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Abstract: Objective Post-training quantization (PTQ) is attractive for real-time object detection because it can be applied
after model training and does not require task-level retraining. Yet this advantage is difficult to maintain for detection Trans-
formers. In RT-DETR, multi-scale feature fusion, query interaction, and box regression are tightly coupled, so quantiza-
tion noise introduced at one stage is easily amplified by later computations. Existing post-training pipelines usually quan-
tize weights and activations as if they were largely separable sources of error: weights are discretized by static parameter sta-
tistics, activations are calibrated by fixed distribution summaries, and the final degradation is treated as an unavoidable
consequence of low-bit deployment. This assumption is especially problematic for RT-DETR. Under ultra-low-bit settings,
weight-side discretization shifts operator responses, activation-side discretization further distorts already perturbed fea-

tures, and the compounded error is propagated through encoder-decoder interaction and prediction heads. The result is a
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sharp collapse in detection accuracy, particularly at 4 bit precision. This study therefore aims to develop a training-free and
deployment-oriented quantization framework for RT-DETR that suppresses coupled weight-activation error accumulation
while preserving efficiency, stability, and usable low-bit detection performance. Method The proposed WCAQ framework
is implemented as a complete post-training workflow rather than as an isolated quantization scheme. Starting from a pre-
trained floating-point RT-DETR model, the pipeline performs structure fusion, quantized module replacement, calibra-
tion, fake quantization enablement, optional layer-wise reconstruction, and final validation, without entering a training
loop. On the weight side, WCAQ adopts grouped pseudo-quantization. In the current implementation, convolutional and
linear weights are reshaped and quantized group by group, using fixed-size local groups to reduce the sensitivity of low-bit
mapping to outliers and heterogeneous parameter distributions. This design suppresses static discretization error more effec-
tively than a single global scale. On the activation side, WCAQ uses a sample-aware adaptive quantizer based on adaptive
step-size quantization (ASQ). The effective activation scale is obtained from a learnable base scale multiplied by a sample-
dependent modulation factor generated from current feature statistics, and this factor is-explicitly bounded to maintain
numerical stability. The activation path is also structured carefully: fake quantization is placed at the output of convolu-
tional and linear operators rather than at the input, so the core mapping operates on less disturbed features before discretiza-
tion is applied. In addition, the framework protects highly sensitive branches by excluding modules related to sampling off-
sets, attention weights, score heads, and bounding-box prediction heads from aggressive quantization when necessary.
After dual-side quantization is established, WCAQ applies lightweight layer-wise reconstruction using floating-point layer
outputs as teacher targets. In the present implementation, reconstruction is performed with 200 iterations and a small recon-
struction batch size, so recovery remains substantially lighter than retraining-based correction. Overall, the method real-
izes three explicit forms of cooperation: grouped weight quantization and dynamic activation scaling cooperate functionally,
output-side activation quantization and reconstruction cooperate along the error propagation path, and main-path quantiza-
tion cooperates structurally with sensitive-branch protection. Result Experiments were conducted on COCO 2017 using RT-
DETR with a ResNet-18 backbone (RT-DETR-R18). The full-precision baseline achieved 46. 40% AP. Under WCAQ,
the detector reached 46.2% AP at 8 bit, 44. 8% AP at 6 bit, and 28. 0 % AP at 4 bit. These results support three main
observations. First, the 8 bit result is nearly lossless relative to the floating-point baseline, showing that the proposed pipe-
line introduces minimal distortion when representational capacity remains sufficient. Second, at 6 bit precision the detector
still maintains AP above 44%, indicating that the framework remains robust in a practically meaningful low-bit regime
rather than only at near-floating-point settings. Third, although performance declines substantially at 4 bit precision, the
detector preserves usable object detection capability instead of collapsing into severe numerical instability. Mechanism-
oriented comparisons further explain the source of these gains. Most notably, output-side activation quantization yields a
dramatic advantage over input-side activation quantization under 4 bit conditions, with an absolute AP gain of more than 24
points in the current experiment set, showing that quantization location is a dominant stability factor for RT-DETR. The
reconstruction stage also restores part of the low-bit accuracy by realigning quantized layer outputs with floating-point
teacher responses, confirming that explicit recovery of coupled error is necessary after dual-side discretization has already
been introduced. Moreover, WCAQ reduces the quantization time from 110 min to 19 min, corresponding to an 82. 7%
reduction, without task-level retraining. These accuracy and efficiency gains are achieved within a training-free deploy-
ment pipeline. ' WCAQ does not rely on full fine-tuning, large-scale quantization-aware retraining, or expensive end-to-end
optimization over the entire detector; instead, it recovers performance through calibration-aware module design, adaptive
activation scaling, selective structural protection, and lightweight layer-wise correction. Conclusion This study presents a
training-free quantization framework for RT-DETR that directly addresses the coupled nature of weight-side and activation-
side error in detection Transformers. Instead of assuming that static calibration alone is sufficient, WCAQ integrates
grouped weight pseudo-quantization, sample-aware adaptive activation scaling, output-side activation quantization,
sensitive-branch protection, and lightweight layer-wise reconstruction into a unified post-training pipeline. Consequently,
WCAQ preserves near-floating-point accuracy at 8 bit, remains highly competitive at 6 bit, and retains usable detection
capability at 4 bit, all without task-level retraining. Methodologically, the results show that low-bit RT-DETR compression

should be formulated as a coupled error control problem rather than as two independent quantization subproblems. Practi-

© h[E KR K AR



B, Bh0E, BRES, HXE
H a RT-DETR BN E#E W E B & BT %

cally, the framework demonstrates that resource-constrained deployment of detection Transformers can be pursued through

carefully structured PTQ instead of immediately resorting to retraining-heavy solutions. The current implementation also

highlights three transferable design principles: activation handling in ultra-low-bit settings should remain distribution-

aware, quantization should be delayed until after core operator responses whenever possible, and highly sensitive branches

should be protected selectively rather than compressed indiscriminately. Future work may extend the same cooperative

logic to larger RT-DETR backbones, refine attention-specific low-bit treatment, and evaluate the framework under stricter

integer-only deployment constraints and broader edge inference scenarios. The method presented in this paper is available

in ScienceDB athttps://doi. org/10. 57760/sciencedb. j00240. 00092.
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Fig. 4 Effect of Layer-wise Reconstruction on Suppressing Low-Bit Quantization Errors
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Table 2 AP comparison of quantization methods on different models (%)

AR Lk KA A AP
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MinMax (Jiang %¢,2025) 8/8 26.6
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Fig. 5 Comparison of mean difference distributions for weights

before and after quantization
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Fig. 6 Comparison of mean difference distributions for activa-
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Table 4 Impact of reconstruction on the detection perfor-
mance of WCAQ under different bit—widths

Z=h ik

R R A
FP 32/32 464 637 503 284 497 629

AP AP, AP, AP, AP, AP

Yes 8/8 46.2 63,5 502 282 494 624
None 8/8 46.1 634 50.1 279 493 624
Yes 6/6 448 61.7 484 274 478 60.6
None 6/6 443 61.1 48.0 267 47.0 60.6
Yes 4/4 28.0 408 302 151 304 394
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Fig. 7 Visualization of response distributions in intermediate feature layers across different bit-widths using WCAQ
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