IPTQ-ViT: Post-Training Quantization of Non-linear Functions
for Integer-only Vision Transformers
- Supplementary Material -

A. IPTQ-VIiT Algorithm

Algorithm 1 summarizes the full pipeline of IPTQ-ViT to
support implementation and clarify the method described
in the main paper. To compute Unified Metric for a spe-
cific layer, we follow prior works [2, 3, 12] and assume that
the metric can be computed independently per layer. During
this process, only one activation layer is quantized at a time
using each candidate approximation function. If there are N
candidates, we compute N Unified Metric values per acti-
vation layer (e.g., Softmax, GELU, LayerNorm), enabling
layer-wise selection based on sensitivity, perturbation and
efficiency. The runtime of our IPTQ-ViT pipeline (includ-
ing analysis, assignment and PTQ calibration) is discussed
in Section E and the main paper.

B. Layer-wise Quantization Sensitivity

We apply IPTQ-ViT to ViT-B and measure the Signal-to-
Quantization-Noise Ratio (SQNR) for each activation layer,
where higher SQNR indicates lower quantization error. As
shown in Fig. 1, IPTQ-ViT consistently achieves higher
SQNR than FQ-ViT [10] and QAT-based approximations
(I-ViT* and I-BERT™). Notably, I-ViT* and I-BERT* ex-
hibit severe quantization error in GELU layers, leading to
error accumulation across the model. In contrast, IPTQ-
ViT maintains stable quantization quality across all layers,
demonstrating the effectiveness of our approach.

Algorithm 1: IPTQ-ViT Pipeline
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Input: Calibration dataset Dcaib, Analysis dataset
Danaiysis, Approximation function search space S
Data: metric, which is stored evaluation metric Q‘}l
for each function-layer pair
Output: Fully Quantized Vision Transformer )

foreach X, € Daaiysis do
Input X, into the full-precision model to extract
activations;

/+ Stage 1: Layer-wise Unified Metric
Analysis */

foreach approximation function f € S do

foreach a; € ViT i-th activation layers with name

layer_name do
Replace activation layer a; with f, resulting in

quantized submodel Qq,;
/* Calibration for Qg */
foreach X. € D.ui» do
Input X, into Qq;;
L Update quantization parameters of a;;

/* Metric Calculation x/
Input X, into Q,; using f;

Compute metric Q5';

Update metric[f][layer-name] « Q%%

/* Stage 2:
Assignment */
foreach activation layer 1ayer_name do
Select f' = argmaxy metric[f][layer_name];
L Assign f’ to layer layer_name;

Approximation Function

/* Stage 3: PTQ Calibration */
foreach X. € D.yi» do
Input X into the quantized model Q);
L Update all quantization parameters;

return Final quantized model Q

Layer (block.layer)

Figure 1. Visualization of layer-wise quantization sensitivity
(SQNR in dB, 7 better) of IPTQ-ViT, FQ-ViT [10], QAT-based
approximation functions on ViT-B under PTQ (W4AS).

C. Image Classification

C.1. Evaluation on Calibration Dataset Size

In this section, we evaluate the calibration dataset sizes of
data-driven PTQ methods [9, 10, 13] and IPTQ-ViT on
ImageNet-1k. In Tab. 1, FQ-ViT [10] requires 1000 im-
ages, while RepQ-ViT [9] and PTQ4ViT [13] use 32. IPTQ-
ViT achieves effective quantization with as few as 4 to 8
images in both W8AS8 and W4AS8. IPTQ-ViT outperforms
FQ-ViT [10] and RepQ-ViT [9] on all models except tiny
models, using fewer calibration samples. The partial use of



floating-point operations in FQ-ViT [10] and RepQ-ViT [9]
helps mitigate quantization errors in non-linear layers, of-
fering a relative advantage on tiny models. However, IPTQ-
ViT maintains competitive accuracy while supporting fully
integer-only inference.

Method Data Type Quant Type Data Images
PSAQ-VIiT V1 [7] DF Synthetic 32
PSAQ-ViT V2 [8] DF Synthetic 32
CLAMP-ViT [11] . DF Synthetic 32
FQ-ViT [10] Partial-INT DD Real 1K
RepQ-ViT [9] DD Real 32
PTQ4ViT [13] DD Real 32
IPTQ-ViT Full-INT DD Real 4~8

Table 1. Summary of calibration dataset requirements for each
method on the ImageNet-1K. "DF” indicates data-free PTQ. "DD”
indicates data-driven PTQ.

C.2. Impact of Calibration Dataset Size

We evaluate the impact of calibration dataset size on the
quantized model performance by gradually reducing the
number of calibration images used in IPTQ-ViT. We change
the number of calibration samples from 1000 to 4 under
both W8AS8 and W4AS, measuring the resulting accuracy
across various Vision Transformer models. As shown in
Tab. 2 and Tab. 3, IPTQ-ViT maintains stable accuracy with
as few as 4 to 8 calibration images. Our method is distinct
in calibration dataset size from previous data-driven PTQ
methods [9, 10, 13], which need larger calibration datasets.

Images ‘ DeiT-T DeiT-S DeiT-B  ViT-B  ViT-L. Swin-T Swin-S

1000 71.80 79.40 81.43  83.74 8528 80.42 82.92
800 71.69 79.42 81.46  83.84 8524 80.43 82.92
512 71.74 79.41 81.39  83.81 8545 80.35 82.88
256 71.78 79.49 81.45 8390 8544 80.54 82.86
128 71.78 79.34 81.49  83.86 8550  80.65 82.90
64 71.87 79.46 81.50 83.84 8542 80.71 82.98
32 71.81 79.54 81.55 84.05 85.38 80.79 82.93
16 71.73 79.50 81.67 84.00 85.38 80.86 82.94
8 71.97 79.58 81.64 8399 8543 80.90 83.08
4 72.10 79.76 81.84  84.19 8551 81.09 82.94

MAX ‘ 72.10 79.76 81.84  84.19 8551 81.09 83.08

Table 2. Top-1 accuracy (%) of IPTQ-ViT under W8AS with vari-
ous calibration dataset sizes.

D. Object Detection

We evaluate IPTQ-ViT and QAT-based approximation func-
tions on Cascade Mask R-CNN [1] and Mask R-CNN [4]
with a Swin backbone for object detection. As discussed
in the motivation section, applying QAT-based approxima-
tions directly under PTQ leads to accuracy degradation in
object detection as well. As shown in Tab. 4, I-ViT* and I-
BERT* exhibit significant drops in accuracy under W4AS8
quantization, whereas IPTQ-ViT maintains performance.

Images | DeiT-T DeiT-S DeiT-B  ViT-B  ViT-L Swin-T Swin-S

1000 66.63 76.83 80.30  81.00 8476  78.58 81.68
800 66.78 76.93 80.28  81.00 84.82  78.61 81.73
512 66.70 76.97 80.31 80.97 84.87  78.57 81.76
256 66.90 76.99 80.52  81.28 8486  78.70 81.71
128 66.74 76.95 80.31 81.01 8496  78.72 81.68
64 66.79 76.86 80.37  81.08 85.03  78.75 81.70
32 66.82 76.97 80.37 8148 8487  78.82 81.66
16 66.78 77.04 80.49 8149 8491 78.92 81.85
8 66.80 77.14 80.98  81.68 84.91 79.09 81.91
4 66.87 77.28 80.56  82.03 84.91 79.13 82.53

MAX ‘ 66.90 77.28 80.98  82.03 85.03 79.13 82.53

Table 3. Top-1 accuracy (%) of IPTQ-ViT under W4AS8 with vari-
ous calibration dataset sizes.

Method WSAS8 W4A8
Swin-B APbox APmask APbox APpmask
I-ViT* 0.7 0.6 0.3 0.2
I-BERT* 50.2 43.8 15.5 14.1
PTQA4VIT [13] 2 1.9 20 28.4
FQ-ViT [10] 51.1 443 N/A N/A
IPTQ-ViT 51.7 44.9 45.0 39.2

Table 4. Object detection results on COCO dataset using Cascade
Mask R-CNN [1] with Swin-B under W4A8 quantization.

D.1. Impact of Calibration Dataset Size

Following the same setting as in Section C.2, we evaluate
the effect of calibration dataset size on IPTQ-ViT for object
detection. Experiments are conducted on the COCO dataset
using Cascade Mask R-CNN [1] with Swin-T and Swin-S
backbones under W8AS8 and W4AS8 quantization settings.
The range of calibration dataset sizes remains identical to
that used for Section C.2. In Tab 5, IPTQ-ViT shows con-
sistent robustness to calibration size in object detection task
as shown in image classification task. For example, in the
WB8AS setting with Swin-T, the difference between the min-
imum and maximum box AP is only 0.2, indicating that per-
formance is less sensitive to calibration dataset size.

| W8AS W4A8

Images ‘ Swin-T Swin-S Swin-T Swin-S
‘ APbox  pApmask  Apbox  pApmask  Apbox  gpmask  pApbox A pmask

1000 50.3 43.6 51.7 44.7 41.7 36.5 48.0 41.6
800 50.3 43.7 51.8 44.8 41.8 36.6 479 415

512 50.4 43.7 51.6 44.7 41.8 36.7 48.0 41.6
256 50.3 437 51.7 447 42.7 373 47.9 41.6
128 50.3 43.6 51.7 44.8 42.5 37.2 48.0 41.6
64 50.2 43.6 51.7 44.7 42.8 37.5 48.1 41.7
32 50.3 435 51.8 44.8 42.7 373 48.2 41.8
16 50.2 43.5 51.4 44.5 42.0 36.8 479 415
8 50.4 437 51.5 44.6 43.1 377 48.0 41.6
4 50.3 433 51.5 44.5 42.4 37.1 48.2 41.8
MAX ‘ 50.4 437 51.8 44.8 43.1 377 48.2 41.8

Table 5. Object detection results on COCO dataset using Cascade
Mask R-CNN [1] with Swin-T and Swin-S under varying calibra-
tion dataset sizes.



Method W/A Swin-T Swin-S
APbox APmask APbox APmask

FQ-ViT [10] 8/8 45.3 41.2 48.2 42.6

IPTQ-ViT 8/8 459 41.5 48.2 43.1

Table 6. Comparison of IPTQ-ViT and FQ-ViT [10] on object de-
tection with Mask R-CNN [4] on COCO dataset.

E. Quantization Runtime

While Section 5.4 of the main paper reports runtime only for
DeiT-S, we extend the evaluation to various ViTs on a single
NVIDIA 3090 GPU. The average runtimes are summarized
in Tab. 7. Fig. 2 compares the runtime and top-1 accuracy
of IPTQ-ViT with previous PTQ methods [7, 10, 11, 13]
on ViT-B. In Fig. 2, we achieve shorter runtime than
PTQ4ViT [13], PSAQ-ViT V1 [7], and CLAMP-ViT [11].
While the runtime of IPTQ-ViT is longer than FQ-ViT [10],
it achieves 0.49%p higher accuracy, consistent with DeiT-S
results reported in the main paper.

DeiT-T DeiT-S ViT-B  Swin-T Swin-S
Runtime (m) 2.07 2.37 3.24 2.71 4.58

Table 7. Runtime (in minutes) of IPTQ-ViT on a single NVIDIA
3090 GPU. Reported times include analysis, assignment and cali-
bration, excluding inference.
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Figure 2. Runtime comparison of PTQ methods on Vi7-B under
WS8AS quantization. Reported times include quantization stages
such as analysis, assignment, and calibration, excluding inference.

F. Model Size

As shown in Tab. 8, IPTQ-ViT achieves higher top-1 accu-
racy than PSAQ-ViT V1 [7] and V2 [8], while maintaining
a similar model size. We compared the methods that support
official model sizes.

DeiT-T DeiT-S ViT-B Swin-T Swin-S

Size Acc. Size Acc. Size Acc. Size Ace. Size Acc.

Method

Baseline (FP) 20 7221 88 79.85 344 8453 116 8135 200 83.20
PSAQ-VITVI1[7] 25 7156 11 7692 43 3736 145 7535 25 76.64
PSAQ-VIT V2 [8] 25 7217 11  79.56 43 N/A 145 8020 25 8213
IPTQ-ViT 25 7210 11 79.76 43  84.19 145 81.09 25 83.08

Table 8. Comparison of model size (in MB) and ImageNet-1K
Top-1 accuracy (%) across quantization methods [7, 8].

G. Evaluation Recipe for Latency Evaluation

All models (FP32, I-ViT [6], IPTQ-ViT) were compiled and
executed with TVM on a single NVIDIA RTX 3090 GPU.
For reproducibility, we provide the evaluation recipe:

* TVM version: v0.9.0

* Batch size: 8

* Auto-tuning trials: 10,000

* Repetitions: 1,000

* Minimum repeat duration (ms): 500

* Timeout: 1,000 seconds maximum per measurement.

H. Additional Ablation Studies

H.1. Optimization Dataset Size for Data-aware
Poly-GELU

In Section 4.3 (Eq. 7) of the main paper, we compute the
coefficients of Data-aware Poly-GELU based on the size
of the optimization dataset (/N). In this section, we fur-
ther analyze how IV affects the accuracy of our approxi-
mation. Specifically, we vary N from 1000 to 10000 and
measure the L2 errors of the erf and GELU functions, along
with the ImageNet-1K top-1 accuracy under W4 A8 quanti-
zation. For top-1 accuracy evaluation, it is difficult to iso-
late the effect of Data-aware Poly-GELU within the IPTQ-
VIiT pipeline, as it includes components such as the Uni-
fied Metric and Efficient Bit-Softmax. Therefore, following
the setting from the main paper (Section 4.3), we evaluate
our method by replacing i-GELU [5] with Data-aware Poly-
GELU in the PTQ-applied I-BERT*. All other components
remain unchanged, allowing us to independently assess the
effect of dataset size on our proposed approximation.

As the size of the optimization dataset increases, over-
fitting to the GELU function can occur. However, unlike I-
BERT [5], which directly fits the entire GELU, our method
simplifies the optimization by indirectly fitting its core
component, erf, thus improving generalization. For exam-
ple, in the Swin-T, Fig.3a shows that the L2 error of erf
converges toward 0.01 with increasing dataset size, while
Fig.3b shows that although the L? error of GELU increases,
the top-1 accuracy also improves steadily. Across all eval-
uated models, selecting polynomial coefficients based on
lower erf error consistently leads to higher top-1 accuracy
than selection based on GELU error. Additionally, while
significant accuracy degradation was observed under W4 A8
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Figure 3. L? error of erf and GELU approximations and corre-
sponding Top-1 accuracy (%) on ImageNet-1K, evaluated with
different optimization dataset sizes (from 1000 to 10000 samples)
used in Eq. (7). (a) shows the error from Eq. (6) for erf, while (b)
shows the error from Eq. (8) for GELU.

when using i-GELU [5] in the motivation section of the
main paper (Section. 3), replacing it with our proposed
method mitigates accuracy degradation.

H.2. Effectiveness of Data-aware Poly-GELU

This section compares the proposed Data-aware Poly-
GELU with i-GELU of I-BERT [5] in PTQ setting. All
models share the same network architecture and experimen-
tal setup and apply identical approximation functions for
Softmax and LayerNorm as proposed in I-BERT [5]. The
only difference is the approximation used for GELU layers:
either i-GELU [5] or the proposed method.

Tab. 11 reports top-1 classification accuracy for
ImageNet-1K with W4AS8. I-BERT*, which uses i-

GELU [5], yields less than 0.1% accuracy across all mod-
els. I-BERT, using Data-aware Poly-GELU instead of i-
GELU [5], achieves an improvement of over 60%p accu-
racy under the same conditions. This substantial difference,
resulting from a single function replacement, underscores
the effectiveness of the proposed approximation.

We analyze quantization sensitivity using layer-wise
SQNR, as shown in Tab. 9 and Tab. 10. I-BERT* exhibits
a sharp decline in SQNR in deeper layers, indicating high
sensitivity to quantization. I-BERT' shows enhanced SQNR
across all blocks, indicating robustness. These results sug-
gest that the proposed method provides a more precise
GELU approximation than i-GELU [5] for vision data un-
der PTQ constraints.

H.3. Micro Ablation Study on Data-aware Poly-
GELU

We assess the contribution of three components of Data-
aware Poly-GELU: (i) VR—an optimization interval de-
rived from vision data statistics, (i) D4—a degree-4 poly-
nomial approximation, and (iii) erf—an erf-aligned objec-
tive. We conduct a micro ablation by replacing I-BERT*’s
i-GELU [5] (in a PTQ setting) with approximations that
include each component individually and in combination.

As shown in Table 15a, under W8A8 each component
alone improves accuracy, and combining all three reports
the largest gain, indicating that VR and erf complement D4.
Under W4AS8 in Table 15b, D4 is the dominant factor: re-
placing i-GELU [5] with D4 raises top-1 accuracy from as
low as 0.08% to a level comparable to other PTQ methods.
While VR and erf bring little gain on their own at W4AS,
adding them on top of D4 provides an additional +0.91%p
on average (up to +2.25%p on DeiT-T).

H.4. Effectiveness of Efficient Bit-Softmax

This section evaluates the effectiveness of Efficient Bit-
Softmax in PTQ by comparing it with Shiftmax [6]. Fol-
lowing the same experimental setup as Section H.2, both
models share the same network architecture and conditions.
All non-linear functions except Softmax are approximated
using the same functions proposed in I-ViT [6].

In Motivation section of the main paper, we show layer-
wise SQNR of Softmax layers in ViT-B using Shiftmax [6]
(I-ViT*) and our method (I-ViT'). Our method enhances
SQNR across all layers. As shown in Tab. 9 and Tab. 10,
[-ViT* exhibits a significant SQNR drop in deeper layers,
which indicates that Shiftmax accumulates quantization er-
rors and difficulties to remain stable in PTQ without retrain-
ing. On the other hand, I-ViTT shows improved SQNR for
each Softmax layer for both DeiT-B, ViT-B and Swin-S. It
demonstrates that our method provides more precise quan-
tization performance than QAT-based method of I-ViT [6].



Method Model blk1 blk2 blk3 blk4 blk5 blk6 blk7 blk8 blk9 blk10 blk11 blk12
DeiT-B I-BERT*  -32.36 (+27.29) -59.17 (+54.44) -47.91 (+44.07) -41.8 (+37.8) -37.58 (+33.06) -37.31 (+32.36) -34.09 (+28.82) -31.72(+26.09)  -37.9 (+31.7)  -45.87 (+40.45) -46.54 (+41.06) -31.49 (+26.85)
! I-BERT? -5.07 -3.84 -4.0 -4.95 -5.27 -5.63 -6.2 -5.48
VIT-B I-BERT*  -11.25 (+8.13)  -16.0 (+13.21)  -11.44 (+8.94)  -12.13 (+9.36)  -12.4(+8.93)  -1247 (+7.73)  -11.35 (+6.27) -8.98 (+5.09)  -13.43 (+10.97) -22.62 (+19.18) -25.08 (+24.29) -17.81 (+12.04)
I-BERT! -3.12 -2.79 =25 277 -3.47 -4.74 -5.08 -3.89 -2.46 -3.44 -0.79 -5.77
DeiT-B I-ViT* -18.9 (+3.18) -26.38 (+2.66) -16.09 (+2.76) 6.42 (+1.97) -3.75 (+2.3) -20.98 (+2.5) -20.5 (+2.66) -24.75 (+2.65) -27.36 (+2.64) -28.92 (+2.55) -14.07 (+1.8) -30.72 (+2.2)
I-viTt -15.72 -23.72 -13.33 8.39 -1.45 -18.48 -17.84 -22.10 -24.72 -26.37 -12.27 -28.52
ViTB I-ViT* 0.5 (+1.3) -1.1 (+1.91) -4.15 (+1.93) -7.5 (+2.45) -24.13 (+2.72) -32.66 (+2.71) -34.65 (+2.77) -27.42 (+2.75) -24.61 (+2.37) -21.04 (+2.51) -17.22 (+2.09) -10.72 (+1.64)
e 1-ViT! 1.8 0.81 .22 -5.05 -21.41 -29.95 -31.88 -24.67 -22.24 -18.53 -15.13 -9.07

Table 9. Layer-wise quantization sensitivity (SQNR in dB) comparison for GELU and Softmax in DeiT-B and ViT-B. * uses baseline

methods (i-GELU [5] for GELU, Shiftmax [6] for Softmax) and t

uses our methods. Colored values indicate SQNR gain (green).

Method L1.B1 L1.B2 L2.B1 L2.B2 L3.B1 L3.B2 L3.B3 L3.B4 L3.B5 L3.B6 L3.B7 L3.B8
LI-BERT* -35.38 (+27.78) -30.97 (+21.79) -18.32(+13.33) -20.87 (+15.92) -14.43 (+13.25) -26.26 (+23.82) -28.04 (+25.00) -22.09 (+20.30) -24.12(+21.73) -24.27 (+21.74) -24.74 (+21.66) -25.03 (+21.39)
I-BERT? -7.60 -9.18 -4.99 -4.95 -1.18 2. -3 -1 2. - - -

1-ViT* -26.92 (+1.68)  -26.80 (+1.70)  -12.22 (+1.63) -291 (+1.24) -16.55 (+1.61) -6.50 (+1.45) -24.21 (+1.69)  -1642 (+1.32)  -29.72 (+1.57)  -16.38 (+1.19)  -26.64 (+1.33)  -18.13 (+1.19)
-ViTt -25.24 -25.10 -10.59 -1.67 -14.94 22.52 -15.10 -28.15 -15.19 -25.31 -16.94
Method L3.B9 L3.B10 L3.B11 L3.B12 L3.B13 L3.B14 L3.B15 L3.B16 L3.B17 L4.B1 L4.B2

I-BERT*  -26.27 (+21.96) -27.10 (+23.32) -33.64 (+28.86) -32.14 (+28.43) -34.39 (+30.45) -28.90 (+25.03) -35.41(+29.95) -39.29 (+33.39) -75.15(+62.90) -68.67 (+50.68) -22.26 (+21.89)

I-BERTT -4.32 -3.78 -4.77 -3.71 -3.94 -3.87 -5.46 -5.90 -12.25 -17.99 -0.38

-viT* -25.71 (+1.24) -7.71 (+0.71) -13.65 (+0.97) -4.82 (+0.37) -14.83 (+0.92) -6.06 (+0.34) -10.42 (+0.70) -4.24 (-0.12) -7.57 (-0.20) -5.66 (-0.13) -4.21 (+0.41)

1-viTt -24.47 -12.68 -4.45 -13.91 -5.72 -9.72 -4.36 -1.77 -5.79 -3.80

Table 10. Layer-wise quantization sensitivity (SQNR in dB) comparison for GELU and Softmax in Swin-S. * uses baseline methods (i-
GELU [5] for GELU, Shiftmax [6] for Softmax) and { uses our methods. Colored values indicate SQNR gain (green) or degradation (red).

Method DeiT-T DeiT-S Deil-B  ViT-B  ViT-L  Swin-T  Swin-S
I-BERT* 0.08 0.10 0.10 0.09 0.10 0.10 0.10
I-BERT!  64.24 74.89 79.89 63770 8247 7829 81.62

Table 11. Top-1 accuracy (%) of polynomial approximation func-
tions on ImageNet-1k. * means quantized with I-BERT [5] meth-
ods. T means the same quantization as *, except for GELU, which
is quantized with ours. All models are quantized with W4AS.

I. Layer-wise Assignment Counts of Approxi-
mation Functions

Table 12 summarizes, for each non-linear layer, how often
each method is selected after the IPTQ-ViT pipeline.

J. Efficient Bit-Softmax: Trade-off Analysis
and Calibration Overfitting

In this section, we analyze why the degree-1 (D1) of
Eq. (13) outperforms the degree-2 (D2) in Sec. 4.4 of
main paper. For each model and bit-width, we measure
layer-wise Softmax SQNR on the calibration and valida-
tion sets and compute the gap ASQNR = SQNRyq —
SQN Reqiip- Results are summarized in Table 14 and Fig. 5
(with ASQN R shown to the right of the “val” value and
above the “’bar” plot). D2 shows consistently larger negative
ASQN R. For example, on DeiT-T with W8AS, D1 shows
an average SQNR increase of +1.52 dB, while D2 shows a
drop of 3.02 dB (Table 14). Similarly, in W4A8, they show
a drop of 1.44 dB, while D1 shows an increase of +0.08
dB. The same pattern is observed in Swin-T and Swin-S,

aligning with the results in Tab. 4 of main paper.
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Figure 5. Calibration vs. validation SQNR on Swin-T W4AS. Top:
Ours-D1, showing stable generalization. Bottom: Ours-D2, show-
ing overfitting. Numbers above bars: SQN Ryy — SQN Reaiiv-

Softmax GELU LayerNorm
Model Ours LViT FQ-ViT IBERT Ours IViT LBERT ILViT FQ-ViT IBERT
DeiT-T 6 0 4 2 9 2 1 4 6 15
DeiT-S 7 3 1 1 10 1 1 2 6 17
DeiT-B 4 2 6 0 7 4 1 6 3 16
VIT-B 3 0 8 1 9 2 1 4 12 9
Swin-T 5 2 2 3 8 1 3 9 6 10
Swins 17 4 2 1 18 6 0 18 19 12

Table 12. Layer-wise assignment counts of approximation func-
tions after the IPTQ-ViT pipeline.

Method L2 error L error
Eq.10 (I-ViT) 0.0454 0.0990
Eq.13 (Ours) 0.0347 0.0430

Table 13. Comparison of Eq. (10) and Eq. (13) in the main paper
over the range (— In 2, 0).



W/A  Degree Type B1 B2 B3 B4 BS B6 B7 B8 BY B10 Bl B12
8/8 Ours-DI calib 49.52 35.06 33.49 34.50 28.55 35.86 23.95 25.76 2543 26.94 21.90 13.95
8/8  OursDI  val 5224 (+2.72) 3826 (+3.20) 40.17 (+6.68) 3624 (+1.74) 29.44 (+0.89) 33.89 (-1.97) 26.03 (+2.08) 2353 (-223) 27.02(+1.59) 27.77 (+0.83) 25.16 (+3.26) 1337 (-0.58)
8/8 OursD2 calib 58.24 28.60 34.68 3591 28.07 29.47 2325 25.88 26.42 26.66 2541 13.62
8/8  OursD2  val 4921 (:9.03) 2598 (-2.62) 3023 (-4.45) 28.98(-6.93) 2573 (-2.34) 27.96(-1.51) 2278(-0.47) 2340(-248) 2488 (-1.54) 24.23(2.43) 24.10(-1.31) 1248 (-1.14)
4/8  Ours-DI  calib 35.87 24.84 22,06 20.31 19.80 18.55 12.58 12.83 13.80 13.39 12,96 328
4/8  OursDI  val 3536 (-0.51) 2477 (-0.07) 2236 (+0.30) 2047 (+0.16) 1921 (-0.59) 1857 (+0.02) 1278 (+0.20) 13.24 (+0.41) 1368 (-0.12)  13.30 (-0.09) 13.46 (+0.50) 3.9 (+0.71)
48  OursD2  calib 33.67 20.18 19.31 18.23 13.71 16.00 13.08 1472 14.46 13.28 13.53 6.40
48  OursD2  val 3391 (+0.24) 2007 (-0.11) 19.12(-0.19) 1748 (-0.75) 1275 (-0.96) 1436 (-1.64) 1130 -1.78) 12.12(-2.60) 1287 (-1.59) 1145 (-1.83) 1147 (-:2.06) 2.43 (-3.97)
(a) DeiT-T
W/A  Degree Type L1B1 L1.B2 L2.B1 L2.B2 L3.B1 L3.B2 L3.B3 L3.B4 L3.B5 L3.B6 L4.B1 L4.B2
8/8 Ours-DI calib 4159 2827 44.13 26.32 31.81 2827 22,62 2251 17.22 15.24 15.80 13.69
8/8  Ours-DI  val  40.98 (-0.61) 3048 (+2.21) 46.60 (+2.47) 28.55(+2.23) 32.80 (+0.99) 29.49 (+1.22) 24.26 (+1.64) 24.10 (+1.59) 19.99 (+2.77) 1830 (+3.06) 18.38 (+2.58) 17.05 (+3.36)
8/8 Ours-D2 calib 4422 28.82 4532 26.40 30.99 28.48 23.89 23.57 18.13 16.59 16.30 14.92
8/8 Ours-D2  val  39.50 (-4.72) 2811 (-0.71) 43.26 (-2.06) 2626 (-0.14) 29.69 (-1.30) 27.47 (-1.01) 2229 (-1.60) 22.51 (-1.06) 17.08 (-1.05) 1577 (-0.82) 15.83 (-0.47)  14.69 (-0.23)
4/8  OursDI calib 3475 20.21 35.92 19.10 24.45 21.55 15.85 15.95 1131 10.24 10.83 9.49
48  OursDI  val 3491 (+0.16) 2025 (+0.04) 3571 (-021) 19.96 (+0.86) 24.91 (+0.46) 21.80 (+0.25) 1621 (+0.36) 16,13 (+0.18) 1175 (+0.44) 10.49 (+0.25) 1249 (+1.66) 10.33 (+0.84)
4/8  OursD2 calib 34.01 21.03 37.76 20.30 2535 21.89 16.59 1643 11.57 1135 12.36 937
48 OursD2  val  31.53(-2.48) 20.15(-0.88) 3437(-339) 1930 (-1.00) 2475(-0.60) 2151 (-0.38) 15.55(-1.04) 1543 (-1.00) 1020 (-1.37) 1022(-1.13)  8.90(-3.46)  7.75 (-1.62)
(b) Swin-T
Bit Degree Type L1.B1 L1.B2 L2.B1 L2.B2 L3.B1 L3.B2 L3.B3 L3.B4 L3.BS L3.B6 L3.B7 L3.B8
8  Ours-DI calib 39.15 3204 44.14 30.95 35.63 35.61 28.22 26.80 22.50 21.78 17.57 14.50
8 OursDI  val 3924 (+0.09) 3386 (+1.82) 4641 (+2.27) 3427 (+3.32) 38.36 (+2.73) 3836 (+2.75) 31.06 (+2.84) 3040 (+3.60) 2553 (+3.03) 2473 (+2.95) 19.85 (+2.28) 17.51 (+3.01)
8  Ours-D2 calib 4022 33.93 4383 3021 33.52 38.09 29.65 28.11 2372 23.66 18.98 16.51
8 Ours-D2  val  43.15(+2.93) 3073 (-3.20) 42.88 (-0.95) 31.08 (+0.87) 3534 (+1.82) 33.56(-4.53) 27.90 (-1.75) 2753 (-0.58) 22.64 (-1.08) 21.93 (-1.73) 17.87 (-L.11) 1523 (-1.28)
4 OursDI calib 3267 23.69 37.01 25.19 31.84 30.47 2371 2205 16.97 16.67 12.81 10.73
4 OursDI  val  33.16(+0.49) 24.61 (+0.92) 39.08 (+2.07) 27.05(+1.86) 3278 (+0.94) 31.84 (+1.37) 24.29 (+0.58) 23.15 (+1.10) 18.09 (+1.12) 1849 (+1.82) 13.67 (+0.86) 12.48 (+1.75)
4 OursD2 calib 35.98 24.56 37.22 25.53 29.34 30.02 2236 21.29 16.87 17.29 12.86 11.67
4 OursD2  val  38.08(+2.10) 2390 (-0.66) 36.46(-0.76) 24.80 (-0.73) 32.09 (+2.75) 30.16 (+0.14) 22.67 (+0.31) 21.68 (+0.39) 1671 (-0.16) 1577 (-1.52)  11.90 (-0.96) 1015 (-1.52)
Bit Degree Type L3.BY L3.B10 L3.B11 L3.B12 L3.B13 L3.B14 L3.B15 L3.B16 L3.B17 L3.B18 L4.B1 L4.B2
8  Ours-DI calib 11.87 9.72 7.92 6.23 6.64 6.17 6.51 5.84 5.49 578 16.94 14.89
8  OursDl  val 1323 (+1.36) 1273 (+3.01) 9.78 (+1.86) 9.05 (+2.82) 9.47 (+2.83) 9.15(+2.98) 9.23(+2.72) 849 (+2.65) 8.36(+2.87) 8.53 (+2.75) 1550 (-1.44) 13.12(-1.77)
8 Ours-D2 calib 12.62 10.88 8.05 7.02 776 6.89 7.12 7.13 6.70 7.11 16.12 13.86
8 OursD2  val  11.67(-0.95) 10.09(-0.79) 7.06(-0.99) 643 (-0.39) 6.45(-131) 6.13(-0.76)  6.20(-0.92) 579 (-1.34)  6.00(-0.70) 597 (-1.14)  15.09 (-1.03)  13.31 (-0.55)
4 Ours-DI calib 7.44 6.00 350 2.40 239 1.67 2.15 1.28 1.56 1.65 12.16 8.54
4 Ours-DI  val 927 (+1.83) 7.94(+1.94) 496 (+1.46) 481 (+241) 413 (+1.74) 491 (+3.24) 3.99 (+1.84) 435(+3.07) 330 (+1.74) 4.58(+2.93) 1250 (+0.34) 11.47 (+2.93)
4 Ours-D2 calib 8.66 7.64 574 425 4.60 451 456 4.23 3.94 3.87 8.18 8.34
4 OursD2  val  7.02(-1.64)  4.66(-2.98) 129 (-445) 0.77(-348) 0.10(-4.50) -0.11(-4.62) -0.53(-5.09) -0.27 (-4.50) -0.66 (-4.60) 0.38(-3.49) 11.04 (+2.86)  7.39 (-0.95)
(c) Swin-S

Table 14. Layer-wise SQNR (dB) of Efficient Bit-Softmax on DeiT-T, Swin-T, and Swin-S for degree-1 (D1) and degree-2 (D2)
polynomials in Eq. (13) of the main paper. D2 shows a larger drop from calibration to validation, indicating calibration overfitting.
green/red mark positive/negative ASQNR.

ASQNR = SQNR,,, — SQNR

calib>

VR D4 erf‘DeiT—T DeiT-S DeiT-B Swin-T Swin-S

VR D4 erf‘DeiT—T DeiT-S DeiT-B Swin-T Swin-S

I-BERT* ‘ 68.37 77.31 80.88 35.00 82.49 I-BERT™ ‘ 0.08 0.10 0.10 0.10 0.10

v 68.30 7742 80.81 3523 82.51 v 0.09 0.10 0.10 0.10 0.11

v 68.52 7772 8095 80.22 82.67 v 61.99 7399 7898 78.11 81.32

v 67.71 7751 80.78 36.00 82.55 v 0.09 0.10 0.10 0.11 0.10

v v 68.52 77.65 81.07 80.23 82.69 v v 62.00 7399 79.23 7831 81.32

v v 68.68 77.77 81.02 80.27 82.71 v v 62.67 7423 79.67 78.06 81.46

v v 68.24 7755 80.72 42.06 82.55 v v 0.10 0.10 0.10 0.12 0.10

v v v 68.73 7776 81.07 80.24 82.75 v v v 6424 7489 79.89 78.29 81.62
(a) W8AS (b) W4A8

Table 15. Micro ablation study of Data-aware Poly-GELU on ImageNet-1K under W8AS (left) and W4AS (right). We analyze the impact
of three components: Vision data input Range for optimizing approximation function (VR), Degree-4 polynomial (D4), and erf-based
optimization (erf). A v'denotes the use of a component, and I-BERT™ is the baseline.
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Figure 4. Extended experiments for the main paper (Section 3, Fig. 1): Comparison of activation distributions across all GELU layers in
ViT-B between the full-precision model, i-GELU [5], and our proposed approximation (Data-aware Poly-GELU). I-BERT (CV), quantized
under PTQ, exhibits the same degradation described in Section 3. In contrast, our method better preserves the original activation distribu-

tion.
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