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Abstract—The Segment Anything Model (SAM) exhibits strong
zero-shot segmentation capability, yet its parameter count and
compute cost hinder deployment on edge devices. Post-training
quantization (PTQ) is attractive for compressing SAM with only
a small unlabeled calibration set, but existing PTQ pipelines
typically adopt uniform bit-widths and are semantic-blindness:
layers serving different semantic roles show markedly different
quantization sensitivity, while reconstruction metrics (e.g., MSE)
correlate poorly with task degradation. To address this, we
propose SDA-SAM, a semantic-driven adaptive mixed-precision
PTQ framework. Our key idea is to build a Semantic Function
Profile (SFP) for each quantizable layer to guide bit allocation
before quantization. SFP combines (i) a task-oriented Gradient
Sensitivity Score computed from normalized gradient norms
using pseudo-label self-training signals, and (ii) Attention Entropy
Analysis that categorizes attention layers into localization- versus
aggregation-dominant types. Guided by SFP, our Semantic-
Driven Bit Allocation assigns higher precision to semantically
critical layers and lower precision to robust layers under a global
bit budget. On COCO instance segmentation with SAM-B, SDA-
SAM matches the accuracy of uniform W6A6 while reducing the
effective average weight bit-width to 5.1, and improves W4A4
accuracy by up to 8.5% compared to PTQ4SAM-S, without
iterative reconstruction.

Index Terms—Model quantization, Segment Anything Model,
mixed-precision quantization

I. INTRODUCTION

Segment Anything Model (SAM) [1] demonstrates strong
zero-shot segmentation, but its memory and compute costs
hinder edge deployment [2], [3]. Post-training Quantization
(PTQ) requires minimal unlabeled data for compression, mak-
ing it ideal for base model deployment [4], [5]. However,
existing PTQ methods perform poorly on SAM. on COCO
with YOLOX prompts, uniform W6A6 on SAM-B drops from
37.0% (FP) to 17.4% under a statistic-based PTQ baseline [6].
This paper investigates pre-quantization bit-width assignment
per layer. Current uniform-bitwidth strategies [7] ignore se-
mantic functional differences across SAM layers, which we
identify as the key cause of performance degradation.

To deeply understand the semantic-blindness problem in
SAM quantization, we conduct a systematic analysis of layer-
level characteristics in SAM-B. As illustrated in Fig. 1:

Observation 1: Layers with different semantic functions
exhibit significantly different quantization sensitivities.
Gradient sensitivity score (GSS) is employed to quantify the
contribution of each layer to the segmentation task. As shown
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Fig. 1. Semantic Function Profile analysis. (a) Layer-wise GSS sensitivity
differentiation; (b) Attention entropy vs semantic type mapping; (c) Accuracy-
efficiency trade-off under mixed-precision bit allocation; (d) GSS vs MSE
metric comparison.

in Fig. 1(a), the average GSS of the cross-attention layer in
the mask decoder reaches 1.82, while the average GSS of the
multi-layer Perceptron (MLP) layer in the image encoder is
only 0.35, a difference of nearly 5-fold. The Pearson cor-
relation between GSS and layer-wise quantization sensitivity
reaches 7 = 0.93 (i.e.,, r> = 0.87), which greatly exceeds
the correlation achieved by mean square error (MSE), where
r = 0.56 (i.e., r? = 0.31). While MSE minimizes the recon-
struction error, Fig. 1(d) shows that the GSS gradient-based
task proxy achieves higher correlation in terms of task-oriented
segmentation sensitivity compared to traditional reconstruction
metrics. We define layer-wise quantization sensitivity as the
performance drop AmAP(l) when quantizing only layer [ to
W4A4 (others kept in FP16) on a fixed calibration/evaluation
protocol.

Observation 2: Attention entropy effectively character-
izes the functional semantic types of layers. As shown in
Fig. 1(b), the entropy values clearly map to functional semantic
types: the low entropy layer (H < 1.5) performs precise
semantic localization with high quantization sensitivity; The
high-entropy layer({ > 3.5), performs context aggregation
robustly. Unless stated otherwise, the thresholds (1.5, 3.5) are
selected on a held-out calibration subset and remain stable
across datasets; Section III-C further analyzes sensitivity to
this choice.



Observation 3: Semantically guided mixed-precision bit
allocation achieves a Pareto improvement of the precision-
efficiency tradeoff. As shown in Fig. 1(c), the semantically
guided scheme achieves 36.2% mAP under the same budget,
which outperforms uniform 6-bit quantization (34.3%).

Based on the above analysis, we propose SDA-SAM, with
the following main contributions:

o We identify semantic-blindness bit-width assignment as
a key failure mode when applying PTQ to SAM, and
propose a Semantic Function Profile (SFP) that charac-
terizes each layer from both task-oriented sensitivity and
attention-distribution type.

o We propose a Semantic-Driven Bit Allocation algorithm
that assigns mixed precision under a global bit budget
using SFP-ranked sensitivity, and is complementary to
reconstruction-based PTQ.

e On COCO instance segmentation, SDA-SAM improves
W4A4 accuracy by up to 8.5% over PTQ4SAM-S on
SAM-B across multiple detectors, while requiring only
a single forward—backward pass for profiling and signif-
icantly reducing calibration time compared to learning-
based PTQ baselines.

Reproducibility. Upon acceptance, we will release code,
configurations, evaluation scripts, and pretrained checkpoints
to enable replication of our results.

II. RELATED WORK

A. Segment Anything Model

SAM [1] demonstrates an excellent zero-shot generaliza-
tion [8]. Its architecture consists of a Vision Transformer
(ViT) [9] based image encoder, a lightweight cue encoder,
and a bidirectional Transformer mask decoder. However, ex-
isting lightweight variants (e.g. EfficientSAM [10]) still take
floating-point arguments and cannot take full advantage of
integer arithmetic hardware acceleration.

B. Post-Training Quantization

Model quantization [4], [11] reduces storage and computa-
tional costs by converting floating-point values to low-order
integers [12]. PTQ requires only a small amount of unlabeled
data to calibrate the quantization parameter [13]. FQ-ViT [14]
introduces a quadratic scaling factor to ViT to address the
attention quantization challenge. NoisyQuant [15] alleviates
the effect of activation outliers by noise bias. BRECQ [5]
and QDrop [16] learn quantization parameters by minimizing
the difference in response between the pre-quantization and
post-quantization outputs. PTQ4SAM [6] solves the bimodal
distribution of linear activation of the posterior key in the mask
decoder. PTQ4SAM further reports a statistic-based variant
(PTQ4SAM-S) and a learning-based variant (PTQ4SAM-L)
built upon block-wise reconstruction with iterative optimiza-
tion [6]. However, these methods all adopt a fixed bit-width
strategy and ignore the layer-by-layer variation of quantization
sensitivity.

C. Mixed-Precision Quantization

Mixed-precision Quantization (MPQ) [17] assigns different
bit-widths to different layers. The HAWQ [18] family evalu-
ates the layer sensitivity based on the Hessian matrix, while
OMPQ [19] introduces a gradientguided strategy. DLSAQ [20]
proposes layer adaptive quantization to alleviate the edge
deployment problem. Mix-QSAM [21] explores the MPQ of
SAM, but relies on refactoring optimization. Existing MPQ
methods have limitations when applied to SAM: (1) the
Hessian calculation brings huge overhead; (2) They are mainly
designed for classification tasks, ignoring the unique semantic
role of layers in segmentation tasks.

III. METHOD

This section elaborates on the SDA-SAM framework. Sec-
tion III-A introduces preliminaries; Section III-B proposes the
SFP method; Section III-C designs the SDBA algorithm and
quantization execution details. The overall framework is shown
in Fig. 2.

A. Preliminaries

Quantization Calibration. The quantization and dequanti-

zation processes of a uniform quantizer are defined as follows:

Quant : z, = clip (E] 42,020 — 1) . (1)

The quantization scale s and zero-point z are determined
by clipping bounds x;4,, and x,,:
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where b denotes the bit-width. Existing methods adopt a
uniform b value for all layers, neglecting the sensitivity
differentiation caused by differences in semantic functions
across layers. Specifically, given a pre-trained SAM model
M containing L quantizable layers, an average bit budget b,
and a candidate bit set B = {4, 5,6, 7,8}, the objective is to
solve for the optimal bit allocation:

(oax PMq({ti})) st S
3

where P(-) is the task performance metric and n; is the
parameter count of layer [. This paper directly characterizes
the quantization properties of each layer through SFP, trans-
forming the search problem into a greedy allocation problem
based on sensitivity ranking.

B. Semantic Function Profiling

This section proposes the SFP framework, which charac-
terizes layer-wise quantization properties from two comple-
mentary perspectives: task-oriented sensitivity and functional
semantic type.

Task-Oriented Gradient Sensitivity Score. The gradient
response of layer parameters to task loss directly reflects
their contribution to the final performance. Since quantization
inherently introduces bounded perturbations to the weights,
gradient sensitivity can be used as an effective proxy for
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Fig. 2. Overall framework of SDA-SAM. The framework consists of three stages: (1) Semantic Function Profiling (SFP) construction through GSS and AEA;
(2) Semantic-Driven Bit Allocation (SDBA) based on composite sensitivity scores; (3) Quantization execution with semantic critical layer protection.

quantization sensitivity. Since calibration data are unlabeled,
we generate pseudo labels y from the full-precision SAM and
compute a self-training loss L(f(x,p), 7). We define GSS as:

IVwa L£(f(z,p),§)|r

GSS(Z) = ]E(x,p)/\/Dcal ||W(I)HF ’
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where L is the segmentation loss and || - || ¢ is the Frobenius
norm. Unlike spatially independent gradient measures [19],
GSS incorporates SAM-specific spatial sampling mechanisms.
Our design explicitly quantifies cue-driven sensitivity at the
pixel level, thus capturing architecture-specific feature patterns
critical for dense prediction tasks. Specifically, a uniform grid
point cue p is generated for the input image x, the segmenta-
tion prediction is obtained through forward propagation, Using
this prediction as a pseudo-label, the gradient of each layer is
obtained after calculating the loss through backpropagation.
The memory overhead is controllable by online updating the
cumulative gradient statistics. Experiments show that there is a
clear correspondence between the GSS of each layer of SAM-
B and the type of semantic function: the cross-attention layer
has the highest GSS (1.82), the deep encoder layer has the
highest GSS (1.45), and the MLP layer has the lowest GSS
(0.35). The essential defect of uniform quantization strategy
is clearly exposed.

Entropy-Based Attention Analysis. The information en-
tropy of the attention distribution directly reflects the type of
semantic operation executed at a given layer. Let the attention
inputs consist of the Xo € RYeXP and Xy, Xy € RNVexP
pairs, where N, and Nj denote the number of tokens in

the query and key, respectively, and D is the embedding
dimension. The attention score matrix is computed as follows:

(&)

The attention scores are then normalized using the Softmax

A = XoWq - (XgWi)T /\/dj, € RNa* Nk,

function to yield the attention weight matrix: A,, € RNa>*Nk
and the attention entropy is defined as:
1 Ng Ny,
H(A,) = —FZZCLM log(ai,; +€), (6)
7 4=1 j=1

where a; ; denotes attention weight elements and e = 1078
is a numerical stability term. This definition averages entropy
across all query positions, characterizing the overall distribu-
tional properties of attention modules. For the [-th attention
layer, the expected entropy is computed over the calibration
set:

H(l) = E(u . |[HAD (@,0))] - )

Based on statistical analysis, we establish the mapping
between entropy intervals and semantic function types: low-
entropy layers (H < 1.5) perform semantic localization oper-
ations and are highly sensitive to quantization; high-entropy
layers (H > 3.5) perform semantic aggregation operations
and exhibit robustness. The robustness of high-entropy layers
stems from weights approaching uniformity at each position
(a;; ~ 1/Ny), where perturbations are statistically averaged,
while perturbations at critical positions in low-entropy layers
are directly amplified.



TABLE I
QUANTIZATION RESULTS FOR INSTANCE SEGMENTATION ON COCO. REC INDICATES WHETHER RECONSTRUCTION IS USED. WXAY DENOTES X-BIT
WEIGHTS AND Y-BIT ACTIVATIONS. “-” DENOTES MAP BELOW 1%. BOLD AND UNDERLINED VALUES INDICATE THE BEST AND SECOND-BEST RESULTS
UNDER THE SAME CONFIGURATION, RESPECTIVELY.

SAM-B SAM-L SAM-H

Detector Method REC —5p—WeA6 WaAd | FP W6A6 W4Ad | FP  W6A6 W4Ad
PTQ4SAM-S X 54 - 357 181 360 241

AdaRound x 231 ; 343 8.7 37 145

. QDrop v 203 130 352 226 363 323
Faster R-CNN PTQ4SAM-L v 13 303 160 | 358 287 | Y72 365 335
AHCPTQ x 36 117 356 274 363 314

SDA-SAM (ours) | x 24 231 359 302 366 323

PTQISAM-S X 74 - 00 206 03 267

AdaRound X 26.4 ; 389 111 383 167

QDrop v 36 133 397 253 404 358

YOLOX PTQ4SAM-L v 170 s ga |9 403 316 | M0 407 376
AHCPTQ x 354 134 400 310 404 352

SDA-SAM (ours) | x 362 269 402 321 407 379

PTQASAM-S X 7.0 - 410 209 33 213

AdaRound x 272 ; 399 80 394 163

, QDrop v 43 132 405 258 414 365
H-Deformable-DETR | oo ygAnp, v 382 35 173 | Y2 s 21 | 20 46 384
AHCPTQ x 36.6 141 410 323 415 356

SDA-SAM (ours) | x 375 266 412 326 418 381

PTQISAM-S X 204 - 77 231 ®I 305

AdaRound X 31.2 1.2 46.6 8.8 46.0 18.2

QDrop v 389 112 475 275 483 417

DINO PTQ4SAM-L v s04 0 a4 | B0 483 366 | M1 47 439
AHCPTQ x 419 168 479 366 483 412

SDA-SAM (ours) | x $B3 303 484 369 488 419

Bimodal Distribution Detection and SFP Construction. EE([) = M € [0,1]. an
The post-Key-Linear activations in SAM mask decoder exhibit Hiaz — Humin

pronounced bimodal distributions [7]. This work employs
Kernel Density Estimation (KDE) to detect bimodality and
applies sign-partition quantization to such layers. We define
Dtimodal(1) € {0,1} as an indicator returned by a KDE-
based peak/valley test on post-Key-Linear activations (details
in supplementary), where Dyimodar(l) = 1 triggers sign-
partition quantization. Based on the above analysis, a complete
SFP is constructed for each quantizable layer [:

SFP(1) = {GSS(1), H(1), Dyimodar (1)}, ®)

SFP characterizes layer-wise quantization properties from two
orthogonal dimensions: task importance and functional type.
Compared to Hessian-based methods, SFP requires only a
single forward-backward pass, significantly improving com-
putational efficiency.

C. Semantic-Driven Bit Allocation and Quantization

Based on the SFP constructed in Section III-B, this sec-
tion presents the SDBA algorithm to achieve layer-adaptive
precision allocation under bit budget constraints.

Composite Sensitivity Score. The multi-dimensional se-
mantic features are fused into a unified bit allocation criterion:

S(l) = a- G(l) + (1 - Oé) : (ﬁ(l) + Dbimodal(l)) ’ (9)
where each component is normalized as follows:

v GSS(I) — GSSpin

= 1
Gl GSSaz — GSShuin €1

(10)

The inverse entropy form ﬁm\v(l) ensures that low entropy
(high sensitivity) maps to high scores, consistent with GSS
semantics. Determined via coarse grid search on a calibra-
tion subset, these parameters yield stable performance across
a € [0.4,0.6], Fig. 3 confirming robustness against overfitting
rather than dependence on specific values.

Greedy Allocation Algorithm and Quantization Strategy.
Given an average bit budget b and a candidate bit set B,
a greedy strategy assigns bit increments to high-sensitivity
layers in descending order of sensitivity, with complexity of
O(Llog L + L - Ab), completing in seconds for SAM-B [22].
To eliminate manual heuristics, we dynamically designate
the top SFP-ranked layers as Semantically Critical Layers
(Leriticar)- Statistical analysis confirms these layers align with
patch embeddings, initial/final encoder blocks, and cross-
attention QKV projections, consistent with the Information
Bottleneck theory, removing protection causes 3.2% mAP
degradation. Two protective measures are applied: (1) bit floor
protection enforcing bit > 8. (2) per-channel quantization
replacing per-tensor quantization. During quantization execu-
tion. Weight quantization employs asymmetric uniform quan-
tization. We apply per-channel quantization to weights for all
layers following common PTQ practice for transformers, and
reserve additional protection to semantically critical layers via
higher bit-width assignment. Activations uniformly adopt per-
tensor asymmetric quantization. Bimodal layers employ sign-
partition quantization. Following common practice, the first



TABLE 11
SEMANTIC SEGMENTATION RESULTS ON ADE20K.

Model Prec. Method REC mloU(%)
FP - - 33.17
W6A6 PTQ4SAM-S X 31.16
W6A6 PTQ4SAM-L v 32.65
SAM-B W6A6 SDA-SAM (ours) X 32.78
W4A4 PTQ4SAM-S X 31.08
W4A4 PTQ4SAM-L v 31.85
W4A4 SDA-SAM (ours) X 32.69

and last layers retain FP16 precision to prevent accumulation
of input-output precision loss [6].

IV. EXPERIMENTS

A. Experimental Setup

Tasks and Datasets. Experiments focus on instance seg-
mentation and semantic segmentation. For instance segmenta-
tion, SAM generates segmentation masks based on bounding
boxes provided by detectors, evaluated on Microsoft Common
Objects in Context (MS-COCO) [23] using mean Average
Precision (mAP). Semantic segmentation is evaluated on
ADE20K [24] using mean Intersection over Union (mloU).

Implementation Details. To ensure a fair comparison,
we follow the standard experimental settings established in
PTQ4SAM [6]. Specifically, we employ per-tensor asymmetric
quantization for activations, per-channel asymmetric quantiza-
tion for weights, keep the first and last layers unquantized, and
use 32 calibration images.

Baseline Methods. Non-reconstruction-based: PTQ4SAM-
S [6], AHCPTQ [25], and our SDA-SAM. Reconstruction-
based: AdaRound [4], QDrop [16], and PTQ4SAM-L [6].

TABLE III
ABLATION STUDY ON SFP COMPONENTS (MAP%).
Configuration W6A6 | W4A4
Baseline 17.4 -
+GSS 33.8 22.1
+GSS+AEA 353 25.2
+GSS+AEA+Bimodal (Full SFP) 36.2 26.9

B. Instance Segmentation Results

We conduct detailed comparisons across different SAM
scales (SAM-B/L/H) and various detectors (Faster R-
CNN [26], YOLOX [27], H-Deformable-DETR [28],
DINO [29]). Results on the COCO dataset are shown in
Table L.

The proposed method demonstrates superior performance
across all configurations. Compared to PTQ4SAM-S, SDA-
SAM achieves nearly twofold mAP improvement on 6-bit
SAM-B (DINO: from 20.4% to 43.3%) and recovers col-
lapsed accuracy to usable levels at 4-bit. Compared to the
reconstruction-based PTQ4SAM-L, our method achieves av-
erage improvements of 1.7% under W6A6 and 6.1% under
W4A4, without requiring iteration. Consistent improvements
on SAM-L and SAM-H further validate the generalization
capability of the proposed method.

6-bit SAM-B: 4-bit SAM-B;
—m Ours  —@— Ours
~=-- Baseline --- Baseline

._____I—__——I—————I-—__.__——|—____-_————1Um

.—_———0””"::;“0——'_-.~—_~‘.-‘~‘.-————.
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a

Fig. 3. Ablation study on composite sensitivity weight a.

C. Semantic Segmentation Results

For semantic segmentation, SegFormer is employed to pro-
vide category labels for SAM masks [30], with results shown
in Table II. Our method achieves 32.78% mloU at 6-bit and
32.69% mloU at 4-bit, both outperforming the reconstruction-
based PTQ4SAM-L.

D. Ablation Studies

Composite Sensitivity Weight Settings. In S({), we vary «
from 0.3 to 1.0. Experiments show that o« = 0.5 is the optimal
choice, and the method achieves satisfactory performance
within the range of 0.4 to 0.6, demonstrating good robustness
of this hyperparameter. Results are shown in Fig. 3.

TABLE IV

ENTROPY THRESHOLD SENSITIVITY ANALYSIS
(W6A6 SAM-B MAP%).

Low-Entropy | High-Entropy | mAP(%)
1.0 3.0 358
1.5 3.0 359
1.5 3.5 36.2
1.5 4.0 36.0
2.0 4.0 35.6

Component Ablation and Efficiency Analysis. The per-
formance of GSS alone, GSS combined with AEA, and the
complete SFP is compared. The complete SFP achieves opti-
mal performance under both precision settings, confirming the
synergistic contribution of each component. Results are shown
in Table III. We further verify that the gains of SDA-SAM
persist when keeping the weight quantization granularity fixed
(per-channel for all layers), indicating improvements mainly
stem from semantic-driven bit allocation. Table IV presents
the entropy threshold sensitivity analysis, demonstrating the
method’s robustness to threshold selection, with optimal per-
formance at the (1.5, 3.5) configuration, in line with Gaussian
Mixture Model (GMM) automatic clustering results.

Without requiring reconstruction or iterative optimization,
SDA-SAM completes semantic profiling and quantization pa-
rameter calibration with a single forward-backward pass. The
calibration process takes about 4 minutes (NVIDIA A100),
compared to approximately 20k iterations and 45 minutes
for PTQ4SAM-L—an order of magnitude improvement in
efficiency, while maintaining superior quantization accuracy.



V. CONCLUSION

This paper proposes SDA-SAM, a semantic-guided dynamic
post-training quantization framework for the Segment Any-
thing Model. Aiming at the problem of semantic-blindness of
existing methods, firstly, the SFP is constructed through the
task-oriented gradient sensitivity component and the entropy-
based attention analysis component to systematically represent
the quantization attributes of each layer. Then, the SDBA
algorithm implements layer adaptive bit configuration. The
proposed method only needs one forward and backward traver-
sal to complete the contour reconstruction, and the calibration
efficiency is improved by about 10-fold compared with the
method based on reconstruction. Experiments on MS-COCO
and ADE20K datasets verify the effectiveness of the proposed
method, and it has significant advantages especially in low-bit
scenarios.Upon accepted publication of this paper, its source
code/data will be made publicly available.

Limitations and Future Work. (1) GSS requires one
backward pass; we plan to explore cheaper sensitivity proxies
(e.g., diagonal Fisher or gradient-free perturbation estimates)
to further reduce calibration cost. (2) Extending SFP to SAM?2
and other foundation models may require revisiting entropy
thresholds and bimodality tests due to architectural changes
in tokenization and attention blocks.
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