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Supplementary Material

Extensive Results on ImageNet1K

We evaluate Mix-QViT on ImageNet-1K [2] using ViT,
DeiT, and Swin backbones under post-training quantization
(PTQ) settings. As shown in Table 1, our mixed-precision
scheme consistently outperforms both non-optimization
and optimization-based baselines across architectures and
bit-widths.

At 3-bit precision, most existing non-optimization meth-
ods degrade severely. For example, RepQ-ViT and AdaLog
achieve only 0.10% and 29.42% on ViT-B, and 1.07% and
61.54% on Swin-B, respectively. LRP-AQViT improves
these low-bit results substantially, reaching 52.09% on ViT-
B and 70.61% on Swin-B, but Mix-QViT further increases
accuracy to 56.33% and 71.27% without any optimization.
With optimization, Mix-QViT achieves 79.57% on ViT-
B and 80.55% on Swin-B, giving the best 3-bit accuracy
across all evaluated backbones and surpassing FIMA-Q by
+1.94% and +1.73% on these two models, respectively.

At 4-bit precision, Mix-QViT without optimization
reaches 83.11% on ViT-B, 80.41% on DeiT-B, and 84.10%
on Swin-B, improving over Adalog’s 79.68%, 78.03%,
and 82.47%, respectively. Compared with LRP-AQViT,
our method also provides consistent gains, improving from
81.67% to 83.11% on ViT-B, from 79.88% to 80.41% on
DeiT-B, and from 83.59% to 84.10% on Swin-B. Notably,
this non-optimized mixed-precision variant already exceeds
several optimization-based baselines. With optimization,
Mix-QViT further reaches 83.59% on ViT-B, 80.71% on
DeiT-B, and 84.63% on Swin-B, outperforming FIMA-Q
by +0.55%, +0.38%, and +1.03%, respectively, while deliv-
ering the best overall 4-bit results in the table.

At 6-bit precision, the baselines still show large varia-
tion, especially on smaller models. FQ-ViT, for instance,
drops to 0.10 and 4.26% on ViT-S and ViT-B, respec-
tively. More advanced calibration methods like Adal.og
reach 80.91 and 84.80% on ViT-S and ViT-B, respectively.
Mix-QViT yields stable, near-lossless performance across
all backbones. Without optimization, it achieves 81.09% on
VIT-S, 84.72% on ViT-B and 85.21% on Swin-B, match-
ing or slightly improving over strong calibration baselines.
With optimization, Mix-QViT further improves to 81.11%
on ViT-S, 84.80% on ViT-B and 85.19% on Swin-B, and it
outperforms all optimization-based baselines.

Extensive Results on COCO

We further evaluate Mix-QViT on COCO object detection
and instance segmentation by quantizing Swin backbones
in Mask R-CNN and Cascade Mask R-CNN. As shown in
Table 2, Mix-QViT delivers consistent gains across 3-, 4-,
and 6-bit PTQ settings and remains highly competitive even
in the optimization-free regime.

At 3-bit, most optimization-free baselines degrade
severely on COCO. RepQ-ViT collapses to 0.5/0.5 and
1.9/1.3 (AP*°*/AP™¢5k) on Mask R-CNN with Swin-T and
Swin-S, respectively, while Adalog reaches only 21.0/19.4
on Mask R-CNN with Swin-S and 25.6/19.7 on Cas-
cade Mask R-CNN with Swin-S. LRP-AQViT substan-
tially improves these low-bit results, achieving 33.2/29.4
on Mask R-CNN with Swin-S and 37.9/31.5 on Cascade
Mask R-CNN with Swin-S. Mix-QViT further improves
the optimization-free setting to 31.6/29.1 and 35.4/32.3 on
Mask R-CNN with Swin-T and Swin-S, and to 36.2/32.8
and 40.7/33.3 on Cascade Mask R-CNN with Swin-T and
Swin-S, respectively. With optimization, Mix-QViT in-
creases performance further to 34.5/31.1 and 38.4/35.6 on
Mask R-CNN, and up to 42.2/39.8 and 45.0/41.3 on Cas-
cade Mask R-CNN, giving the strongest 3-bit results in the
table.

At 4-bit, Mix-QViT continues to outperform both fixed-
bit and mixed-precision baselines. =~ Without optimiza-
tion, it achieves 44.8/40.6 and 47.6/42.7 on Mask R-CNN
with Swin-T and Swin-S, and 49.6/43.0 and 51.3/44.6
on Cascade Mask R-CNN. These results surpass strong
optimization-free baselines. Compared with LRP-AQViT,
Mix-QViT improves from 42.9/39.9 to 44.8/40.6 on Mask
R-CNN with Swin-T, from 46.8/42.2 to 47.6/42.7 on Mask
R-CNN with Swin-S, and from 51.1/44.4 to 51.3/44.6 on
Cascade Mask R-CNN with Swin-S. With optimization,
Mix-QViT reaches 44.9/40.7 and 47.6/42.8 on Mask R-
CNN, and 49.7/43.1 and 51.3/44.6 on Cascade Mask R-
CNN, outperforming all optimization-based baselines by
large margins.

At 6-bit, most methods approach full-precision per-
formance, though small differences still remain. Sim-
pler baselines such as PTQ4ViT can still collapse, while
stronger methods such as AdaLog, TSPTQ-ViT, IGQ-ViT,
and MPTQ-ViT recover results close to full precision. In
the optimization-free setting, Mix-QViT achieves 45.9/41.5
and 48.3/43.2 on Mask R-CNN with Swin-T and Swin-
S, and 50.2/43.6 and 51.8/44.9 on Cascade Mask R-CNN.
With optimization, Mix-QViT further reaches 50.4/43.8 on



Table 1. Quantization results for image classification on ImageNet-1K [2]. Each value reports Top-1 accuracy (%). “Optim.” denotes

optimization-based methods; “Prec. (W/A)” indicates bit precision for weights and activations. “MP” is mixed precision; “x

T

indicates

that the model size and bit operations are equivalent to those of a fixed-bit quantized model; “1” = replicated results. Bold indicates best
performance. Note that the reference numbers in the supplementary materials are not the same as in the main paper.

Method Opti. Prec.(W/A) VIiT-S ViT-B  DeiT-T DeiT-S DeiT-B  Swin-S  Swin-B
Full-Precision - 32/32 81.39 84.54 72.21 79.85 81.80 83.23 85.27
RepQ-ViT [5]T X 3/3 0.10 0.10 0.10 3.27 7.57 1.37 1.07
AdalLog [IS]Jr X 3/3 12.63 2942 25.70 22.82 55.90 58.12 61.54
LRP-AQVIT [13] X MP3/MP3 18.88  52.09 31.33 52.43 67.22 68.12 70.61
Mix-QViT (ours)™ X MP3/MP3 24.19 56.33 38.12 57.51 70.09 71.80 71.27
BRECQ [3] v 3/3 0.42 0.59 25.52 14.63 46.29 11.67 1.7
QDrop [16] v 3/3 4.44 8.00 30.73 22.67 24.37 60.89 54.76
PD-Quant [9] v 3/3 1.77 13.09 39.97 29.33 0.94 69.67 64.32
1&S-ViT [22] N 3/3 45.16  63.77 41.52 55.78 73.30 74.20 69.30
DopQ-ViT [20] v 3/3 5472  65.76 44.71 59.26 74.91 74.77 69.63
FIMA-Q [19] v 3/3 64.09 77.63 55.55 69.13 76.54 77.26 78.82
Mix-QViT (ours)* v MP3/MP3 69.13 79.57 58.97 72.08 77.92 79.98 80.55
PTQ4ViT [21] X 4/4 42.57  30.69 36.96 34.08 64.39 76.09 74.02
APQ-ViT [1] X 4/4 4795 4141 47.94 43.55 67.48 77.15 76.48
RepQ-ViT [5] X 4/4 65.05 6848 57.43 69.03 75.61 79.45 78.32
Adalog [18] X 4/4 7275  79.68 63.52 72.06 78.03 80.77 82.47
LRP-AQVIT [13] X MP4/MP4 74.72  81.67 64.70 75.83 79.88 81.76 83.59
Mix-QViT (ours)* X MP4/MP4 75.82 83.11 65.49 76.56 80.41 82.20 84.10
ERQ [23] v 4/4 71.61  78.65 61.79 74.35 79.18 81.19 83.32
1&S-ViT [22] v 4/4 74.87  80.07 65.21 75.81 79.97 81.17 82.60
DopQ-ViT [20] v 4/4 75.69  80.95 65.54 75.84 80.13 81.71 83.34
FIMA-Q [19] v 4/4 76.68  83.04 66.84 76.87 80.33 81.82 83.60
Mix-QViT (ours)* v MP4/MP4 79.18 83.59 68.37 77.50 80.71 82.41 84.63
FQ-ViT [8] X 6/6 4.26 0.10 58.66 45.51 64.63 66.50 52.09
PSAQ-VIT [4] X 6/6 37.19 41.52 57.58 63.61 67.95 72.86 76.44
Ranking-ViT [11] X 6/6 - 75.26 - 74.58 77.02 - -
PTQ4ViT [21] X 6/6 78.63  81.65 69.68 76.28 80.25 82.38 84.01
APQ-VIiT [1] X 6/6 79.10 82.21 70.49 77.76 80.42 82.67 84.18
RepQ-ViT [5] X 6/6 80.43  83.62 70.76 78.90 81.27 82.79 84.57
Adalog [18] X 6/6 80.91 84.80 71.38 79.39 81.55 83.19 85.09
1IGQ-ViT [12] X 6/6 80.76  83.77 71.15 79.28 81.71 82.86 84.82
Mix-QViT (ours)* X MP6/MP6 81.09 84.72 71.78 79.59 81.60 83.27 85.21
EasyQuant [17] v 6/6 75.13  81.42 - 75.27 79.47 82.45 84.30
NoisyQuant-Linear [10] N 6/6 76.86  81.90 - 76.37 79.77 82.78 84.57
BRECQ [3] v 6/6 5451 68.33 70.28 78.46 80.85 82.02 83.94
QDrop [16] v 6/6 70.25 75.76 70.64 77.95 80.87 82.60 84.33
PD-Quant [9] N 6/6 70.84  75.82 70.49 78.40 80.52 82.51 84.32
Bit-shrinking [6] v 6/6 80.44  83.16 - 78.51 80.47 82.44 -
1&S-ViT [22] v 6/6 80.43  83.82 70.85 79.15 81.68 82.89 84.94
DopQ-ViT [20] v 6/6 80.52  84.02 71.17 79.30 81.69 82.95 84.97
FIMA-Q [19] v 6/6 80.64 84.82 71.53 79.52 81.74 83.19 85.01
Mix-QViT (ours)* N MP6/MP6 81.11 84.80 71.85 79.63 81.74 83.34 85.19
Cascade Mask R-CNN with Swin-T and 51.9/44.9 with References

Swin-S. Overall, these results show that Mix-QViT main-
tains stable, near-lossless performance at 6-bit precision
while remaining highly competitive with the strongest ex-
isting PTQ methods.
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Mask R-CNN Cascade Mask R-CNN
Method Optim. Prec. (W/A) ", Swin-T w.Swin-S w.Swin-T w.Swin-S
Apboz Apmask APbom Apmask Apbom APmask Apboz APmask

Full-Precision 32/32 46.0 41.6 48.5 433 50.4 43.7 51.9 45.0
RepQ-ViT (5] X 3/3 0.5 0.5 1.9 1.3 0.7 0.7 1.3 1.2
Adal.og [18]f X 3/3 12.6 11.4 21.0 19.4 20.8 15.6 25.6 19.7
LRP-AQVIT [13] X MP3/MP3 28.2 26.1 33.2 29.4 33.2 31.1 37.9 31.5
Mix-QViT (ours)* X MP3/MP3 31.6 29.1 354 323 36.2 32.8 40.7 333
Mix-QViT (ours)* v MP3/MP3 34.5 31.1 38.4 35.6 42.2 39.8 45.0 41.3
RepQ-ViT [5] X 4/4 36.1 36.0 442 40.2 47.0 41.4 49.3 43.1
AdalLog [18] X 4/4 39.1 37.7 443 41.2 48.2 42.3 50.6 44.0
TSPTQ-ViT [14] X 4/4 429 39.3 45.0 40.7 47.8 41.6 48.8 42.5
1GQ-ViT [12] X 4/4 41.0 38.8 44.8 41.3 48.5 42.4 50.5 44.0
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LRP-AQVIT [13] X MP4/MP4 429 39.9 46.8 42.2 493 43.0 51.1 44 4
Mix-QViT (ours)* X MP4/MP4 44.8 40.6 47.6 42.7 49.6 43.0 51.3 44.6
1&S-ViT [22] v 4/4 37.5 36.6 43.4 40.3 48.2 42.0 50.3 43.6
DopQ-ViT [20] v 4/4 37.5 36.5 43.5 40.4 48.2 42.1 50.3 43.7
FIMA-Q [19] v 4/4 38.7 37.8 442 41.1 48.7 42.5 50.4 43.7
Mix-QViT (ours)* v MP4/MP4 44.9 40.7 47.6 42.8 49.7 43.1 51.3 44.6
PTQ4ViT [21] X 6/6 5.8 6.8 6.5 6.6 14.7 13.6 12.5 10.8
APQ-VIiT [1] X 6/6 45.4 41.2 47.9 429 48.6 42.5 50.5 43.9
RepQ-ViT [5] X 6/6 45.1 41.2 47.8 43.0 50.0 43.5 514 44.6
Adalog [18] X 6/6 454 41.3 48.0 43.2 50.1 43.6 51.7 44.8
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Mix-QViT (ours)* X MP6/MP6 45.9 41.5 48.3 43.2 50.2 43.6 51.8 44.9
Mix-QViT (ours)* v MP6/MP6 45.9 41.5 48.3 43.2 50.4 43.8 51.9 44.9
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