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Balanced Quantization Strategy for Efficient Post-training Quantization of BEVFormer

ZHANG Xiaoxuan and TANG Xiaoyong
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Abstract BEVFormer’s bird”s-eye view(BEV) representation achieves strong results in autonomous driving applications. How-
ever,its high memory use and computational demands make real-time deployment difficult on resource-constrained devices. BEV-
Former’s RelLU activation values vary widely,creating an uneven distribution that traditional quantization metrics,such as cosine
similarity and mean square error (MSE), struggle to address effectively. To overcome these limitations, this paper introduces a
new post-training quantization(PTQ) method,the Balanced Quantization Strategy. This method is specifically optimized for BEV-
Former, focusing on quantizing linear layers and Rel.U activations. For linear layers.it uses predefined quantization ranges.while
Rel.U activations are quantized with customized ranges to retain key value accuracy. Further, Hessian matrix optimization dyna-
mically adjusts scaling factors, reducing quantization errors and stabilizing the quantization process. Results show that the Bal-
anced Quan-tization Strategy improves computational efficiency with minimal accuracy loss. In testing on the nuScenes dataset,

the proposed 8-bit quantization method achieves less than a 1% drop in NDS,maintaining BEVFormer’s high performance.
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Table 1 Effect of different quantization methods on model performance
PyTorch Quantiztion Balanced Quantization Strate
Model Backbone W8V‘8 & W6V6 WS\/;Q WG\g/};

ViT-S(224/32) Nan 74.61(—1.38) 63.14(—18.8) 75.55(—0.38) 71.50(—3.58)
ViT-S(224) Nan 80.46(—0.91) 70.24(—11. 1) 81.00(—0.38) 78.63(—2.75)
ViT-B(224) Nan 83.89(—0.64) 75.66(—8.87) 84.25(—0.29) 84.25(—0.29)
ViT-B(384) Nan 85.35(—0.64) 46.88(—39. 1) 85.82(—0.17) 83.34(—2.65)
BEVFormer-base R101 47.9(—3.8) 40.1(—11.6) 51.3(—0.4) 50.3(—1.4)
BEVFormer-small R101 41.3(—6.6) 35.4(—12.5) 47.4(—0.5) 46.4(—1.5)
BEVFormer-tiny R50 46.4(—1.5) 25.1(—10.3) 35.2(—0.2) 34.9(—1.0)
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Table 2 Comparison of different quantization methods for
BEVFormerV2 and BEVFormer models
Model Method Bit-width #ims Size NDS
EasyQuant WS8AS 1024 22.0 42.2
Liu WS8AS8 1024 22.0 44,3
Liu WS8A8(MP) 1024 22.2 45.0
BEVFormerV2 BQS WS8AS 50 22.0 52.6
55.3 EasyQuant W6 A6 1024 16.5 36.9
Liu W6A6 1024 16.5 38.2
Liu W6A6(MP) 1024 16.6 39.3
BQS W6 A6 50 16.5 45.4
EasyQuant WS8AS 1024 86.0 41.8
Liu WS8AS 1024 86.0 42.1
Liu W8AZ(MP) 1024 86.8 42.7
BQS WS8AS 50 86.0 51.3
EasyQuant W6 A6 1024 64.5 43.1
BEVFormer .
51.7 Liu W6 A6 1024 64.5 39.1
Liu W6A6(MP) 1024 64.3 39.5
BQS W6 A6 50 64.5 50.3
EasyQuant  W4A4(MP) 1024 43.6 34.2
Liu W4A4 32 43.0 31. 8
BQS W4A4 50 43.0 32.6
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