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Appendix

FraQAT: Quantization Aware Training with Fractional bits
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Figure 1. Outliers: outliers distribution for activations varies

across models. SD3.5-M (left) experience most of its outliers right
after Feed Forward layers, while for PixArt-3, most outliers are in
Attention layers.

A. Experimental evaluation

A.l. Baselines

For state of the art baselines we rely on code released by
authors'” and use the default parameters. For all approaches
we use pre-trained models with default resolution 512 x
512. Where needed we change the baselines configurations
to use the same model.

A.2. Outlier analysis

Activation outliers disrupt the quantization process by in-
troducing artifacts or biases. By analyzing these outliers
across different models, we discover that different models
produce outliers in different layers. For example, in SD3.5-
M outliers emerge after Feed-Forward (FF) layers, while
in PixArt-X outliers arise from Attention (Attn) layers, see

ISVDQuant https :
deepcompressor
IDJTAS https://github.com/DzY122/DiTAS

/ / github . com / mit - han - lab /

Table 1. OQutlier analysis: we optimize specific layers types
while the rest of the model is frozen and quantized (W4A8). FID
and CLIP-FID are computed on PixArt-3 [1] evaluation dataset.

Model Layer FID| CLIPFID |
Attn 232 0.24
SD3S-M et 549 0.28
All 2.54 0.22
FF 2.18 0.17
Sana 600M " e 2.13 0.16
All 2.17 0.19
FF 534 1.55
Ay Aun 648 2.3
All 4.48 1.07

Figure 1. Through selectively training specific layers, we
can reduce FraQAT’s computational demand while obtain-
ing a deployable model. In this vein, we analyze the im-
pact of selective training, i.e., we optimize only certain lay-
ers while the rest of the network is frozen and quantized
(W4A8). In particular, we focus on attention layers (Attn),
feed forward layers (FF), and transformer blocks (TF), and
compare it with training the entire network (Full).
Quantitative results in Table 1 show that there is no clear
winner — a layer type for all architecture. Different models
take advantage from optimizing different layers. Neverthe-
less we recommend starting from quantizing Transformer
Blocks (TF) as it reduces memory requirements, lowers
computational demands, and addresses all outliers.

A.3. Hyper-parameters for QAT

We detail the various hyper parameters for all QAT experi-
ments in Table 2. In all cases we rely on FuseAdam as op-
timizer and optimize for 25 epochs. All experiments run on
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Figure 2. Qualitative comparison: FraQAT(d) generates images similar to the original model (a). Prompts are from MJHQ dataset [3].

AMD MI300X and are implemented using PyTorch®, Light-
ning*, torchao’, with seed 1234.

For all FraQAT experiments, we follow the schedule
highlighted in Table 3.

Experiments with the configuration highlighted above
take on average 192 GPUh for Sana, 576 GPUh for PixArt-
3], 1008 GPUh for SD3.5-Medium.

A.4. Qualitative evaluation

For additional qualitative evaluation on MJHQ dataset[3],
please see the html pages in the zip file and Figure 2.

A.5. Quantitative evaluation

Here we report additional evaluation of the proposed ap-
proach with a wider set of metrics. In particular, we rely on
VQA [4] to measure the adherence of the generated sam-
ples to the input prompts. We measure the image quality
with CLIP-IQA [8].

Table 4 shows FraQAT outperforms even the strongest
QAT baseline we developed namely SVDQAT, with overall
higher gains for SD3.5-Medium and PixArt-3 for both test
datasets.

A.6. Quantization schedule

To validate the benefits of a Fractional quantization sched-
ule (Table 3) we compare it with its Integer counterpart
8@ —=7—=6 — 5 —— 4), and a simpler progressive
schedule (16 — 8 — 4). For a fair comparison, all exper-
iments have the same computational budget. We measure
the validation loss across training and plot it in Figure 3.
The integer and simple schedules perform comparably to
each other. On the other hand, the Fractional schedule con-
sistently outperforms the two competitors during training,
resulting in a sensibly lower validation loss.

3https://pytorch.org/
4https://lightning.ai/docs/pytorch/stable/
5https://qithub.com/pytorch/ao
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Figure 3. Fractional schedule: we train SD3.5-M using a simple
progressive schedule (green), an integer schedule (orange), and a
fractional schedule (blue). As seen in the graph, the Fractional
schedule achives a lower validation loss.

B. Additional evaluation

B.1. Language Model

The proposed method is agnostic to the architecture and the
application. We apply FraQAT to Gemma?2 2B IT [7]°. Start
from the FP16 model — original —, then we quantize it to
4 bits in a similar fashion as we did with T2I models in
the main paper. We follow the same schedule as in Section
A.3. The quantized model (W4A8) is then compared with
the original model.

As training set we rely on a subset of C4 dataset [5]:
we pick randomly 384K samples for training and 38.4K
samples for validation. The model is evaluated on two
datasets in zero-shot fashion: BoolQ [2]7, and Common-
sense QA [6]°. Table 5 shows minimal drop when FraQAT
is applied to Gemma2 2B IT model. Therefore, proving
FraQAT can be applied to Language Models as well as Vi-
sion Models.

Shttps://huggingface.co/google/gemma-2-2b-it

"https://huggingface.co/datasets/google/boolg

8https : / / huggingface . co / datasets / allenai /
social_i_ga

CVPR

064

065

066
067
068
069
070
071
072

073
074
075
076
077
078
079
080


https://pytorch.org/
https://lightning.ai/docs/pytorch/stable/
https://github.com/pytorch/ao
https://huggingface.co/google/gemma-2-2b-it
https://huggingface.co/datasets/google/boolq
https://huggingface.co/datasets/allenai/social_i_qa
https://huggingface.co/datasets/allenai/social_i_qa

CVPR

081

082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116

CVPR 2026 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 2. Hyper-parameters: Detailed hyper-parameters required to replicate all experiments.

SD3.5-M Sana 600M PixArt-X
batch low batch low batch low
Ir ) Ir ) Ir .
size  rank size  rank size  rank
SVDQAT w4a8 10~° 128 32 107° 128 16 107% 256 16
vQAT W4A8 107° 256 - 1076 128 - 1076 128 -
FraQAT w4aA8 106 256 - 10=7 128 - 1076 128 -
Table 3. Precision schedule: During training we progressively eration. Advances in Neural Information Processing Systems,
reduce the precision following the prescribed schedule. 36:15903-15935, 2023. 4

Precision 8 7 6 55 5 475 45 425 4
1 1 1

# epochs

1 1 2 2 2 14
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Table 4. Qualitative evaluation: we evaluate FraQAT using a fractional quantization schedule on PixArt Evaluation dataset [1] and
MidJourney HQ Evaluation dataset [3] measuring FID, and CLIP-FID wrt the original model, CLIP-IQA [8], ImageReward (IR) [9], and
VQA [4].

PixArt-Y
SD3.5 Medium Sana 600M PixArt-X Flux-schnell
. CLIP CLIP VQA CLIP CLIP VQA CLIP CLIP VQA CLIP CLIP VQA
Method Precision FIDL gy a1 BT gooret ™4 mpy 1081 BT scoet TPV mpy 1081 BT soret TPV mpy 10a1 R scoret
Dynamic Q. WAAS 936 208 044 056 084 222 024 046 057 082 1335 619 044 035 082 817 113 043 -073 077
DIiTAS W4A8 27.93 1377 047 041 082 1287 458 045 062 082 730 395 046 084 086 - - - - -
SVDQuant W4Al6 1442 314 042 066 085 243 024 043 060 082 680 202 043 079 086 226 036 042 084 085
SVDQAT  w4as 257 028 045 080 085 193 013 043 048 082 538 148 043 076  0.86 - - - - -
VQAT W4A8 267 031 044 078 085 213 016 043 045 081 700 252 045 079 085 340 066 041 087 086
MIHQ
SD3.5 Medium Sana 600M PixArt-X Flux-schnell
. CLIP CLIP VQA CLIP CLIP VQA CLIP CLIP VQA CLIP CLIP VQA
Method Precision FIDL gyt 1041 BT scoret ™4 Fpp 10a1 T sworet PV FDy 1041 T scoret "V FDy 108+ RT scoret
Dynamic Q. WA4AS 1029 211 044 065 079 240 028 045 063 074 1504 555 043 044 074 866 124 042 -090 065
DIiTAS W4AS 3204 1406 047 041 073 1291 559 045 068 075 863 407 046 104 0.0 - - - - -
SVDQuant  W4alé 1510 3.06 042 078 078 248 025 042 062 075 695 171 043 099 080 241 041 042 096 0.79
SVDQAT  w4a8 285 032 045 091 080 204 016 043 053 074 583 144 043 096 081 - - - - -
VQAT WAAS 301 037 044 089 080 213 020 043 047 074 738 212 044 099 080 356 073 041 099  0.80

Table 5. Evaluation on Language Models: We apply FraQAT to Gemma2 2B IT [7] exactly as we did to T2I models. The quantized
model is evaluated on Common Sense QA and BoolQ datasets. The resulting model has minimal drop from original language model.

Model Precision ~ Common Sense QA 1 BoolQ 1 COQA 1

0.66 +0.01

Original (W16A32)
FraQAT (W4Aa8)

0.69 +0.01 0.72+0.01
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