrast, MoBiQuant effectively mitigates this issue.

E.3 Compatibility with rotation-based methods

We further investigate whether our method can be combined with rotation-based PTQ techniques.
We consider two representative methods: (1) the non-gradient-based QuaRot [27], and (2) the
gradient-based DuQuant [34].
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Table 5: Mistral-7B performance gap (PPL) under calibration–inference mismatch.
Method Calib 3→ Infer 4 Calib 4→ Infer 3
OmniQuant 5.61 23.19
MoBiQuant 5.42 19.38

Table 6: Generalization gap (PPL) of QuaRot on LLaMA2-7B.
Method Calib 4→ Infer 4 Calib 4→ Infer 3
OmniQ 5.74 32.80

OmniQ + QuaRot 5.65 27.55
MoBiQuant + QuaRot 5.65 22.24

Table 6 shows that while QuaRot improves static performance, the degradation under bit-width
mismatch remains significant. In contrast, combining MoBiQuant with QuaRot substantially improves
generalization, demonstrating that our approach is complementary to rotation-based techniques. For

Table 7: Generalization performance of DuQuant and MoBiQuant on unseen W-A configurations.
LLaMA2-7B LLaMA3-8B

W-A W3A4 W4A4 W5A4 W3A4 W4A4 W5A4
DuQuant 6.77 6.51 6.49 17.12 15.31 12.12

MoBiQuant + DuQuant 6.81 6.40 6.30 13.71 12.25 11.69

DuQuant, we calibrate the model at W3A4 and evaluate on unseen weight–activation configurations.
As shown in Table 7, MoBiQuant consistently improves generalization across all settings, with
significant gains on LLaMA3-8B. Overall, these results demonstrate that (1) the outlier migration
phenomenon is not limited to a specific PTQ method, and (2) MoBiQuant effectively improves
generalization when combined with existing PTQ techniques.

E.4 Any-precision performance with Activation Quantization

The elasticity of MoBiQuant also extends to activation quantization, as shown in Fig. 10, where we
report results on LLaMA2-13B. We keep the same slice decomposition as the weight-only setting and
the same calibration hyperparameters. We also keep the same regularization parameter and learning
rate. A key practical detail in this setting is the interaction between learnable equivalent transforms
(LET) from OmniQuant [7] and router training. LET preserves the main linear path by transforming
the input activation and compensating the linear weights so that the layer output remains equivalent.
For a linear layer,

Y = XW +B, X̃ = (X− δ)⊘ s, W̃ = s⊙W, B̃ = B+ δW, (22)

where X ∈ RT×d denote the input activations with T tokens and d input channels; W ∈ Rd×m

the weight matrix; and B ∈ Rm the bias. LET introduces a learnable per-channel shift δ ∈ Rd and
scale s ∈ Rd, producing the transformed input X̃ and the compensated parameters W̃, B̃ so that
the layer output is preserved. However, the router is a separate linear branch whose weights are not
re-parameterized by LET, so feeding X̃ directly changes the routing function and can distort router
scores. This is important because LET parameters evolve during calibration, so the router would
otherwise see a moving input distribution, which can drive logits into saturation under sharp gating
schedules and small calibration budgets, especially when the router input is quantized. For stability,
we undo LET for the router input by reconstructing the activation in the original space before routing
as follows:

Xr = X̃⊙ s+ δ, (23)

This keeps the router operating in a fixed activation space while LET continues to re-parameterize the
main linear path, improving routing stability.
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Figure 10: PPL (↓) tradeoff under 4 bit activation quantization on LLaMA2-13B. We compare with
SmoothQuant [13] and OmniQuant [7] W4A4 baselines.

Table 8: Zero-shot comparison with static scalar quantization (SQ) methods. We report average
accuracy over six zero-shot commonsense reasoning tasks.MoBiQuant matches or surpasses static
PTQ baselines. “-” denotes that no direct results are reported in the published papers.

Method Avg. Bits Type
LLaMA-2-7B LLaMA-2-13B LLaMA-3.2-1B LLaMA-3.2-3B LLaMA-3-8B

0-shot 0-shot 0-shot 0-shot 0-shot
Avg.(↑) Avg.(↑) Avg.(↑) Avg.(↑) Avg.(↑)

Floating-point 16 - 69.68 73.19 59.42 66.71 74.19

RTN

4 Static SQ

64.72 64.19 - - 70.40
SmoothQuant 63.87 67.46 - - 67.47

AWQ 69.40 72.64 - - 72.64
GPTQ 65.54 70.22 - - 70.21

SpinQuant 68.00 72.68 - - 72.62
OmniQuant 68.41 71.68 56.99 63.8 71.66

MoBiQuant 3.9-4.0 AnyPrec. 67.22 71.54 55.49 63.2 71.84

E.5 Additional Comparison with Static PTQ Methods

We further compare elastic MoBiQuant against static PTQ baselines on downstream zero-shot
evaluation. We report average accuracy over six zero shot commonsense reasoning tasks in Tab.
8, where prior methods are evaluated at fixed 4-bit precision and MoBiQuant is restricted to the
3.9 to 4.0-bit regime for a fair comparison. MoBiQuant is consistently competitive and improves
over multiple widely used static PTQ baselines, while remaining close to the strongest results. In
particular, MoBiQuant delivers clear gains over several static baselines on LLaMA2 models, and
on LLaMA3-8B it matches or exceeds a number of strong static PTQ methods on the same task
suite. Overall, these results support that MoBiQuant preserves elasticity while maintaining strong
zero shot task performance at 4-bit precision. We report the GSM8K performance in Tab. 9. As
a multi-precision method, MoBiQuant even outperforms static 4-bit OmniQuant, showing strong
robustness across tasks.

F Limitations

While MoBiQuant demonstrates strong accuracy–efficiency trade-offs across multiple model families
and bit budgets, several limitations remain. First, our experiments are primarily conducted on small-
to medium-scale LLMs (up to 13B parameters). We have not yet evaluated the method on ultra-large

Table 9: GSM8K performance of LLaMA3.2-1B under 4-bit setting.
Method Flexible-Extract Strict-Match
FP16 46.47% 42.15%
OmniQuant-4bit 30.86% 30.86%
Ours (Elastic) 32.83% 32.45%
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models such as 70B-scale LLMs due to the substantial computational and memory requirements
of training and benchmarking elastic multi-precision quantization systems at that scale. We leave
large-scale evaluation as future work. Second, although we implement optimized custom kernels for
our method, the current system has not yet been fully integrated with mature production inference
frameworks such as vLLM or FlashInfer. Finally, our evaluation mainly focuses on single-request or
small-batch decoding scenarios, which are common in latency-sensitive edge and local deployment
settings. The behavior of token-wise adaptive precision under large-scale cloud serving workloads
with heterogeneous batching strategies remains an important direction for future investigation.
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