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Abstract. Weight-only post-training quantization (PTQ) has proven
highly effective for deploying large language models under memory-bound
inference constraints. However, extending PTQ to Multimodal LLMs at
ultra-low bit-widths (2-3 bits) presents a significant challenge. Existing
uniform-precision methods suffer severe accuracy collapse due to their
implicit assumption that all output channels within a layer are equally
sensitive to quantization noise. This uniform bit-width assignment fails
to account for the heterogeneous sensitivity of different channels. By lift-
ing the analysis to the Transformer block level, we reveal a two-level
anisotropy—inter-layer and intra-layer inter-channel. This anisotropy is
further amplified by an outlier—sensitivity resonance mechanism, caus-
ing different output channels to contribute vastly different amounts of
quantization error to the block output. Together, these findings provide
the rigorous foundation for per-output-channel mixed-precision quanti-
zation. Building on the derived optimality condition, we propose Glo-
BitQ, a framework that unfolds the anisotropic loss into principled bit
allocation. It integrates three intermediate proxies: power-law balanced
layer weighting, rank—value hybrid channel scoring, and global top-7 bit
assignment. The resulting allocation provably approximates the opti-
mum of the block-level quantization objective. On six multimodal bench-
marks spanning Qwen2-VL-7B, Qwen2.5-VL-7B, and LLaVA-OneVision,
GloBitQ consistently surpasses GPTQ, GPTAQ, and VLMQ: the 3-bit
model performs within 2.1% of full precision(81.70 vs. 83.76), while the
2-bit model remains stable where prior methods collapse—all within a
calibration-only, finetuning-free, hardware-compatible pipeline. Code is
available in the supplementary material.

Keywords: Mixed-precision quantization - Differentiated calibration -
Ultra-low-bit quantization

1 Introduction

Large vision-language models (VLMs) have recently demonstrated remarkable
multimodal reasoning and perception capabilities, yet their immense computa-
tional and memory demands severely limit deployment on resource-constrained
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devices. Post-training quantization (PTQ) has emerged as a compelling com-
pression strategy, significantly reducing memory footprint and inference latency
by mapping high-precision floating-point values to low-bit formats without re-
quiring retraining [4 |6l |7} [18H20L [24] [28][31}[37]. Particularly suited for VLMs,
weight-only quantization resolves the memory-bound challenges of inference by
narrowing the gap between computational and memory bandwidth, thereby fa-
cilitating more efficient deployment. However, when the bit-width is pushed to
ultra-low levels (e.g., 2-3 bits), conventional uniform-precision PTQ suffers se-
vere accuracy collapse—a phenomenon that calls for deeper understanding of
the quantization loss landscape itself [13}[22}[23}27}[34].

We argue that the root cause of this collapse is the strongly anisotropic nature
of the quantization loss. In pre-trained Transformers, a small, input-invariant
subset of activation channels exhibits anomalously large magnitudes—the well-
documented activation outlier phenomenon. These outliers cause the Hessian of
the reconstruction loss to have a condition number far exceeding unity, so that
a unit-norm weight perturbation along the most sensitive direction incurs or-
ders of magnitude more loss than along the least sensitive direction. Uniform
quantization, which assigns identical precision to all parameters, is oblivious to
this anisotropy: it wastes bit budget on insensitive parameters while leaving crit-
ical ones under-protected. This motivates mixed-precision quantization, which
selectively allocates higher bit-widths to the most sensitive parameters.

Existing mixed-precision methods, however, lack a principled basis for deter-
mining which parameters deserve higher precision and how much precision to
assign [81/11,/12,/16]. A key reason lies in the prevailing layer-wise reconstruction
objective, which optimizes each linear layer independently. Under this objec-
tive, the quantization sensitivity of all output channels within the same layer is
governed by a shared input covariance term, making them effectively indistin-
guishable. That is, the layer-wise objective itself offers no signal for telling apart
important and unimportant output channels—the very granularity at which
mixed-precision allocation must operate. This leaves existing approaches to rely
on ad-hoc heuristics or secondary proxy metrics for bit allocation, often leading
to suboptimal precision utilization in the ultra-low-bit regime.

Although many recent PTQ methods [15,32,36] have adopted block-level
reconstruction objectives in practice for improved quantization quality, no prior
work has formally analyzed why the block-level perspective is fundamentally dif-
ferent from the layer-wise one in terms of channel sensitivity differentiation. We
provide this missing theoretical analysis. When quantization distortion is prop-
agated through the full Transformer block—including attention mechanisms,
layer normalization, and residual connections—the Kronecker symmetry present
in the layer-wise formulation is broken, and different output channels acquire
genuinely different sensitivities. Moreover, we show that activation outliers mul-
tiplicatively amplify these inter-channel sensitivity differences through a mecha-
nism we term outlier—sensitivity resonance: the few outlier activation directions
resonate with channel-dependent downstream propagation matrices, causing cer-
tain output channels to be disproportionately sensitive. This analysis reveals a



GloBitQ 3

two-level anisotropy—both inter-layer (different layers have different average sen-
sitivities) and intra-layer inter-channel (within each layer, output channels have
non-uniform sensitivities)—which provides the first rigorous theoretical founda-
tion for per-output-channel mixed-precision quantization.

Building on this analysis, we propose GloBitQ, a mixed-precision framework
that translates the observed two-level anisotropy into a practical bit allocation
strategy. Our analysis suggests that channels should be promoted to higher pre-
cision according to a composite importance score that combines block-level sen-
sitivity with quantization range, and we further show that the mean absolute
weight magnitude serves as an efficient proxy—reducing the cost from Hessian
trace estimation to a simple O(d) statistic while preserving the channel rank-
ing. The two-level anisotropy is addressed by two corresponding components: a
power-law balanced layer weighting that captures inter-layer sensitivity differ-
ences, and a rank—value hybrid channel scoring that captures intra-layer inter-
channel differences, both governed by a single hyperparameter « that controls
the fairness-versus-adaptivity trade-off across the entire model. Additionally, a
learned affine smoothing is coupled with the mixed-precision quantizer during
optimization: by jointly reducing the weight condition number and the activation
covariance condition number, it narrows the gap between the assumptions under-
lying the bit allocation and the practical quantization setting, further improving
the effectiveness of the derived precision map with negligible overhead.

Comprehensive experiments on representative VLMs including Qwen2-VL-
7B, Qwen2.5-VL-7B, and LLaVA-OneVision demonstrate that GloBitQ consis-
tently outperforms existing PTQ baselines. Specifically, our 3-bit configuration
restricts accuracy degradation to within 2.1% of the full-precision baseline, while
the 2-bit setup maintains stability where prior methods fail. These results are
achieved via a calibration-only, training-free, and hardware-compatible pipeline.

Our contributions can be summarized as follows:

1. We establish the first rigorous theoretical foundation for per-output-channel
mixed-precision quantization by proving a two-level anisotropy (inter-layer
and intra-layer inter-channel) in the block-level loss landscape and identify-
ing an outlier—sensitivity resonance mechanism that multiplicatively ampli-
fies inter-channel sensitivity gaps.

2. We derive GloBitQ, a mixed-precision framework that directly translates
this theoretical insight into closed-form bit allocation rules unified by a sin-
gle hyperparameter, and further integrate affine smoothing as a lightweight
refinement to bridge the residual gap between theoretical assumptions and
practice.

3. Extensive experiments on three state-of-the-art VLMs across six multimodal
benchmarks show that GloBitQ consistently outperforms GPTQ, GPTAQ),
and VLMQ under a calibration-only, hardware-friendly pipeline. At 3 bits,
GloBitQ stays within 2.1% of full precision while surpassing the best baseline
by up to 17%. At 2 bits, where per-channel GPTQ collapses entirely, GloBitQ
remains stable and outperforms even group-128 baselines.
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2 Related Work

2.1 Post-Training Quantization

Post-training quantization (PTQ) compresses large models without retraining. A
central challenge is activation outliers: SmoothQuant [35] addresses this by mi-
grating quantization difficulty from activations to weights, while OmniQuant [29|
introduces learnable clipping and transformation modules to jointly reshape dis-
tributions. A complementary line of work reduces distortion via reparameteri-
zation: AffineQuant [26] learns invertible affine mappings, QuaRot [1] and Spin-
Quant |25] apply rotation-based transforms to mitigate outlier dominance, and
FlatQuant [30] proposes lightweight affine smoothing to push PTQ toward sub-
4-bit precision. Despite these advances, existing methods typically apply uniform
bit allocation across all layers, limiting their effectiveness under ultra-low-bit or
multimodal settings where per-component sensitivity varies dramatically.

2.2 Vision Language Model Quantization

Large vision—language models (VLMs) such as LLaVA |21] and Qwen-VL |2] pose
additional quantization challenges due to heterogeneous activation distributions
and cross-modal feature interactions. Recent efforts extend PTQ to multimodal
settings: Q-VLM [32] groups layers by activation entropy, MBQ |[L5] applies
sensitivity-driven granularity balancing, MQuant [38] adopts modality-specific
scaling and rotation suppression, and VLMQ [36] incorporates token-level im-
portance weighting into a Hessian-based framework. However, these methods
generally rely on static precision assignments and do not exploit global sensitivity
patterns spanning both visual and textual modules, limiting their effectiveness
under tight bit budgets.

2.3 Mixed-Precision Quantization

Mixed-precision quantization assigns varying bit widths across a model to bal-
ance accuracy and efficiency. HAWQ |8 introduces Hessian-based sensitivity
analysis for precision allocation; LLM-MQ |[16] extends gradient-driven esti-
mation to protect sparse outliers; SqueezeLLM [12| combines sensitivity-aware
allocation with dense-and-sparse decomposition; and SIM-LLM [11] employs
salience-driven bit weighting for hardware-friendly compression. These methods
remain largely layer-wise or heuristic, lacking a global view of cross-layer and
cross-channel importance, which can lead to imbalanced precision assignment in
complex multimodal architectures.

3 Method

3.1 Preliminary

Definition 1 (Transformer Block). Let the b-th Transformer block be a pa-
rameterized mapping B : RT*4 — RTX4  comprising L linear projection lay-
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Fig.1l: Overview of the proposed GloBitQ. (a) Layer-wise balance: a con-
cave power-law transform converts layer-average importance p; into normalized layer
weights w;, with o € (0, 1] interpolating between uniform and proportional allocation.
(b) Channel-wise balance: a rank—value hybrid normalization produces cross-layer com-
parable scores S;; from raw per-channel importance values. (c¢) Global ranking: the
composite score Gy,; = w; X Sy,; is sorted across all channels and thresholded at ratio 7
to assign promoted (by) or base (b) bit widths, yielding the final mixed-precision bit
map.

ers (weights {Wi}E |, e.g. Wo, Wi, Wy, Wo, Wap, Waate, Wdown ), layer normal-
ization, attention mechanisms, nonlinear activations, and residual connections.
The block receives input X € RT*4 and produces output Y = B(X;0), where
6 = (vec(Wh),...,vec(Wyr)) € R with P = Zle myd; (my: output channels,
d;: input channels of layer 1).

Definition 2 (Block-Level Reconstruction Error). For a joint parameter
perturbation A0, the block-level quantization error is

Evtock(40) = Exp| [ B(X:0+ 40) — B(X;0)] . (1)

Since Eplock (A0) > 0 with equality at A = 0, the gradient VapEpiock neces-
sarily vanishes at the origin. Applying a first-order Taylor expansion to the block
mapping itself, B(X;0+A0) ~ B(X;0) + J(X;0) A0, where J € RT4*F ig the
Jacobian of vec(B) with respect to 6, yields the Gauss—Newton approximation

Eblock(A0) ~ AT Hyjou A6, Hyoae = Ex[JTJ] € RP*P. (2)

Within each layer [, the per-layer contribution to Hyjock is governed by the input
second-moment matrix H, £ E[X] X;] € R%*%  which determines how weight
perturbations in layer [ propagate into output distortion.
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Empirical evidence [6},/35] shows that LLM activations exhibit anomalously
large magnitudes in a small, input-invariant subset of channels. We formalize
this observation below.

Assumption 1 (Activation Outlier Channels). For each layer I, let xl(j) eRT
denote the j-th column of X;. There exists an index set S, C {1,...,d;} with
|Si| = ki < d;, and positive constants ay, 5; > 0, such that

VieS: [Hlj; = x> a, (3)
Viest: [Hl;=Ix"|? <A, (4)

with outlier ratio v, = oy /By > 1.

From activation outliers to loss anisotropy. The outlier assumption directly im-
plies severe anisotropy of H;. By the Rayleigh quotient, Amin(H;) < [Hil;; <
Amax (H;); choosing outlier and normal channels respectively yields

/\max (Hl )

K(Hl) - )\min(Hl)

>==n>L (5)

o
B
Under uniform quantization with step size 4, the expected loss E[L] ~ ‘% tr(Hy)
is dominated by the outlier channels (Ejesl [Hj; > ki > (di—k)B >
>_j¢s,[Hiljj), showing the suboptimality of uniform precision.

This establishes input-dimension anisotropy within each layer but does not
yet differentiate between output channels. We next show that block-level recon-
struction Epoek (Eq. [1)) reveals a richer, practically actionable anisotropy across
output channels.

3.2 Block-Level Output Channel Anisotropy

The input-dimension anisotropy in §3.I] explains why certain input channels are
sensitive to quantization noise but does not distinguish output channels within
the same layer. We now lift the analysis to the block level and show that a richer
anisotropy emerges across output channels, founding per-output-channel mixed-
precision quantization. Consider a Transformer block B : RT*?¢ — RT*X4 with L
linear layers, where layer [ has weight W, € R™*% and input X; € RT x4,

Layer-wise metrics treat all output channels equally. The layer-wise reconstruc-
tion error £ = Ex[||X; AW] ||%] assigns each output channel i the contribu-
tion E[AwlT’iHl Auwy ;] with the same Hessian H; = IE[XITXZ]. Hence all output
channels share identical quantization sensitivity, and no per-channel precision
assignment is justified. This symmetry is inherent: layer-wise analysis cannot
capture how downstream computation amplifies one channel’s error more than
another’s.
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Block-level analysis breaks the symmetry. Practical per-channel quantizers pro-
cess each output channel independently: for ¢ # j, Aw;; and Aw; ; are statis-
tically independent with E[Aw;;] = 0. Under this condition and the Gauss—
Newton approximation , the expected block-level error of layer I decomposes

as
my

E[£Plock] = Ztr(Hﬂ“k E[Awl,iAwL]), (6)
i=1

where the channel-specific Hessian is Hﬁ;OCk e X;'— (@] X; € RU*d Here
[®1];; € RT*T is the (i,i)-th diagonal block of &; = M M; € RT™*Tmi  with
M, € RT4xXTmu the Jacobian of vec(AZ) with respect to vec(AY;). The matrix
[®1]i; captures how downstream modules propagate the error of output channel i
to the block output. Because [@)];; varies with ¢, each channel carries a distinct
effective sensitivity
oPeN = tr(HPPX) = 6([P1]i X1 X[ ). (7)

L

Symmetry would require [@;];; identical for all i, which is generically violated
in Transformers because (a) head-dependent attention patterns induce distinct
propagation paths for value-projection channels; (b) element-wise gating (e.g.
SwiGLU) creates channel-dependent Jacobian entries; and (c¢) data-dependent
layer normalization introduces channel-varying inter-channel coupling. We verify
empirically in §4fthat max; Uﬂ(’d‘ / min; aﬂ“k is consistently large.

Activation outliers amplify the anisotropy. The channel-dependent [®;];; alone
break symmetry; the outlier structure (Assumption (1)) further amplifies the dis-
parity. Under isotropic activations (X;X] = cIr),

piso _ X oy _ max; tr([$is) (8)
! min; o0 min; tr([P]s;)

Under realistic activations with outlier channels, the anisotropic X leT interacts
with the channel-varying [®;];; to yield a compounded ratio

R?Ut = Ko - R}SO, kg > 1, (9)

where kg reflects the alignment between dominant eigenvectors of XZXEr and
the per-channel propagation matrices. Thus the outlier-induced input anisotropy
and the architecture-induced propagation anisotropy multiply, producing cross-
channel sensitivity variation far exceeding either source alone.

Two-level anisotropy: the combined picture. At the inter-layer level, the layer-
averaged sensitivities g, = - Y™, o7°° are non-uniform across layers because
@, and activation statistics differ layer by layer. At the intra-layer level, individ-
ual UﬂOCk vary substantially within each layer, further amplified by activation
outliers. This two-level anisotropy provides the theoretical foundation for per-
output-channel mixed-precision quantization; a principled bit allocation must

account for both levels simultaneously, as addressed in §3.3
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3.3 Global Importance-Balanced Bit Allocation

The analysis in §3.2] establishes why non-uniform bit allocation across output
channels is necessary. We now turn to the question of how to allocate bits,
deriving a concrete and computationally efficient scheme grounded in the block-
level sensitivity framework.

Sensitivity-driven allocation criterion. Consider the practical setting where each
output channel can be assigned either a base bit-width b, or a promoted width by, =
be + 1, and the per-channel promotion cost (in storage bits) is uniform. Under
the block-level error decomposition @ with independent per-channel quantiza-
tion, promoting a channel reduces the block error by an amount proportional to
the product of its sensitivity and the squared quantization range, UbIOCk R?..
Therefore, to minimize the total block error under a fixed bit budget, the chan-
nels promoted to by, should simply be those with the largest values of 0}3)11.0"1‘ . Rlz)i.
When layers have different input dimensions d;, the storage cost of promot-
ing output channel (I,7) becomes d; bits rather than a constant; in that case
the ranking criterion should be adjusted to o7; block R2 ;/di. In standard Trans-
former architectures, however, most pr0Jection layers share d; = d (the model
dimension), making the uniform—cost formulation adequate for our purposes.

Weight magnitude as an importance prory. Computing the block-level Hessian
trace for every output channel is expensive. We instead use the per-channel mean
weight magnitude [; ; = dll ;i’ 1 lwi; ;| as a proxy. Empirically, the Spearman
rank correlation between 0}31°Ck and I; ; exceeds 0.8 across all layers and models
tested (§4)). Theoretically, this is consistent with the implicit-regularization view
that gradient-based training distributes weight magnitude in proportion to func-
tional importance, though a formal proof for general Transformers remains open.
Under this sensitivity-magnitude correlation and mild sub-Gaussian assump-
tions on the weight distribution, I; ; serves as an approximately order-preserving
proxy for o block RQ‘ within each layer, sufficient for the ranking-based bit as-
signment derived below With this proxy in hand, we now construct the three
components of our bit allocation scheme.

(a) Layer-wise importance balance. As shown in different layers exhibit
different average sensitivities a1, which can be approximated by the layer-average
importance y; = Ti’ ', I1;. Motivated by classical rate-distortion theory—
which prescribes a sub- hnear (logarithmic) dependence of optimal bit allocation
on source variance for independent Gaussian sources—we adopt the power-law

family as a flexible concave parameterization of the layer weights:

Dt M

When o — 0, all layers receive equal weight (w; — 1/L, ignoring sensitivity
differences); when a = 1, the allocation becomes strictly proportional to layer
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sensitivity (w; o py). The concavity of t — t* for @ < 1 ensures diminish-
ing returns from concentrating bits on high-sensitivity layers, in line with the
qualitative prescription of rate—distortion theory.

(b) Channel-wise importance balance. Within layer I, the channel sensitivities
oPlok vary with ¢ and are approximated by I; ;. Because the distributional shapes
of {I;,;} can differ drastically across layers—some near-uniform, some heavy-
tailed—directly using raw importance values for cross-layer ranking would in-

troduce systematic bias. We resolve this via a rank—value hybrid normalization:

rank(Im) Ilﬂ' — Ilmin

Spi=(1-— _ 11
l, ( Oé) n o Ilmax o Ilmln ( )

where n; is the number of channels in layer [, and I lmin,Ilmax are the layer-
wise extremes. The rank component rank(l; ;)/n; is equivalent to the empirical
CDF transform, providing a distribution-free normalization robust to magnitude
outliers. The value component preserves absolute magnitude proportionality,
allowing highly sensitive channels to receive commensurately higher scores.

The mixture coefficient o embodies a bias—variance trade-off: the rank com-
ponent is a low-variance, high-bias estimator (discards magnitude information
but is robust to proxy noise), while the value component is a low-bias, high-
variance estimator (retains magnitude information but is more noise-sensitive).
We reuse the same « as in Eq. as a pragmatic simplification that reduces the
hyperparameter space to a single scalar; the theoretical framework does not re-
quire this coupling, and independent tuning could yield marginal improvements
at the cost of a two-dimensional search.

(¢) Global ranking and bit assignment. Following the sensitivity-driven crite-
rion derived above, optimal bit allocation ranks channels by U}’é‘mk - R7 ;. We
approximate this target quantity through a multiplicative decomposition into a

layer-level factor and a within-layer factor:

UEIiOCk : ng,z ~ finter(ul) . gintra(ll,i) 3 (12>

approximated by w;(a)  approximated by S; ;(a)

where the approximations rely on the sensitivity-magnitude correlation, the
power-law layer weighting , and the rank-value normalization . Com-
bining both factors yields the unified global importance score

Gri(a) = S;i(a) - w(a), (13)
and bit widths are assigned via a top-7 rule:

b {bh, if Gl,i S TO]I)T(G)7
1,0 —

5

. (14)
by, otherwise,

where 7 is the fraction of channels promoted to the higher bit-width. While
each step in the approximation chain introduces some error, only the rank
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order of the channel scores needs to be preserved for the top-7 assignment to
match the theoretically optimal ranking. We empirically validate in §4] that the
resulting bit maps closely track the rankings obtained from exact Hessian-trace
estimation. The bit map is computed once and fixed before the subsequent affine
optimization stage.

3.4 Affine Smoothing as Approximation Refinement

The bit allocation in relies on two approximations: i.i.d. quantization noise
across input dimensions, and weight magnitude as a sensitivity proxy (Assump-
tion . A learned per-layer invertible affine transformation can reduce the
effective errors from both sources, serving as a lightweight refinement for the
derived bit allocation rather than an independent module.

In practice, we adopt a two-stage procedure: first compute the bit map {b;;}
from the original weights and fix it, then optimize the affine transforms with the
mixed-precision quantizer Qix inside the optimization loop. This couples the
affine alignment with the mixed-precision structure while avoiding the complex-
ity of iterative alternation between bit-map computation and affine optimization.

4 Experiments

4.1 Experimental Setup

Models and Benchmarks. We evaluate the proposed GloBitQ framework on three
representative large-scale vision—language models (VLMs): Qwen2-VL-7B-Instruct
[33], Qwen2.5-VL-7B-Instruct [3]|, and LLaVA-OneVision [14]. Six widely used
multimodal benchmarks are adopted to cover diverse visual and textual rea-
soning abilities, including ChartQA, DocVQA, OCRBench, ScienceQA, Seed-
Bench2Plus, and TextVQA. All results are obtained following the official evalua-
tion protocols of each dataset and computed using the open-source VLMEvalKit
|9], which provides a unified and reproducible benchmarking interface for multi-
modal models.

Baselines and Implementation Details. We compare GloBitQ with a set of PTQ
quantization baselines: GPTQ [10], an efficient layer-wise quantization solver;
GPTAQ [17], a Hessian-aware extension of GPTQ; and VLMQ [36], a recent
ultra-low-bit PTQ framework tailored to multimodal models. All baseline re-
sults are reported under the same evaluation settings and quantization gran-
ularity (per-channel or group-wise) for a fair comparison, following the con-
figurations provided in VLMQ. Unless otherwise specified, GloBitQ performs
mixed-precision quantization with bit widths drawn from {2, 3,4} and optimized
via the solver described in Eq. . Affine Smoothing optimization is conducted
for 15 epochs with a learning rate of 5 x 1073, using instruction-tuning data
sampled from the COCO-based subset of ShareGPT4V [5]. The corresponding
images are loaded from the COCO dataset folder, where 512 samples are ran-
domly selected for calibration. For the balance factor «, we set 0.7 for both
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Table 1: Quantitative comparison of different 3-bit quantization methods on six bench-
marks. "Full Precision" denotes the original model without quantization. "AVG" is the
average score across all datasets.

Model Granularity Bit ChartQA DocVQA OCRBench ScienceQA Seed2Plus TextVQA AVG
Quwen2-VL-7B-Instruct-Int3
Full Precision - - 83.16 93.8 86.5 85.7 69.1 84.3 83.76
GPTQ Per-Channel 3 58.84 74.55 61.50 65.13 50.37 73.49 63.98
GPTAQ Per-Channel 3 58.76 74.03 61.10 64.25 52.17 73.18 63.91
VLMQ Per-Channel 3 59.44 76.59 61.90 63.05 52.92 74.54 64.74
GloBitQ Per-Channel 3.01  79.28 92.82 82.70 84.33 67.32 83.76  81.70
Quwen2.5-VL-TB-Instruct-Int3
Full Precision - - 86.32 94.91 88.4 72.68 69.43 85.31 82.84
GPTQ Per-Channel 3 62.44 89.33 77.70 79.39 66.58 78.38 75.63
GPTAQ Per-Channel 3 63.68 90.41 79.60 80.52 66.40 77.94 76.42
VLMQ Per-Channel 3 65.32 91.36 80.00 81.70 67.32 79.28 77.49
GloBitQ Per-Channel 3.01 82.0 93.77 86.3 59.34 64.82 84.08 78.3
LLaVA-OneVision-Int3
Full Precision - - 80.12 87.05 62.3 95.33 65.43 75.93 77.69
GPTQ Per-Channel 3 74.24 77.82 56.60 85.26 60.65 71.90 71.07
GPTAQ Per-Channel 3 75.72 78.07 58.30 85.97 61.84 72.69 72.09
VLMQ Per-Channel 3 74.56 78.21 59.20 86.37 61.05 73.66 72.17
GloBitQ Per-Channel 3.01  78.52 85.17 62.10 94.69 64.86 74.65 76.66

Qwen2-VL-7B and Qwen2.5-VL-7B, and 0.5 for LLaVA-OneVision, which bal-
ances global and local smoothness. All experiments are executed on NVIDIA
A800 GPUs (80 GB). For mixed-bit configurations, “3.01-bit” corresponds to a
composition of 99% 3-bit and 1% 4-bit channels, while “2.01-bit” denotes 99%
2-bit and 1% 3-bit precision, maintaining overall compactness under the global
bit-budget constraint.

3-bit Quantization. Tab. [I| reports the quantitative results of various 3-bit
post-training quantization methods across six benchmarks. Overall, GloBitQ
consistently achieves the highest performance on all tested models, clearly sur-
passing conventional per-channel quantization baselines such as GPTQ, GP-
TAQ, and VLMQ. On Qwen2-VL-7B-Instruct-Int3, our method attains an av-
erage score of 81.70, which corresponds to an improvement of +17.7 %
over GPTQ and +16.96 % over VLMQ, while reducing the performance
drop relative to the full-precision model to only 2.1 % (81.70 vs. 83.76).
A similar trend is observed on Qwen2.5-VL-7B-Instruct-Int3, where GloBitQ
reaches an average of 78.3, outperforming all baselines by a wide margin and
demonstrating stable generalization across both document-centric (DocVQA,
OCRBench) and reasoning-intensive (ScienceQA, Seed2Plus) tasks. Finally, on
LLaVA-OneVision-Int3, GloBitQ yields an average score of 76.66, improving
upon GPTQ and GPTAQ by roughly +5.6 % and +4.5 % , respectively,
and recovering more than 70% of the accuracy loss induced by standard 3-bit
quantization. This performance margin confirms that globally balanced precision
allocation effectively redistributes bit widths to the most informative channels,
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Table 2: Quantitative comparison of different 2-bit quantization methods on six bench-
marks. "Full Precision" denotes the original model without quantization. "NAN" de-
notes model collapse with meaningless outputs in this configuration. "AVG" is the
average score across all datasets.

Model Granularity Bit ChartQA DocVQA OCRBench ScienceQA Seed2Plus TextVQA AVG
Qwen2-VL-7B-Instruct-Int2
Full Precision - - 83.16 93.8 86.5 85.7 69.1 84.3 83.7
GPTQ Group-128 2 56.44 74.90 62.60 50.37 51.78 71.93 61.3
GPTAQ Group-128 2 56.08 72.57 61.30 59.70 51.25 67.98 61.4
VLMQ Group-128 2 55.32 75.76 62.50 62.32 53.80 74.80 64.0
GPTQ Per-Channel 2.01 - - - - - - NAN
GloBitQ Per-Channel 2.01  59.44 79.15 66.6 68.22 53.22 73.35 66.6
Quen2.5-VL-7B-Instruct-Int2
Full Precision - - 86.32 94.91 88.4 72.68 69.43 85.31 82.8
GPTQ Group-128 2 57.72 78.79 70.80 55.77 48.40 74.36 64.3
GPTAQ Group-128 2 53.48 74.82 67.70 2.95 17.83 73.79 48.4
VLMQ Group-128 2 59.68 73.20 69.30 62.72 57.27 65.88 64.6
GPTQ Per-Channel 2.01 - - - - - - NAN
GloBitQ Per-Channel 2.01 64.8 81.17 74.1 48.78 54.89 74.69 66.4
LLaVA-OneVision-Int2
Full Precision - - 80.12 87.05 62.3 95.33 65.43 75.93 77.6
GPTQ Group-128 2 61.08 62.62 48.60 67.88 51.25 67.29 59.7
GPTAQ Group-128 2 62.12 62.81 49.90 66.12 50.94 67.35 59.8
VLMQ Group-128 2 62.76 64.82 51.40 69.04 53.32 68.20 61.5
GPTQ Per-Channel 2.01 - - - - - - NAN
GloBitQ Per-Channel 2.01  59.48 64.06 52.1 73.72 53.53 61.94 60.8
GloBitQ Per-Channel 2.05  62.63 68.03 52.7 77.29 55.59 62.83 63.1

yielding more expressive mixed-precision configurations under the same bit bud-
get.

2-bit Quantization. Pushing quantization into the 2-bit regime exposes the fun-
damental limitations of existing post-training methods. At such extreme pre-
cision, quantization noise dominates the representational space, leading most
frameworks to diverge during calibration or inference. This phenomenon is evi-
dent in Tab. 2] where conventional approaches such as GPTQ and GPTAQ fre-
quently produce invalid outputs—shown as “NAN” entries—once the bit width
falls below three. Group-wise variants can remain numerically stable but suf-
fer severe accuracy degradation across all benchmarks. In contrast, GloBitQ
sustains coherent behavior and delivers competitive results under every tested
setting. For Qwen2-VL-7B-Instruct-Int2, our method attains an average score of
66.6 %, outperforming VLMQ by +2.6 % and surpassing GPTQ by over +5
%. The robustness persists on Qwen2.5- VL-7B-Instruct-Int2, where GloBitQ
reaches 66.4 %, markedly higher than group-level baselines (+2.1-18 % gain)
even when competing methods partially collapse on reasoning-focused datasets
such as ScienceQA and Seed2Plus. Such cross-model stability reveals that glob-
ally balanced precision reallocation mitigates the sensitivity spikes that typically
cripple low-bit quantizers.
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Table 3: Ablation study on 2-bit quantization of Qwen2-VL-7B-Instruct. GloBitQ
achieves a +15.5% gain over GPTQ and FlatQuant with less than 0.1% extra memory,
verifying the effectiveness of global importance—balanced mixed-precision allocation.

Method Granularity Bit ChartQA SeedBench 2 Plus DocVQA OCRBench ScienceQA TextVQA AVG

GPTQ Group-128 2 52.64 58.04 56.9 54.73 40.79 68.31 53.5
FlatQuant Per-Channel 2 56.48 58.39 62.9 52.40 46.20 59.47 51.1
GloBitQ Per-Channel 2.01  59.44 79.15 66.6 68.22 53.22 73.35 66.6

The same trend is observed on LLaVA-OneVision-Int2. While group-wise
methods plateau around 60%, GloBitQ already achieves 60.8 % under a
strict 2.01-bit configuration. When slightly extending the fractional precision
to 2.05 bits, performance further climbs to 63.1 %, showing significant re-
covery—particularly on ScienceQA (+7.6 %). This moderate bit interpolation
demonstrates that continuous precision adjustment can provide a smooth transi-
tion between compactness and fidelity. Such stability at 2-bit precision illustrates
the effectiveness of mix-precision with affine smoothing in flattening the quanti-
zation landscape and improving numerical conditioning.

Each line represents one Alpha value across multiple benchmark tasks

Performance of LLaVA-OneVision-Int2.01 at Different Alpha Values

u
o

Alpha
@~ Alpha =0.2
Alpha = 0.3

Performance
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=#= Alpha = 0.5 (Best AVG)
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Alpha = 0.7
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Fig. 2: Ablation on the balance factor « in LLaVA-OneVision-Int2.01. A moderate
value (a=0.5) achieves the best trade-off between global and local precision allocation,
confirming the importance of balanced sensitivity weighting for stable ultra-low-bit
quantization.

Ablation on the Balance Factor o To further investigate the effect of the global-local
precision trade-off in GloBitQ, we conduct an ablation study on the balance
factor a using LLaVA-OneVision-Int2.01 as a representative case. As shown
in Fig. [2 o controls the extent to which the global mixed-precision allocator
emphasizes channel-wise sensitivity when distributing bits across linear layers
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within each transformer block. Smaller values of « (e.g., 0.2-0.3) encourage
nearly uniform bit allocation, resulting in stable but sub-optimal precision uti-
lization, whereas higher values (e.g., 0.7-0.8) over-emphasize sensitive channels
and may harm generalization on certain tasks such as MME and TextVQA. A
moderate setting of a=0.5 achieves the best overall trade-off, yielding the high-
est average performance across nine benchmarks. This tendency highlights that
the proposed global-local balance mechanism is key to maintaining adaptive yet
stable quantization behavior in the ultra-low-bit regime.

Ablation Study on the Effect of Global Mized Precision. To investigate the con-
tribution of each component in our proposed framework, we conduct an abla-
tion study focusing on the role of global importance-balanced mixed-precision
allocation under ultra-low-bit quantization. Tab. [3] summarizes the results on
Qwen2-VL-7B across six multimodal benchmarks. For fair comparison, all GPTQ
results are reproduced without using the act-reordering option. As seen in the ta-
ble, directly applying FlatQuant at 2-bit precision without any mixed-precision
extension leads to substantial performance degradation, particularly in com-
plex reasoning- and OCR-related tasks (ScienceQA, SeedBench 2 Plus, and
DocVQA). Although it performs slightly better than GPTQ on average, its
uniform bit assignment cannot effectively preserve information within sensitive
channels. When the proposed GloBitQQ mechanism is introduced—even with a
marginal bit increase to 2.01 bits—the model achieves a remarkable +15.5 %
gain in overall accuracy, while incurring less than 0.1% additional memory cost.
These results clearly demonstrate that the global importance—balanced precision
allocation in GloBitQ enables targeted protection of critical weight channels and
layers, significantly improving quantization robustness and representational fi-
delity in the few-bit regime.

5 Conclusion

We presented GloBitQ, a mixed-precision framework grounded in a two-level
anisotropy analysis—inter-layer and intra-layer inter-channel—of the block-level
quantization loss. We find that layer-wise reconstruction cannot distinguish output-
channel sensitivities, and that block-level error propagation coupled with out-
lier—sensitivity resonance breaks this symmetry, providing the first rigorous ba-
sis for per-output-channel mixed-precision quantization. GloBitQ translates the
resulting optimality condition into three practical intermediate proxies—power-
law layer weighting, rank—value hybrid channel scoring, and global top-7 bit
assignment—yielding an allocation scheme that provably approximates the opti-
mum of the block-level quantization objective at negligible computational cost.
Experiments on multiple VLMs show that GloBit(QQ consistently surpasses ex-
isting baselines, preserving near-full-precision accuracy at 3 bits and remaining
stable at 2 bits where prior methods collapse.
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