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Abstract

Camera-based multi-view 3D detection is crucial for au-
tonomous driving. PETR and its variants (PETRs) ex-
cel in benchmarks but face deployment challenges due to
high computational cost and memory footprint. Quantiza-
tion is an effective technique for compressing deep neu-
ral networks by reducing the bit width of weights and ac-
tivations. However, directly applying existing quantization
methods to PETRs leads to severe accuracy degradation.
This issue primarily arises from two key challenges: (1)
significant magnitude disparity between multi-modal fea-
tures—specifically, image features and camera-ray positional
embeddings (PE), and (2) the inefficiency and approxima-
tion error of quantizing non-linear operators, which com-
monly rely on hardware-unfriendly computations. In this pa-
per, we propose FQ-PETR, a fully quantized framework for
PETRs, featuring three key innovations: (1) Quantization-
Friendly LiDAR-ray Position Embedding (QFPE): Replac-
ing multi-point sampling with LiDAR-prior-guided single-
point sampling and anchor-based embedding eliminates prob-
lematic non-linearities (e.g., inverse-sigmoid) and aligns PE
scale with image features, preserving accuracy. (2) Dual-
Lookup Table (DULUT): This algorithm approximates com-
plex non-linear functions using two cascaded linear LUTs,
achieving high fidelity with minimal entries and no special-
ized hardware. (3) Quantization After Numerical Stabiliza-
tion (QANS): Performing quantization after softmax numer-
ical stabilization mitigates attention distortion from large in-
puts. On PETRs (e.g. PETR, StreamPETR, PETRv2, MV2d),
FQ-PETR under W8A8 achieves near-floating-point accuracy
(< 1% degradation) while reducing latency by up to 75%, sig-
nificantly outperforming existing PTQ and QAT baselines.

Code — https://github.com/JiangYongYu1/FQ-PETR

Introduction
Camera-based multi-view 3D object detection has be-
come a practical alternative to LiDAR systems for au-
tonomous driving, offering high-resolution perception and
strong cost–efficiency. Among existing approaches, PETR
and its variants (collectively PETRs) (Liu et al. 2022a,b;
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Figure 1: (a) Illustration of PETR pipeline. The camera-
ray position embedding and image features are fused via
element-wise addition, and then combined with object
queries through a Transformer decoder to generate 3D ob-
ject predictions. (b) The activation values of camera-ray po-
sition embedding feature range form -130 to 130, where im-
age feature are primarily centered around 0.

Wang et al. 2023a) achieve state-of-the-art performance by
adapting the transformer-based DETR framework to 3D
space. Their key idea is the position-aware representation:
camera-ray positional embeddings map 2D image features
into 3D coordinates, enabling direct interaction between
queries and 3D features (Fig. 1a). This design has pushed
PETRs to the top of major benchmarks such as nuScenes
and Waymo. However, their substantial computational cost
and memory footprint pose serious deployment challenges,
making real-time inference under tight latency and power
constraints difficult for automotive systems.

Quantization (Yang et al. 2024) is an effective way
to compress deep networks by reducing the bit width of
weights and activations. However, PETRs present two quan-
tization challenges that differ from conventional vision mod-
els. First, modality disparity in feature fusion. As shown
in Fig. 1b, camera-ray positional embeddings span a large
dynamic range (±130), nearly two orders of magnitude
wider than image features (±4). When fused by element-
wise addition, the quantization scale is dominated by po-
sitional embeddings, compressing image features into only
3–5 effective integer bins and discarding over 90% of their
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Figure 2: (a) PETR pipeline. Camera-ray position embed-
dings are added to image features and then fused with
queries via a Transformer decoder to produce 3D object
predictions. (b) Camera-ray positional embeddings exhibit
a large dynamic range (-130 to 130), while image features
are centered near zero.

information, resulting in up to 20.8% mAP degradation.

Second, non-linear operators introduce dual difficul-
ties. Challenge 1 — Attention distortion. Inputs to operators
such as Softmax exhibit extremely wide ranges (Fig. 2a);
quantizing them causes large exponential errors (Fig. 2b)
and severe attention shifts (Fig. 2c). Challenge 2 — Hard-
ware inefficiency. Softmax and related non-linear functions
are costly across platforms: (1) GPU tensor cores deliver 3–
5× lower throughput on Softmax than GEMM (Dao 2023);
(2) LUT-based approximation (Wang, Liu, and Foroosh
2018) suffers from exponential memory growth for linear
LUTs or complex comparators for non-uniform LUTs (Yu
et al. 2022); (3) software approximations (Kim et al. 2021;
Li and Gu 2023) reduce precision to maintain deployability.

The co-existence of these bottlenecks—extreme modal-
ity disparity and non-linear computation overhead—creates
a unique quantization challenge for PETRs that existing
methods cannot address. To overcome this, we propose FQ-
PETR, the first framework enabling fully integer inference
for PETRs without sacrificing accuracy. Our co-design in-
troduces three synergistic components:

Quantization-Friendly LiDAR-Ray PE (QFPE)
We redesign positional embedding from first principles. In-
spired by LiDAR geometry, we sample a single 3D point per
pixel along depth rays, removing multi-point interpolation
and inverse-sigmoid distortion (Fig. 4b). Anchor-based em-
beddings with learnable bounds constrain the dynamic range
and preserve spatial coherence, reducing PE magnitude by
4.4× and improving accuracy.

Dual-Lookup Table (DULUT)
We decouple non-uniform approximation from hardware
constraints. By cascading two linear LUTs—the first
functioning as a “nonlinear index mapper”—our method
achieves exponential entry reduction (e.g., 32+32 entries for
SiLU) while keeping the approximation error below 0.1%.
DULUT relies only on standard LUT units, ensuring broad
deployability across edge platforms.

Quantization After Numerical Stabilization
(QANS)
We target Softmax quantization by applying integer conver-
sion after logit subtraction (numerical stabilization), restrict-
ing values to [−β, 0]. Adaptive β selection reduces distribu-
tion shift, preserving attention behavior with 8-bit precision.

Comprehensive experiments across PETR, StreamPETR,
PETRv2, and MV2d show that FQ-PETR achieves near-
floating-point performance under W8A8 (less than 1%
mAP/NDS degradation), with up to 75% latency reduction
and 4× model compression—substantially outperforming
existing PTQ/QAT baselines and enabling practical deploy-
ment of efficient 3D perception models.

Related Work
Multi-View 3D Object Detection. Surround-view 3D ob-
ject detection is essential for autonomous driving and
is typically categorized into LSS-based (Junjie et al.
2021; Yinhao et al. 2022; Junjie and Guan 2022) and
transformer-based (Liu et al. 2022a; Shu et al. 2023)
paradigms. LSS-based methods lift multi-camera features to
dense BEV representations (Philion and Fidler 2020), but
their high memory cost limits long-range perception effi-
ciency. Transformer-based approaches exploit sparse queries
for improved scalability. Among them, the PETR family
has become highly influential: PETR (Liu et al. 2022a)
maps 2D features to 3D space via positional embeddings;
PETRv2 (Liu et al. 2022b) incorporates temporal feature in-
dexing; and StreamPETR (Wang et al. 2023a) extends tem-
poral query processing. Other works enhance efficiency by
integrating 2D detection priors (Wang et al. 2023b; Chu
et al. 2024), or by fusing vision and LiDAR signals as in
CMT (Yan et al. 2023). Recent studies further refine PETR’s
positional embedding (Shu et al. 2023; Hou et al. 2024), and
PETR has also been integrated into Omnidrive (Wang et al.
2024b) for improved large-model 3D perception.

Model Quantization. Quantization compresses models
by converting weights and activations from floating-point to
low-bit integer representations (Zhang et al. 2018; Banner,
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Figure 3: The overall architecture comparison of camera-ray
PE, lidar-ray PE and our QFPE.

Nahshan, and Soudry 2019; Choukroun et al. 2019). Among
existing methods (Wei et al. 2022; Jiang et al. 2025; Liu
et al. 2024; Ashkboos et al. 2024a; Xu et al. 2025b; Chen
et al. 2025; Xu et al. 2025a), we focus on uniform symmet-
ric quantization, which maps a floating-point value xf to a
k-bit integer xq:

xq = clamp
(⌊xf

s

⌉
,−2k−1, 2k−1 − 1

)
, (1)

where the scale s is computed from calibration statistics as

s =
xmax
f − xmin

f

2k
. (2)

Quantization methods are commonly divided into
Quantization-Aware Training (QAT) and Post-Training
Quantization (PTQ). While QAT improves robustness at the
cost of retraining (Bhalgat et al. 2020), PTQ enables effi-
cient deployment but often degrades on transformer-based
3D detectors due to attention-heavy architectures.

For ViTs and transformer-based detectors, prior work ex-
plores PTQ, QAT, and rotation-based methods (Yuan et al.
2022; Li et al. 2023; Shi et al. 2024; Xu et al. 2023;
Wang et al. 2024a; Xiao et al. 2023; Ashkboos et al.
2024b; Hu et al. 2025; Yu et al. 2025), primarily targeting
GEMM-dominated computation. In contrast, nonlinear op-
erators remain challenging; LUT-based and integer-only de-
signs (Wang, Liu, and Foroosh 2018; Kim et al. 2021; Li
and Gu 2023; Hu et al. 2024) improve hardware compatibil-
ity but face scalability or accuracy limitations.
Quantization for 3D Object Detection. Existing quanti-
zation methods for 3D detection mainly focus on CNN-
based or LiDAR-centric pipelines. QD-BEV (Zhang et al.
2023) applies QAT and distillation to multi-camera 3D de-
tection, while LIDAR-PTQ (Zhou et al. 2024) achieves
near-FP32 performance on LiDAR-based CenterPoint (Yin,
Zhou, and Krähenbühl 2020). However, PTQ solutions tai-
lored to transformer-based 3D detection in autonomous driv-
ing remain largely unexplored.

Method
In this section, we propose a fully quantization framework
called FQ-PETR specifically designed for PETR series
models. First, we present a Quantization-Friendly LiDAR-
ray position embedding (QFPE) to reduce the gap between
the numerical range of 3D PE feature and image feature
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Figure 4: Distribution before and after inverse-sigmoid.

while maintaining floating-point accuracy. Second, we in-
troduce a dual-lookup table (DULUT), which abstracts the
index comparator required for nonlinear lookup tables into
a nonlinear function, and uses a linear LUT to equal it. It
maintains high approximation fidelity with fewer table en-
tries without requiring special hardware support. Third, we
propose quantization after numerical stabilization (QANS),
which solves the problem of attention shift caused by quan-
tization when the input range of Softmax is too large.

Quantization-Friendly LiDAR-ray Position
Embedding (QFPE)
We first analyze the quantization failure from the perspec-
tive of magnitude imbalance, demonstrating that structural
optimization of the model is essential for resolution. Based
on this analysis, we present our QFPE design solution.

Magnitude Imbalance in PETR As evidenced in
Fig. 1(b), a significant modality discrepancy exists: the
camera-ray position embedding (Camera-ray PE) exhibits
a dynamic range of approximately ±130, while multi-view
image features are confined within ±4.

Crucially, when quantizing the element-wise summation
of the above two features, regardless of the quantization
method employed, the scale factor becomes dominated by
the Camera-ray PE. This leads to severe compression of im-
age features and consequent catastrophic accuracy degrada-
tion. Therefore, addressing this quantization challenge ne-
cessitates architectural modifications to the model.

Through systematic analysis of the Camera-Ray PE con-
struction pipeline (shown in Fig. 3(a)) and Magnitude Propa-
gation Analysis in Appendix A, we identify that the inverse-
sigmoid operation amplifies the magnitude by approxi-
mately 11.5×. Furthermore, this operation distorts the orig-
inally balanced depth distribution (Fig. 4(a)), skewing it to-
ward extreme outliers and thereby exacerbating the Camera-
ray PE magnitude inflation.

QFPE Architecture. To simultaneously address both the
magnitude imbalance and outliers challenges, we propose
a Quantization-Friendly LiDAR-ray Position Embedding
(QFPE) that achieves significant magnitude reduction while
maintaining computational efficiency. As illustrated in Fig. 3
(b), our design incorporates two key innovations:

1. LiDAR-prior Guided Single-point Sampling. Leverag-
ing the physical characteristics of LiDAR sensors, we im-
plement a sparse sampling strategy that selects only one
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Figure 5: The activation values of QFPE feature range form
-29.7 to 29.7.

3D point per pixel along each depth ray (Fig. 3(b)), con-
trasting with the multi-sample approach in conventional
camera-ray PE. This design eliminates the need for it-
erative inverse-sigmoid transformations, substantially re-
ducing embedding variance.

2. Anchor-based Constrained Embedding with Con-
vex Combination. We establish three axis-aligned an-
chor embeddings {Ei

α}3i=1 for each spatial dimension
α ∈ {x, y, z}, accompanied by corresponding an-
chor locations {Li

α}3i=1. For any LiDAR-sampled 3D
point (xj , yj , zj), we compute axis-specific embeddings
through linear interpolation between adjacent anchors:

ejα =
pα − Liα

α

Liα+1
α − Liα

α

Eiα+1
α +

Liα+1
α − pα

Liα+1
α − Liα

α

Eiα
α (3)

where pα denotes the coordinate along axis α. The fi-
nal positional embedding vector is generated by concate-
nating these axis-wise embeddings and processing them
through a lightweight MLP.

These two innovations ensure our QFPE remains both
bounded in magnitude and free of difficult-to-quantize non-
linearities. Fig. 5 shows that the dynamic range of our
QFPE (±29.7) is only marginally wider than that of stan-
dard image features (±4)—in stark contrast to PETR’s orig-
inal (±127.3). The proposed design eliminates complex
nonlinear operations (inverse-sigmoid), achieving hardware-
compatible computation without compromising geometric
fidelity.

DULUT for Non-linear Functions
Limitations of linear-LUT and NN-LUT. Linear-LUT
requires exponentially more entries as input bit-width in-
creases, quickly exhausting on-chip SRAM. Meanwhile,
NN-LUT leverages neural networks to search non-uniform
intervals, concentrating entries in high-curvature regions.
However, NN-LUT heavily depends on training data distri-
bution and random initialization, requires hardware-specific
comparator trees, and only achieves real acceleration with

(c). DuLUT
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Figure 6: INT4 example for exp(·) with DULUT. A 16-entry
linear LUT is replaced by two 8-entry tables: (i) an index-
mapping table that compresses near-flat input ranges, and
(ii) a value table for interpolation. Precision matches the 16-
entry LUT with fewer entries.

dedicated hardware support. Moreover, the non-uniform in-
tervals complicate fusion and parallel optimization in exist-
ing compiler frameworks.

Proposed DULUT Algorithm. To overcome these limi-
tations, we first establish a theoretical error bound for linear
interpolation. For a twice-differentiable function f(x) inter-
polated linearly over an interval [xi, xi+1], the maximum in-
terpolation error is bounded by:

max
x∈[xi,xi+1]

|f(x)− P (x)| ≤ (xi+1 − xi)
2

8
max

x∈[xi,xi+1]
|f ′′(x)|+ εhw,

(4)
where f ′′(x) denotes the second derivative (curvature), and
εhw represents hardware-induced error from finite interpola-
tion resolution and rounding. Hence, intervals must be short-
ened in regions with large curvature (“enlarge” regions),
while flatter or near-saturated areas with lower curvature can
be merged into fewer intervals (“shrink” regions).

Instead of designing hardware-based non-uniform index-
ing comparators, DULUT treats the nonlinear comparator it-
self as a nonlinear function g(x) and approximates it with an
additional linear LUT. Thus, the indexing operation reduces
to a linear LUT lookup, and the overall problem simplifies
to identifying the optimal nonlinear function g(x). Ideally,
without hardware error constraints, one could approximate
g(x) directly from curvature information. However, due to
hardware limitations (e.g., fixed interpolation step size), us-
ing curvature to merge intervals can introduce significant ap-
proximation errors (more details see Appendix B).

To address this issue, we propose an iterative optimization
algorithm accounting explicitly for hardware constraints.
We initialize two cascaded linear LUTs equivalently to a
single linear LUT. Then, we evaluate the average relative
error (ARE) for each interval and iteratively merge intervals
with minimal ARE while subdividing intervals with maxi-
mal ARE. LUT parameters are updated accordingly if this
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Algorithm 1: Iterative Optimization Algorithm for DULUT

Require: Target nonlinear function f(x) (FP32); quantization bit-
width b; hardware interpolation resolution k (integer points per
segment); initial LUT sizes m1, m2; error tolerance δ

Ensure: Optimized integer LUTs table1, table2, and correspond-
ing quantization parameters (scales and zero-points)

1: Initialization: Uniformly partition integer domain X =
[−2b−1, 2b−1 − 1] into m1 intervals to construct initial table1.
Set table2[i] = f(i) and quantize according to hardware reso-
lution k.

2: repeat
3: Compute approximation f̂(x) = table2[table1[x]] for all

x ∈ X (or dense samples).
4: Calculate average relative error (ARE) within each interval.
5: Identify interval jmin with minimal ARE and interval jmax

with maximal ARE.
6: Merge interval jmin with its neighbor (shrink), releasing one

interval.
7: Split interval jmax into two equal subintervals (enlarge),

consuming the released interval.
8: Update and requantize both LUTs; recompute global maxi-

mum ARE.
9: until global maximum ARE ≤ δ or no further improvement

achievable

operation reduces the global error. This optimization con-
tinues until no further error reduction can be achieved. The
complete procedure is described in Algorithm 1.

Empirically, DULUT achieves precision comparable to
much larger single-table LUT implementations while signif-
icantly reducing SRAM overhead. In Fig. 6, we illustrate an
INT4 case for exp(·). A linear LUT requires 16 entries to
store the outputs for all 16 input codes. DULUT uses two
8-entry linear tables instead. The first table acts as an index
mapper: it merges near-flat input ranges where exp varies lit-
tle and allocates more indices to high-curvature ranges. The
second table stores the values and performs linear interpola-
tion. This preserves the precision of the 16-entry linear LUT
while using fewer total entries.

To facilitate reproduction, we give the entire process of
DULUT and Triton implementation in Algorithm 2.

Quantization After Numerical Stabilization
To solves the problem of attention shift caused by quanti-
zation when the input range of Softmax is too large (see
Figure2, we propose quantization After Numerical Stabi-
lization (QANS) (Fig. 7), and adaptively determining the op-
timal truncation lower bound to minimize softmax error.
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σ𝑘=1
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(b) quant after stabilization

softmax

softmax

Quant

Figure 7: Illustration for quant before/after stabilization.

Algorithm 2: Pseudo-code of DULUT with Triton

Require: Quantized input iq (ibit-bit signed); pre-computed
tables T1 (2tbit1 + 1 slots) and T2 (2tbit2 + 1 slots)

Ensure: Quantized output oq
1: Function LUTKERNEL(iq , table, tbit, ibit)
2: shiftbit ← ibit − tbit; shiftnum ← 1≪ shiftbit
3: qmin, qmax ← −(1≪ (ibit−1)), (1≪ (ibit−1))−1
4: for each index offset in parallel do
5: x ← iq[offset] + (1 ≪ (ibit − 1)) {signed → un-

signed}
6: idx← x≫ shiftbit; p← x mod shiftnum
7: tl ← table[idx]; tr ← table[idx+ 1]
8: S ← (shiftnum − p)tl + ptr
9: S ← (S + (1≪ (shiftbit − 1)))≫ shiftbit

10: oq[offset]← clip(S, qmin, qmax)
11: end for
12: return oq
13: Offline table construction: Use Algorithm 1.
14: Online inference:
15: idx← LUTKERNEL(iq , T1, tbit1, ibit)
16: oq ← LUTKERNEL(idx, T2, tbit2, ibit)
17: return oq

After NS, inputs for softmax are non-positive. Values be-
low −20 approach zero after exponentiation, so we define
a candidate set of scaling factors S = s1, s2, ..., sN with
si =

i
2k−1 for k-bit quantization. The dequantized input is:

x̂i
s = si · clamp

(
round

(
xs

si

)
,−2k−1, 2k−1 − 1

)
(5)

ensuring x̂i
s ∈ [−i, 0]. We compute the softmax distribu-

tions pf = softmax(xs) and piq = softmax(x̂si), and select
the optimal scaling factor ŝi that minimizes the error:

î = argmin
i
|pf − piq|, i = 1, 2, ..., N. (6)

Experiments
Validation on PETR and Its Variants
We evaluate our method comprehensively on PETR and its
variants, covering both single-frame (PETR) and temporal
multi-frame (PETRV2, MV2D, StreamPETR) settings, un-
der floating-point (FP) and quantized conditions (see Tab. 1).
Firstly, we examine improvements in floating-point perfor-
mance. Our method consistently improves mAP (ranging
from 0.07 to 1.08 points) and significantly improves NDS
(from 0.61 to 1.09 points) for both single-frame PETR mod-
els and multi-frame PETRV2, MV2D, and StreamPETR.
Secondly, we analyze the quantization performance. For
single-frame PETR models and temporal models (Stream-
PETR, PETRV2, MV2d), our method effectively constrains
accuracy degradation to less than 1% in both mAP and NDS
metrics, thanks to the proposed QFPE, DULUT and QANS.

Ablation Study
Ablation for different quantization methods. We evalu-
ate the Camera-ray PE module on the nuScenes dataset un-
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Backbone resolution Feat Model Method mAP↑ NDS↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓

R50
512
×

1408
c5

PETR
FP32 31.42 36.11 84.19 28.42 60.69 99.08 23.58
SQ 20.67 29.32 107.94 31.47 75.22 121.71 25.45
Quarot 22.81 30.00 104.87 30.99 74.16 118.54 25.07

QF-PETR
FP32 31.49 37.20 82.52 27.88 59.91 91.74 23.45
SQ* 31.34 37.17 82.61 27.93 60.00 91.79 23.45
Quarot* 31.46 37.19 82.52 27.89 59.90 91.77 23.45

V2-99
640
×

1600
p4

StreamPETR
FP32 49.51 58.03 60.10 26.07 35.65 25.91 19.60
SQ 18.72 35.66 74.32 30.39 41.49 30.53 20.82
Quarot 19.97 37.49 71.28 30.11 40.16 30.23 20.76

QF-StreamPETR
FP32 50.48 58.61 58.78 26.16 37.05 25.69 18.59
SQ* 49.44 57.94 60.30 26.55 37.07 25.87 18.59
Quarot* 50.12 58.39 58.86 26.16 37.05 25.87 18.59

R50
512
×

1408
p4

MV2d-T
FP32 45.30 54.30 61.70 26.50 38.80 38.50 17.90
SQ 26.32 36.14 80.10 33.74 80.13 51.71 25.06
Quarot 28.17 39.25 78.46 32.11 79.21 49.19 23.57

QF-MV2d-T
FP32 46.38 54.91 60.36 26.24 37.61 37.98 17.68
SQ* 45.13 52.71 60.44 26.36 37.62 38.12 17.93
Quarot* 46.25 54.16 60.35 26.24 37.61 37.98 17.68

V2-99
320
×

800
p4

PETRv2
FP32 41.00 50.30 72.26 26.92 45.29 38.93 19.33
SQ 15.12 31.04 96.14 30.11 45.71 52.14 27.11
Quarot 19.20 34.15 95.23 29.76 45.65 50.46 26.26

QF-PETRv2
FP32 41.86 51.03 71.03 26.15 44.86 37.54 19.04
SQ* 40.73 50.61 71.76 27.02 45.24 37.97 19.42
Quarot* 41.69 50.94 71.03 26.15 44.86 37.54 19.04

Table 1: Comparison of floating-point and quantized performance on standard PETR-series models (Wang et al. 2023a; Liu et al.
2022a,b). The default quantization setting is full-integer INT8 quantization. The DULUT configuration uses 32+32 entries. ’SQ’
denotes SmoothQuant (Xiao et al. 2023), and ’Quarot’ denotes rotation ptq methods (Ashkboos et al. 2024b). An asterisk (*)
indicates that Quantization-Aware Nonlinear Scaling (QANS) is additionally applied.

der three configurations: FP32 Baseline (full precision as
an upper bound), 8-bit PTQ Methods SmoothQuant (Xiao
et al. 2023) and Quarot (Ashkboos et al. 2024b). As shown
in Table 2, retaining the Softmax input in full precision
(“No”) yields higher mAP and NDS than when it is quan-
tized (“Yes”), underscoring the importance of careful Soft-
max treatment.

Method Quant.Softmax
Input

(SQ) INT8 (Quarot) INT8
mAP↑ NDS↑ mAP↑ NDS↑

Camera-
ray PE

FP32 31.42 36.11 31.42 36.11
No 24.90 32.10 27.10 33.60
Yes 20.67 29.32 22.81 30.00

Table 2: Quantization performance of Camera-ray PE on
nuScenes. FP32, 8-bit SmoothQuant and Quarot methods
are compared under different Softmax quantization settings.

Effect of Anchor Embedding Quantity. The QFPE uses
three anchor embeddings per axis, obtained through linear
interpolation. Experiments (Tab. 3) demonstrate that setting
the number of anchor embeddings to 3 achieves the highest
NDS and mAP scores. Adjusting this number either up or
down results in lower performance, confirming that 3 is the
optimal choice.

Quantity of Anchor Embedding NDS↑ mAP↑x-axis y-axis z-axis

2 2 2 36.66 31.29
3 3 3 37.20 31.49
4 4 4 36.92 31.09
5 5 5 36.83 31.19

Table 3: Effect of Anchor Embedding Quantity.

Proof of Position embedding Equivalence. We conducted
experiments to verify whether the proposed QFPE enhances
floating-point performance over the original camera-ray PE.
As shown in Tab. 4, QFPE provides performance improve-
ments. On PETR, it slightly increases mAP by 0.07 but sig-
nificantly boosts NDS and mATE by 1.09 and 1.67, respec-
tively. For Stream-PETR, our method yields substantial and
balanced enhancements, with increases of 0.94 in mAP, 0.46
in NDS, and 0.22 in mATE.

Local Similarity of PE Features. Figure 8 shows that
QFPE significantly outperforms 3D point PE and cameraray
PE in local similarity of position embedding. Its similarity
distribution appears more compact and concentrated, vali-
dating the method’s superiority in local spatial information
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Method mAP↑ NDS↑ mATE↓

PETR Camera-ray PE 31.42 36.11 84.19
QFPE 31.49 37.20 82.52

Stream
-PETR

Camera-ray PE 49.51 58.03 60.10
QFPE 50.48 58.61 58.78

Table 4: FP Performance of different 3D PE.

modeling and its capability to precisely capture neighbor-
hood spatial relationships around target pixels.

Compare with QAT. Although QFPE requires retrain-
ing, its cost remains comparable to QAT. We implement a
distillation-based QAT (inspired by QD-BEV (Zhang et al.
2023)) on the original Camera-ray PE. As shown in Table 5,
QFPE consistently outperforms QAT in both mAP and NDS
metrics, despite QAT’s longer training epochs (24 or 36
epochs). This demonstrates the advantage of our amplitude-
aware design in preserving floating-point performance and
improving quantized accuracy.

Epochs QAT (Distill) QFPE (PTQ)
mAP↑ NDS↑ mAP↑ NDS↑

12 28.9 35.2 31.46 37.19
24 30.3 35.8 31.46 37.19
36 30.3 35.8 31.46 37.19

Table 5: Comparison of QAT with distillation vs. QFPE PTQ
across training epochs on the nuScenes dataset.

Impact of Different Scaled Dot Product Quantization
Strategy. To isolate the effect of our scaled dot-product
quantization, we quantize only the softmax inputs and keep
all other modules in FP. As shown in Tab. 6, the origi-
nal strategy causes large drops (about 40% NDS and 50%
mAP). Our “quant after stabilization” improves accuracy.
Ablating the truncation range N shows that N ≥ 20 is near-
lossless, N < 20 harms accuracy due to over-truncation, and
larger N brings no further gain. We therefore set N = 20.
Superior Performance of DULUT for Non-linear Func-
tions. Using ”quant after stabilization (N=20)” as the base-
line (Tab. 6), we compare I-BERT, I-ViT, standard linear
LUTs, and our DULUT (Tab. 7). A linear LUT requires 256
entries for lossless accuracy; with 128 entries it drops by
0.54 NDS and 0.37 mAP. DULUT achieves lossless accu-
racy with 128 entries and remains near-lossless with 64 en-

3DPPE
QFPEPETR

PE

Figure 8: Qualitative comparison of the local similarity.

Method NDS↑ mAP↑ mATE↓

quant before ns - 25.31 13.79 107.94

quant after ns

N = 10 3.45 1.23 150.34
N = 50 33.86 28.77 87.12
N = 10 34.65 29.33 85.01
N = 20 36.10 31.42 84.19
N = 30 36.10 31.42 84.19
N = 40 36.10 31.42 84.19

Table 6: Performance of Different Scaled Dot Product Quan-
tization Strategies.

tries (-0.08% NDS, -0.02% mAP), confirming its efficiency
for SiLU, GELU, and Softmax.

Method NDS↑ mAP↑ mATE↓
Quant after stabilization (N=20) 36.10 31.42 84.19

I-Bert 34.87 29.34 88.41
I-Vit 35.03 28.77 87.32

LUT 256 entries 36.10 31.42 84.19
128 entries 35.56 31.05 85.61

DULUT

(16,16) entries 28.12 17.36 96.99
(16,32) entries 34.14 27.29 90.33
(32,32) entries 36.07 31.36 84.20
(64,64) entries 36.10 31.42 84.19

Table 7: Performance comparison of different quantization
methods for nonlinear functions.

Practical Hardware Resource Savings. Tab. 8 shows Q-
PETR runs at 27.6 FPS (3.9× faster) and 1.3 GB memory
(75% less) vs. PETR’s 7.1 FPS/4.8 GB, demonstrating sig-
nificant speedup and resource efficiency.

Method Mode FPS CUDA Memory (G)
PETR FP32 7.1 4.8
FQ-PETR INT8 27.6 1.3

Table 8: FPS and CUDA Memory Comparison: PETR vs. Q-
PETR (R50-DCN, 512×1408, RTX 4090).

Conclusion
We introduce FQ-PETR, a fully quantized framework
specifically designed for the efficient deployment of PETRs
on edge hardware. By addressing the magnitude imbalance
between positional embeddings and image features, our pro-
posed QFPE significantly reduces quantization difficulty
without sacrificing accuracy. We further develop DULUT,
a hardware-friendly algorithm for accurately approximating
nonlinear functions with minimal resources. Additionally,
we propose QANS, effectively mitigating the attention dis-
tortion issue from quantizing extreme softmax inputs. Ex-
tensive experiments confirm that FQ-PETR achieves near-
floating-point accuracy with substantially improved infer-
ence efficiency, demonstrating its practical value for real-
world autonomous driving or computer vision applications.
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