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Abstract. Camouflaged object detection (COD) segments objects that
intentionally blend with the background, so predictions depend on subtle
texture and boundary cues. COD is often needed under tight on-device
memory and latency budgets, making low-bit inference highly desirable.
However, COD is unusually hard to quantize aggressively. We study
post-training W4A4 quantization of Transformer-based COD and find
a task-specific cliff: heavy-tailed background tokens dominate a shared
activation range, inflating the step size and pushing weak-but-structured
boundary cues into the zero bin. This exposes a token-local bottleneck—
remove cross-token range domination and bound the zero-bin mass under
4-bit activations. To address this, we introduce COD-TDQ, a COD-
aware Token-group Dual-constraint activation Quantization method.
COD-TDQ addresses this token-local bottleneck with two coupled steps:
Direct-Sum Token-Group (DSTG) assigns token-group scales to sup-
press cross-token range domination, and Dual-Constraint Range Projection
(DCRP) projects each token-group clip range to keep the step-to-dispersion
ratio and the zero-bin mass bounded. Across four COD benchmarks
and two baseline models (CFRN and ESCNet), COD-TDQ consistently
achieves an Sα score more than 0.12 higher than that of the state-of-
the-art quantization method without retraining. The code is available at
https://github.com/MCG-NKU/nku-model-compre.

Keywords: Camouflaged Object Detection · Post-Training Quantiza-
tion · Token-Group Quantization · Dual-Constraint Quantization

1 Introduction

Camouflaged object detection (COD) is typically evaluated as binary mask pre-
diction for objects that intentionally blend into the background. COD models
must rely on subtle texture and boundary cues, so useful evidence often appears
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as small-amplitude yet structured responses [43]. As Transformer [6, 29, 46] en-
coders and multi-stage designs become common [2,4,12,22,37,55,60], COD mod-
els have witnessed significant development [7, 15, 20, 23, 25, 35, 39, 40, 49, 59, 61].
However, with this growth, COD models are becoming more complex, increas-
ing deployment memory and latency costs [5, 26, 44, 45, 53]. At the same time,
COD is increasingly expected to operate under strict memory and latency con-
straints [10,13,41,48], especially for applications on mobile and edge devices. In
this context, it becomes desirable to reduce the computational and storage costs
of models during deployment. One practical solution is to apply post-training
quantization (PTQ), which can effectively reduce memory usage and activation
cost without requiring retraining [3].

In practice, INT8 PTQ is often the default choice [9,52]. Nevertheless, when
deployment budgets are extremely limited, the gains from INT8 can be modest,
and further reductions require moving to ultra-low-bit regimes. This motivates
exploring ultra-low-bit PTQ for COD while maintaining accuracy. In particu-
lar, 4-bit weights and 4-bit activations (W4A4) reduce deployment cost under
a standard protocol [3, 38] without changing the training or inference pipeline.
However, we find that naive W4A4 on Transformer-based COD can collapse
rather than degrade smoothly. This raises a key question: what makes COD
fragile at 4-bit activations, and how can we make W4A4 reliable without retrain-
ing or hardware-specific assumptions?

Transformer PTQ has advanced rapidly, but most pipelines still fall into
a few recurring designs: (i) block-wise reconstruction and rounding to match
FP32 outputs on calibration data [24,50,56], (ii) range re-parameterization and
smoothing to mitigate heavy-tailed activations [51], and (iii) finer granularity via
grouping or adaptive scales [33]. These strategies are largely layer or block-centric
and optimize average fidelity. In COD at W4A4, the dominant failure is token-
local: token-wise activation heterogeneity lets background tokens dominate the
range and increase the zero-bin mass, which layer-wise fitting or reconstruction
does not explicitly bound.

We trace the W4A4 cliff to a coupled collapse mechanism of range domi-
nation and zero-bin mass (Fig. 1). Background tokens with heavy-tailed ac-
tivation spikes can dominate a shared clipping range, inflating the step size ∆
and coarsening quantization for most tokens (Fig. 1). Under rounding-to-nearest,
weak yet structured boundary responses fall into the zero bin, yielding a high
ρ0 = P(|xboundary| ≤ ∆/2). Once zeroed, subsequent attention mixing cannot re-
cover the missing signed evidence. The collapse is activation-dominated (W4A8
stays close to FP32 while W4A4 fails on CFRN [42], as shown in Tab. 1), sug-
gesting that COD needs token-local range control that explicitly bounds both
the resolution ratio η = ∆/σ and the zero-bin mass ρ0 (Fig. 3).

Based on diagnosis, we propose COD-TDQ, a COD-aware dynamic activa-
tion quantization framework for W4A4 Transformer-based COD. COD-TDQ re-
mains purely PTQ (no retraining) and is hardware-agnostic. It combines Direct-
Sum Token-Group (DSTG) to assign token-group activation scales and re-
move cross-token range domination, and Dual-Constraint Range Projection
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Fig. 1: COD-specific W4A4 failure. Naive W4A4 inflates a shared clipping range,
producing a coarse step size and high zero-bin mass that erases weak boundary evi-
dence. The inset summarizes representative diagnostics (cg,∆, ρ0) and the associated
Sα collapse/recovery on CFRN/NC4K (rounded to three decimals).

Table 1: Motivating observation on NC4K (CFRN backbone).

Setting Sα ↑ Fω
β ↑ Em ↑ Fm

β ↑ MAE↓

FP32 (baseline) .888 .850 .941 .880 .030
W8A8 (naive) .887 .850 .940 .879 .030
W4A8 (naive) .882 .841 .936 .872 .032
W4A4 (naive) .443 .089 .344 .348 .151

(DCRP) to project each token-group range so that the step ratio η and the
zero-bin mass ρ0 stay in a stable regime. Across four COD benchmarks and
two Transformer COD models (CFRN and ESCNet [54]), we perform compre-
hensive and extensive evaluations of COD-TDQ. The results consistently show
that COD-TDQ significantly surpasses representative PTQ baselines under the
same W4A4 quantization protocol, delivering over 0.12–0.14 improvements in
Sα (CFRN) compared with the state-of-the-art quantization approach without
retraining.

Our contributions can be summarized as follows:

– We provide a mechanism-driven diagnosis of COD-specific W4A4 collapse,
centered on range domination and zero-bin mass collapse, with diagnos-
tic metrics of ∆, η and ρ0, respectively.

– We propose COD-TDQ, which stabilizes W4A4 activation ranges via (i)
Direct-Sum Token-Group scaling (DSTG) to suppress range domination,
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and (ii) Dual-Constraint Range Projection (DCRP), which enforces step-
to-dispersion and zero-bin-mass constraints to bound η and ρ0.

– We establish a unified W4A4 PTQ benchmark for COD across four datasets
and provide diagnostic metrics (i.e., ∆, η, ρ0) that explain baseline failures,
facilitating future research on COD quantization.

2 Related Work

PTQ for Transformers and Segmentation Models. We focus on W4A4
PTQ for Transformer-based COD and relate our work to recent advances in
Transformer PTQ. PTQ aims to convert pretrained networks to low precision
without retraining, typically combining weight quantization with activation range
selection using a calibration set and local reconstruction [21,58]. For vision trans-
formers(ViT) [6], PTQ4ViT [56] exemplifies block-level calibration and recon-
struction to make projections quantizable. Subsequent methods such as RepQ-
ViT [24] and FIMA-Q [50] further reduce the quantization-induced representa-
tion drift by improving feature fidelity. Optimization-based rounding (AdaRound [34]),
block reconstruction with scheduling (BRECQ [11]), and calibration regulariza-
tion (QDrop [47]) which minimize reconstruction error around the calibration
distribution. PQ-SAM [27] and PTQ4SAM [30] study PTQ strategies tailored
to the Segment Anything Model (SAM), emphasizing sensitive pathways in at-
tention and normalization and the interaction between prompt encoders and
mask decoders. But the COD setting differs: informative signals often appear
as small-amplitude, structured boundary responses embedded in background-
driven heavy tails. This shifts the bottleneck from global fidelity to preserving
weak token-local cues under aggressive activation quantization.

Token Sensitivity and Activation Heterogeneity. Ultra-low-bit quan-
tization is particularly sensitive to heavy-tailed activations and heterogeneous
statistics. ORQ-ViT [14] explicitly handles outliers to prevent a small number
of extreme values from dominating the clipping range, while NoisyQuant [28]
introduces noise and perturbation modeling to better match non-Gaussian acti-
vation behaviors. SmoothQuant [51] re-parameterizes activations and weights to
ease activation quantization by shifting difficulty to weights, and AHCPTQ [57]
treats activation heterogeneity as a first-class issue in calibration. The post-
GELU token-based dynamic bit-width assignment [17] is representative in ex-
ploiting token statistics to decide where additional precision is needed. Such
methods provide useful insight that token distributions are highly non-uniform,
yet their main lever is changing the bit-width. IGQ-ViT [33] and ADFQ-ViT [16]
explore adaptive grouping strategies to refine quantization granularity beyond
a single global scale. Despite their different mechanisms, most of these methods
still operate with shared ranges at the layer and block level and evaluate primar-
ily on classification. Under COD at W4A4, the critical failures are token-local:
weak boundary evidence can collapse into the zero bin, which is not directly
implied by outlier suppression or average reconstruction fidelity. In our setting,
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the quantization budget is fixed (W4A4) under a standard quantization proto-
col, so the dominant requirement becomes stabilizing 4-bit activations without
relying on dynamic bit-width execution. Bit allocation alone does not prevent
token-local inflation or guarantee that minority boundaries avoid zeroization.

Architecture-aware error control. Cross-domain PTQ designs highlight
the importance of structural constraints: ARCQuant [32] tailors quantization
to residual and attention structures on NVFP4 [1], and QuaRTZ [18] empha-
sizes controlling error accumulation and sparsity patterns. While these ideas
motivate architecture-aware quantization, they are not formulated around dense
prediction failures driven by token-local activation range selection. In COD
under W4A4, cross-token range domination inflates the quantization step for
most tokens, and zero-bin mass collapse erases weak-but-structured boundary
cues. COD-TDQ addresses this gap with token-local, channel-group-wise activa-
tion quantization (DSTG) and a dual-constraint range projection (DCRP) that
bounds both the step-to-dispersion ratio and the zero-bin mass.

3 W4A4 Fragility Diagnosis for COD

This section provides a diagnosis for why Transformer-based COD is unusually
fragile under post-training W4A4. The collapse forms a coupled loop: background-
dominated activation statistics inflate a shared range and step size, which in-
creases the zero-bin mass and erases weak boundary cues that COD relies on.

3.1 Preliminaries

The failure mechanism is easiest to expose under a conventional tensor-wise
activation quantizer that shares a single range across all tokens. This subsection
defines the diagnostic variables used throughout the analysis.

Consider an activation tensor X ∈ RT×C from a single layer and a single
input sample, where T indexes tokens and C indexes channels. Let xc denote an
element. A symmetric a-bit uniform quantizer selects a tensor-wise clip radius
c > 0 and uses the integer grid qmin = −2a−1 and qmax = 2a−1 − 1. For W4A4
activations, a = 4 so qmax = 7. The corresponding step size is ∆ = c/qmax.
Under rounding-to-nearest, the dequantized value satisfies x̂c = 0 if and only if
|xc| ≤ ∆/2. Four scalar diagnostics summarize the key effects.

Global clip factor cg. To compare clip ranges across layers with different
scales, the clip radius is normalized by the tensor dispersion. Let σg = Std(X)+ε
denote the standard deviation over all TC elements, where ε > 0 is a small
constant. The normalized global clip factor is

cg ≜
c

σg
, ∆ ≜

c

qmax
, η ≜

∆

σA
. (1)

Larger cg indicates that a wider range is allocated relative to the typical tensor.
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Fig. 2: Reduces cross-token scale interference. (a–c) Token-wise range dispar-
ity under FP32, naive W4A4, and DSTG: token-group scaling mitigates background-
dominated range inflation. (d–e) Boundary-region activation magnitudes before/after
quantization: naive W4A4 collapses many small responses to zero, while COD-TDQ
preserves them, reducing the zeroed-activation fraction from 41.6% to 14.2%.

Step size ∆. The step size is the quantization resolution within the unclipped
region. For tensor-wise symmetric quantization, it is defined above, where qmax

is the maximum representable quantized magnitude.
Step-to-dispersion ratio η. A small absolute step can still be coarse for weak

cues. For a selected activation set A with dispersion σA = Std(A) + ε, the
resolution ratio is defined above.A is instantiated as boundary-heavy activations.

Zero-bin mass ρ0. For a set of activations A, the zero-bin mass is the frac-
tion of elements that quantize to zero, where the probability view refers to the
empirical distribution of the selected activations:

ρ0 ≜
1

|A|
∑
x∈A

1(x̂ = 0) = P
(
|x| ≤ ∆

2

)
. (2)

3.2 Range Domination

COD is intentionally low-contrast, so useful evidence often takes the form of
small-amplitude but spatially structured responses. At the same time, the token
population is dominated by diverse backgrounds. This imbalance creates strong
token-wise activation heterogeneity. A tensor-wise quantizer couples all tokens
through a single clip radius c. A small number of heavy-tailed background spikes
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Fig. 3: DCRP prevents zero-bin mass collapse. DCRP projects each token-group
clip radius to satisfy a step-to-dispersion bound and a zero-bin mass bound. The frac-
tion of non-boundary token-groups exceeding the step-to-std threshold drops from
72.60% (pre-projection) to 0.00% after C1, and the fraction with pre-projection ρ0 > zr
drops from 98.36% (naive W4A4) to 20.87% under COD-TDQ statistics.

can therefore dominate the range selection, increase c, and enlarge the step size
∆ in Eq. (1). Cross-token heterogeneity is summarized by the range disparity

D(X) =
maxc |xc|

mediant medianc |xc|
, (3)

which becomes large when a small fraction of tokens carries extreme magnitudes.
The shared range is set by outliers rather than by the majority of tokens, so most
tokens are quantized with an overly coarse resolution. W4A4 amplifies the token-
wise range disparity D(X) due to background spikes (Fig. 2), whereas token-
group scaling (Sec. 4.2) markedly suppresses the cross-token range inflation.

3.3 Zero-bin Mass Collapse

Coarse step size becomes catastrophic in COD by increasing the zero-bin mass
on boundary-heavy activations. Range domination becomes destructive in COD
because the task depends on weak boundary cues. Once the global step size
becomes coarse, many of these cues fall into the zero bin and disappear.

Under rounding-to-nearest, x̂ = 0 holds when |x| ≤ ∆/2. The zero-bin mass
in Eq. (2) therefore increases monotonically with ∆ for any fixed activation
distribution. For boundary-heavy activations, the increase is often steep because
boundary responses cluster near zero. After zeroization, subsequent attention
mixing and linear projections cannot recreate the missing signed evidence, since
the input to those operations is exactly zero. This creates a token-local bottleneck
that manifests as a global mask failure. Naive W4A4 places many token-groups
in an unstable regime with overly large step-to-dispersion ratio η and excessive
zero-bin mass ρ0, motivating explicit control of both diagnostics (Fig. 3).
Evidence from Mechanism Diagnostics. The diagnosis is linked to mea-
surable forward-pass signals and to the representative numbers reported in Fig. 1.
The coupled range-domination and zero-bin mass loop is measurable during for-
ward passes. Fig. 1 reports representative diagnostics on CFRN evaluated on
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NC4K. Naive W4A4 increases the failure signals together with the accuracy
collapse. The bit-width diagnostic in Tab. 1 supports this view.

Naive W8A8 and W4A8 remain close to FP32, while naive W4A4 collapses
sharply. Specifically, Tab. 1 shows that Sα drops from 0.888 (FP32) to 0.443
(naive W4A4), while the global clip factor increases from cg = 2.794 to 5.121,
the step size inflates from ∆ = 0.404 to 3.651, and the zero-bin mass rises
from ρ0 = 0.141 to 0.418. The same figure shows that COD-TDQ brings the
diagnostics back toward the FP32 regime, with Sα = 0.837, cg = 3.114, ∆ =
0.565, and ρ0 = 0.191 under W4A4, as shown in Fig. 1.

These measurements isolate two requirements for reliable W4A4 COD. First,
range selection must be token-local to prevent background tokens from dominat-
ing the dynamic range. Second, the quantizer must explicitly control zeroization
for boundary-heavy activations. Sec. 4 operationalizes these requirements with
token-group ranges (DSTG) and dual-constraint range projection (DCRP). De-
tailed testable predictions and measurement protocols are provided in Supp.
Sec. S2.5. The dominant failure factor is therefore 4-bit activations rather than
4-bit weights.

Static Symmetric Weight Quantization. Weights are quantized once with
standard symmetric uniform quantization and remain fixed during inference.
Activation robustness is dominated by the activation-side design in Sec. 4.2.
Let W ∈ RO×I denote a weight matrix with output dimension O and input
dimension I. Let s ∈ RO denote per-output-channel scales with so > 0. We use
broadcasted division: (W/s)o,i = Wo,i/so. Weight quantization is

Qw(W ) = clip
(
⌊W/s⌉, qwmin, q

w
max

)
, Ŵ = s⊙Qw(W ), (4)

where ⊙ denotes element-wise multiplication with broadcasting along I. Packing
and storage are implementation details and are summarized in Supp. Sec. S1.2.

4 Method

This section specifies post-training simulated quantization under W4A4 and de-
tails COD-TDQ, a token-local activation quantization framework for Transformer-
based camouflaged object detection. The design follows the fragility diagnosis
in Sec. 3 by suppressing cross-token range domination and by explicitly control-
ling the 4-bit step size and the induced zero-bin mass.

4.1 Overview of COD-TDQ

Guided by the fragility diagnosis in Sec. 3, COD-TDQ treats COD quantization
stability as a token-local range selection problem, aiming to suppress cross-token
range domination and to explicitly control the 4-bit step size and the induced
zero-bin mass. To this end, COD-TDQ introduces two coupled modules—
DSTG and DCRP—that operate at the token-group granularity and are de-
tailed in Sec. 4.2 and Sec. 4.3, (Fig. 4). Forward pseudocode is given in the
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Fig. 4: COD-TDQ (DSTG and DCRP) pipeline overview.

supplements. Fig. 2(d–e) shows the practical payoff of this token-local design:
compared to naive W4A4, COD-TDQ preserves many weak boundary activa-
tions that would otherwise be rounded into the zero bin.

Symmetric uniform quantization. The operator clip(·) clips element-wise to a
closed interval. The notation ⌊·⌉ denotes rounding to the nearest integer. Given
a clip radius c > 0, the step size is ∆ = c/qmax. A scalar x is clipped to
x̃ = clip(x,−c, c), quantized as q = clip(⌊x̃/∆⌉, qmin, qmax), and dequantized
as x̂ = ∆q. A small constant ε > 0 avoids degenerate steps in implementation.
COD-TDQ targets the dominant projection operators, namely Linear layers in
attention and MLP blocks and Conv layers when present. Full operator coverage
and implementation details are listed in Supp. Sec. S1.1.

COD-TDQ instantiates token-local range selection with two coupled mod-
ules. DSTG localizes scaling to token groups to remove cross-token range domina-
tion. DCRP then projects each group range so that discretization and zeroization
remain bounded under 4-bit activations. DSTG (Direct-Sum Token-Group)
partitions each token vector into fixed-size channel groups and assigns each group
its own activation range. DCRP (Dual-Constraint Range Projection) adjusts
each group range with two constraints that control the step-to-dispersion ratio
and the zero-bin mass. We next detail DSTG in Sec. 4.2, and then introduce
DCRP in Sec. 4.3 to complete the token-group W4A4 quantizer.

4.2 Direct-Sum Token-Group

Token-wise activation heterogeneity in COD lets heavy-tailed background tokens
dominate this shared range, inflating the step size and increasing the zero-bin
mass on boundary-heavy activations, as discussed in Sec. 3. This cross-token
coupling motivates a token-local range assignment that decouples background-
driven outliers from the majority of tokens. In response, DSTG assigns a dedi-
cated activation range to each token-group, which prevents background tokens
from dictating a shared clipping range. DSTG decomposes each token into groups
and performs uniform quantization.
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Direct-Sum Token-Group Decomposition. For a token vector x ∈ RC , chan-
nels are grouped into blocks of size g. If C is not divisible by g, the vector is
zero-padded on the channel dimension to Cpad = g⌈C/g⌉.

x =

K⊕
k=1

xk, xk ∈ Rg, K =
Cpad

g
, (5)

cbase
k =

{
∥xk∥∞, without percentile clipping,
Qp

(
|xk|

)
, with percentile p ∈ (0, 1],

(6)

The padded token is decomposed as Eq. (5). Where ⊕ denotes concatenation
along the channel dimension. Padding is removed after dequantization. A base
clip radius cbase

k > 0 is estimated from the magnitudes of the group vector xk

as Eq. (6). Where ∥ · ∥∞ is the max-absolute norm and Qp is the empirical
p-quantile over the g elements of |xk|. Token-group scaling plays an important
role. Let cglobal = maxk c

base
k denote a per-tensor radius used by a shared-range

quantizer. Let σk = Std(xk) + ε denote the within-group standard deviation,
computed over the g elements. The corresponding step-to-dispersion ratio under
a shared range satisfies

cglobal

qmaxσk
≫ cbase

k

qmaxσk
(7)

whenever cglobal is dominated by outliers from other tokens or groups. Such
cross-token interference is frequent in COD and motivates token-group ranges.

Uniform signed quantization per token-group. Given the final clip radius ck
after DCRP (Sec. 4.3), DSTG applies signed uniform quantization within the
group:

∆k = max

(
ck

qmax
, ε

)
, x̃k = clip(xk,−ck, ck), (8)

qk = clip
(⌊

x̃k/∆k

⌉
, qmin, qmax

)
∈ Zg, x̂k = ∆k qk. (9)

The quantized token is reconstructed as x̂t =
⊕

k x̂k, and the padded dimensions
are removed to recover C channels.

4.3 Dual-Constraint Range Projection

DSTG removes cross-token coupling, but a single token-group is still heavy-tailed
and inflates its own range. DCRP therefore projects each group radius to satisfy
two stability constraints that directly control discretization and zeroization.
Constraint C1: step-to-dispersion bound. The first constraint upper-bounds
the step-to-dispersion ratio by a user-specified τ > 0 (σk = Std(xk) + ε).

ηk ≜
∆k

σk
≤ τ ⇐⇒ ck ≤ c

(τ)
k ≜ qmaxτσk. (10)
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Constraint C2: zero-bin mass bound. Under rounding-to-nearest, an ele-
ment quantizes to zero if |x| ≤ ∆/2. The empirical zero-bin mass is

ρ0,k ≜
1

g

g∑
i=1

1

(
|xk,i| ≤

∆k

2

)
, ck ≤ c

(zr)
k ≜ 2qmax Qzr

(
|xk|

)
. (11)

A target bound zr ∈ (0, 1) limits zeroization by enforcing ρ0,k ≤ zr. Let
Qzr(|xk|) denote the empirical zr-quantile of the g magnitudes in the group. The
condition ρ0,k ≤ zr is satisfied when ∆k/2 ≤ Qzr(|xk|), which yields the bound
on ck shown above. The feasible interval for the clip radius and the corresponding
projection are

Ck =
(
0, min{c(τ)k , c

(zr)
k }

]
, ck = ΠCk

(
cbase
k

)
= min

(
cbase
k , c

(τ)
k , c

(zr)
k

)
.

(12)
We then set ck ← max(ck, ε). By construction, the projected radius satisfies

ηk ≤ τ, ρ0,k ≤ zr (up to empirical-quantile discretization). (13)

As illustrated in Fig. 3, the projection in Eq. (12) sharply reduces the fraction of
token-groups violating the C1/C2 bounds on (ηk, ρ0,k), preventing zero-bin mass
collapse in practice. The clipping and rounding trade-off, together with rounding-
noise bounds implied by Constraint C1, are provided in Supp. Sec. S2.3.

Putting the two modules together. DSTG removes cross-token range domina-
tion by assigning token-group ranges (Eq. (7)). DCRP prevents each group from
drifting into an unstable W4A4 regime where the step is too coarse or where
zeroization is excessive (Eq. (13)). This combination directly targets the failure
loop analyzed in Sec. 3 and is validated by diagnostics in Sec. 5.4.

5 Experiments

5.1 Experimental setup

Datasets. We evaluate on four standard COD benchmarks: CAMO [19] (1000
train / 250 test), CHAMELEON [36] (76 images), COD10K [8] (test split with
2026 images), and NC4K [31] (4121 images). Unless stated otherwise, we report
results on the official test splits using the original image resolutions and the
evaluation protocols released by prior COD work. Following COD conventions
[8], we report five metrics: Sα (structure measure), Fω

β (weighted F-measure),
Em (mean E-measure), Fm

β (max F-measure), and MAE. For Sα, F
ω
β , Em, Fm

β ,
higher is better, while lower MAE indicates better mask quality.

Models. We primarily study CFRN [42], a strong Swin-based COD model
with Transformer encoder blocks and a COD-specific decoder. We also evaluate
on ESCNet [54], a Pyramid Vision Transformer (PVT)-style Transformer COD
model with edge/texture collaboration modules.
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Table 2: W4A4 post-training quantization results on CFRN.

Method CAMO CHAMELEON COD10K NC4K

Sα Fω
β Em Fm

β MAE Sα Fω
β Em Fm

β MAE Sα Fω
β Em Fm

β MAE Sα Fω
β Em Fm

β MAE

Full Precision & Naive Quantization

FP32 .876 .844 .934 .877 .042 .912 .875 .961 .898 .019 .870 .795 .939 .835 .022 .888 .850 .941 .880 .030
Naive W8A8 .875 .843 .933 .876 .042 .912 .875 .961 .897 .019 .869 .795 .938 .834 .022 .887 .850 .940 .879 .030
Naive W4A8 .864 .826 .923 .861 .047 .906 .863 .959 .886 .021 .858 .776 .931 .818 .024 .882 .841 .936 .872 .032
Naive W4A4 .418 .061 .314 .332 .182 .447 .083 .351 .316 .141 .471 .071 .376 .242 .093 .443 .089 .344 .348 .151

Existing PTQ Methods

NoisyQuant .408 .112 .498 .331 .190 .443 .120 .574 .318 .150 .474 .101 .380 .248 .095 .450 .173 .324 .341 .124
PTQ4ViT .410 .061 .352 .318 .181 .440 .080 .380 .321 .140 .479 .070 .393 .252 .091 .456 .081 .340 .355 .153
ORQ-ViT .415 .069 .303 .321 .181 .448 .083 .356 .316 .141 .489 .086 .364 .240 .092 .440 .081 .332 .344 .151
post-GELU .403 .093 .469 .319 .185 .449 .084 .466 .318 .147 .480 .073 .544 .259 .084 .450 .094 .502 .352 .156
SmoothQuant .397 .118 .526 .321 .140 .445 .104 .558 .328 .140 .490 .073 .565 .249 .091 .452 .108 .543 .342 .157
PQ-SAM .464 .228 .511 .398 .121 .465 .190 .499 .317 .150 .483 .131 .462 .243 .089 .474 .211 .508 .351 .154
QuaRTZ .416 .054 .309 .324 .182 .447 .083 .353 .319 .140 .471 .070 .371 .243 .093 .441 .084 .337 .350 .151
AHCPTQ .417 .060 .313 .329 .182 .449 .086 .364 .320 .141 .471 .070 .374 .243 .093 .442 .086 .340 .345 .151
ARCQuant .534 .510 .657 .629 .117 .593 .464 .619 .572 .096 .640 .455 .676 .570 .079 .683 .569 .711 .674 .097
FIMA-Q .595 .549 .659 .553 .130 .603 .476 .682 .551 .096 .611 .452 .698 .518 .076 .663 .572 .733 .629 .089
PTQ4SAM .671 .591 .740 .653 .106 .605 .461 .645 .518 .095 .665 .540 .760 .584 .072 .702 .632 .761 .660 .082
IGQ-ViT .674 .601 .748 .658 .113 .692 .607 .763 .659 .069 .670 .538 .778 .592 .069 .710 .651 .776 .688 .080
RepQ-ViT .676 .608 .750 .656 .099 .701 .622 .774 .672 .067 .676 .549 .779 .599 .062 .718 .651 .783 .691 .072

Ours .813 .724 .864 .795 .070 .862 .758 .904 .823 .040 .802 .649 .864 .736 .038 .837 .747 .884 .817 .052

Table 3: W4A4 post-training quantization on ESCNet. We bold the best results
and underline the second-best results, including ties, among all PTQ methods.

Method Baselines Existing PTQ Methods Ours

FP32 W8A8 W4A8 ORQ GELU PQ Noisy PTQ4V FIMA PTQ4S IGQ RepQ COD-TDQ

Sα ↑ .893 .893 .888 .576 .581 .609 .714 .723 .748 .768 .818 .818 .881
Fω

β ↑ .864 .864 .858 .368 .375 .429 .651 .658 .662 .701 .727 .751 .849
Em ↑ .945 .945 .941 .562 .566 .607 .803 .818 .821 .843 .878 .883 .936
Fm

β ↑ .887 .887 .883 .459 .467 .526 .684 .700 .710 .741 .790 .791 .876
MAE↓ .028 .028 .029 .120 .119 .111 .093 .080 .078 .062 .055 .052 .031

Quantization protocol. We focus on W4A4, and use W8A8/W4A8 only as
diagnostic references to localize the failure source. Weights are quantized once
with symmetric uniform quantization (Sec. 3.1). All comparisons are accuracy-
centric under the same evaluation pipeline. In all experiments, we apply COD-
TDQ to Linear/Conv operators, while quantizing LayerNorm/Softmax with a
conventional FP16 routine. We use a single hyperparameter setting shared across
all datasets and both CFRN/ESCNet baselines: g = 32, τ = 1.0, and zr = 0.2.

Baselines and reproduction. We compare COD-TDQ against representa-
tive Transformer PTQ methods and cross-domain PTQ transfers listed in Tab. 2
and Tab. 3. For baselines that require offline calibration, we use a 128-image cal-
ibration set. All results are obtained under the same evaluation codebase with
identical preprocessing and post-processing as the original FP32 models. All
quantization methods operate on the same set of quantized layers for fairness.

5.2 Main results on CFRN

Bit-width sensitivity supports the COD-specific failure diagnosis. Across all four
datasets, naive W4A8 stays close to FP32 (average Sα: 0.8776 vs. 0.8864 for
FP32), while naive W4A4 collapses severely (average Sα: 0.4448, average MAE:
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Table 4: Ablation studies on NC4K dataset. Comparison of components on
CFRN (left) and ESCNet (right) baselines. Best results are in bold.

Method
CFRN Backbone

Sα ↑ Fω
β ↑ Em ↑ Fm

β ↑ MAE↓

Naive W4A4 .443 .089 .344 .348 .151
Per-tensor .407 .093 .513 .185 .209
DSTG only .451 .180 .532 .241 .270
DCRP only .435 .174 .504 .228 .307

Ours .837 .747 .884 .817 .052

Method
ESCNet Backbone

Sα ↑ Fω
β ↑ Em ↑ Fm

β ↑ MAE↓

Naive W4A4 .576 .368 .562 .459 .120
Per-tensor .597 .378 .548 .448 .111
DSTG only .617 .416 .579 .488 .106
DCRP only .771 .684 .805 .744 .062

Ours .881 .849 .936 .876 .031

0.1417). This pattern localizes the dominant failure factor to 4-bit activations,
consistent with Sec. 3. COD-TDQ achieves the best W4A4 accuracy on CFRN
across all datasets (Tab. 2). Compared to the strongest W4A4 baselines, COD-
TDQ improves Sα by +11.8 to +16.1 points and reduces MAE by 0.008 to
0.020 absolute. On NC4K, COD-TDQ reaches Sα = 0.8365 with MAE 0.0520,
while the best baseline (RepQ-ViT [24]) attains Sα = 0.7182 with MAE 0.0715.

PTQ4ViT [56] targets ViT quantization with twin uniform quantization and
Hessian-guided scale selection, but its shared scale assumption is brittle un-
der COD token heterogeneity. FIMA-Q [50] and RepQ-ViT [24] improve recon-
struction fidelity, yet remain layer/block-centric and do not explicitly bound
token-local (η, ρ0), leaving a consistent gap to COD-TDQ. Channel grouping or
bit-width allocation. IGQ-ViT [33] alleviates channel-level outliers but does not
remove cross-token interference, hence remains limited by token-local zeroiza-
tion. post-GELU [17] assigns dynamic bit-widths, but without correcting token-
wise scale mismatch or bounding ρ0, it still fails under fixed W4A4. Outlier-
centric methods. Outlier suppression or noise injection does not directly prevent
boundary cues from collapsing into the zero bin when ∆ is coarse (Tab. 4). Ac-
cordingly, ORQ-ViT [14] and NoisyQuant [28] remain far from FP32 on CFRN,
and SmoothQuant [51] is mainly effective in higher-activation-bit regimes. Trans-
ferred PTQ methods target different activation pathologies and do not explicitly
intervene on COD token-wise heterogeneity and boundary-sensitive zeroization.
COD-TDQ differs by enforcing token-group constraints on Eq. (13).

5.3 Transferability to ESCNet

COD-TDQ generalizes across Transformer backbones. On ESCNet, naive W4A4
also degrades sharply. COD-TDQ restores ESCNet to near-lossless W4A4 per-
formance. Full W4A4 tables on all datasets are in Supp. Sec. S3.3. RepQ-ViT
and IGQ-ViT remain strong, but their channel-wise mechanisms do not prevent
token-local zeroization. In contrast, COD-TDQ applies token-group constraints.

On CFRN, removing token-local scaling (Per-tensor) exposes severe cross-
token range domination and does not recover W4A4 performance. DSTG only
also fails when local clip radii are still inflated by tails, consistent with the zero-
bin mass collapse diagnosis (Sec. 3). DCRP only in attention yields limited gains
because unstable ranges in MLP projections can still erase boundary evidence.
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Fig. 5: Qualitative comparison. The first column shows the input image and the
GT mask. The remaining columns present the prediction masks produced by different
quantization methods (RepQ-ViT, IGQ-ViT, PTQ4SAM). For each example, the two
rows correspond to results obtained with the CFRN and ESCNet baselines, respectively.

Only DSTG + DCRP consistently restores COD masks. On ESCNet, DCRP
provides strong stabilization, and DSTG closes the remaining gap. On ESCNet,
DCRP only already recovers a large portion of W4A4 accuracy, confirming that
bounding ∆/σ and ρ0 targets the dominant error mode. Adding DSTG further
improves accuracy and reduces MAE, showing the complementarity of local scale
alignment and constraint-based projection.

5.4 Qualitative Analysis

We visualize COD-TDQ’s two components with mechanism-level diagnostics:
DSTG reduces cross-token scale interference (Fig. 2) and DCRP enforces token-
group stability bounds on η = ∆/σ and ρ0 (Fig. 3).

Fig. 5 compares representative masks on challenging scenes (weak bound-
aries, textured backgrounds). Naive W4A4 often degenerates into nearly uni-
form predictions or fragmented responses. Strong ViT PTQ baselines (RepQ-
ViT, IGQ-ViT) partially recover coarse structure but still miss fine contours.
COD-TDQ produces masks closest to FP32, particularly on thin boundaries
and low-contrast foreground regions.

5.5 Real INT4 Deployment

We further benchmark end-to-end CFRN inference using a Triton-based INT4
path on a single NVIDIA RTX 4090. We use 384 × 384 inputs and batch size
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Table 5: Runtime efficiency comparison on CFRN.

Method Weight (MB)↓ FPS (img/s)↑ Latency (ms/img)↓ Peak Memory (MB)↓

FP32 775.40 29.40 34.02 1421.31
Naive W4A4 108.30 43.95 22.75 843.30
PTQ4SAM 108.13 43.83 22.82 848.80
RepQ-ViT 108.15 44.18 22.64 844.67
IGQ-ViT 108.14 44.19 22.63 852.23

COD-TDQ 108.19 44.21 22.61 834.92

4. Latency is averaged per image, and memory denotes peak allocated GPU
memory.

As shown in Tab. 5, COD-TDQ reaches 44.21 FPS and 22.61 ms/image,
corresponding to a 1.50× throughput gain over FP32, while reducing the de-
ployment artifact from 775.40 to 108.19 MB and peak memory from 1421.31 to
834.92 MB. Its runtime is also comparable to the other W4A4 methods. Rel-
ative to the implementation without DSTG (44.48 FPS), DSTG incurs only a
0.27 FPS (0.6%) overhead. The Triton path covers 69.73% of quantized opera-
tors. The ideal packed INT4 weights occupy 97,065,266 bytes. Scale tensors and
indexing metadata add 326,632 and 4,364 bytes, respectively, giving only 0.341%
combined storage overhead. DSTG uses contiguous token-group/channel-group
scale indices and requires neither sorting nor an additional activation pass.

6 Conclusion

Camouflaged object detection (COD) attains high accuracy, yet Transformer-
based COD models remain costly for mobile and edge deployment. Post-training
quantization (PTQ) with 4-bit weights and activations (W4A4) is appealing.
However, COD exhibits a pronounced, task-specific accuracy cliff. We trace this
degradation mainly to 4-bit activations: token-wise heterogeneity and heavy-
tailed background tokens dominate a shared clipping range, enlarge the step size,
and suppress weak but structured boundary cues. To counter this mechanism
without retraining, we propose COD-TDQ, integrating Direct-Sum Token-Group
scaling (DSTG) with Dual-Constraint Range Projection (DCRP). COD-TDQ
bounds both the discretization strength and zero-bin mass per token group.
We anticipate this work will foster deployment-friendly COD quantization and
inspire further study of tighter constraints, decoder diagnosis, cross-architecture
generalization, and low-cost adaptation.
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