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Table 1: Experimental Settings of FreeEnhance.

Configuration Value
Num inference steps 100
𝑡0 500
Scheduler DDIM
Eta of DDIM 0
Guidance scale 1
F𝑏𝑙𝑢𝑟 : Kernel size 3
F𝑏𝑙𝑢𝑟 : Sigma 1

Table 2: Text-to-image Generation Settings.

Configuration Value
Num inference steps 100
Scheduler DDIM
Eta of DDIM 0
Guidance scale 7.5
F𝑏𝑙𝑢𝑟 : Kernel size 3
F𝑏𝑙𝑢𝑟 : Sigma 1

The supplementary material contains: 1) implementation details of
FreeEnhance; 2) implementation details of applying FreeEnhance in
the text-to-image task; 3) empirical analysises exploring the trade-
off parameters in the noising and denoising stages of FreeEnhance;
4) more qualitative results of FreeEnhance and the comparisonswith
Magnific AI; 5) more qualitative results of FreeEnhance in the text-
to-image application; 6) a sample video demonstrating qualitative
comparisons of images before and after applying FreeEnhance.

1 IMPLEMENTATION OF FREEENHANCE
In addition to the description of FreeEnhance in Section 4.1 of the
main paper, Table 1 outlines the specific configurations applied in
our FreeEnhance for image enhancement tasks. We leverage the
Image-to-Image pipeline of Stable Diffusion XL from HuggingFace
Diffusers as a foundation. We then implement the noising and
denoising stages described in Sections 3.2 and 3.3 of the main paper,
respectively. For the adversarial regularization in the denoising
stage, the F𝑏𝑙𝑢𝑟 utilizes the Gaussian blur with a kernel size of 3
and a sigma value of 1. For the assessment of NR-IQA metrics, we
engage the IQA-Pytorch library [2]. Additionally, the HPSv2 scores
are evaluated using the official HPSv2 implementation, with the
compressed v2.1 version of the HPS model.

Table 3: Performances of FreeEnhance with different noise
strength (determined by 𝑡0) attached to input images on
HPDv2 Benchmark.

𝑡0 300 400 500 600 700
HPSv2 ↑ 20.30 21.63 29.32 28.80 28.20

Table 4: Effect of the trade-off parameter 𝜏 in FreeEnhance
on HPDv2 Benchmark.

𝜏 1.0 0.7 0.6 0.5 0.4 0.0
HPSv2 ↑ 28.94 29.30 29.32 29.23 29.18 28.07

2 FREEENHANCE FOR TEXT-TO-IMAGE
In addition to the description in Section 4.5 of the main paper, here
we elaborate the way to apply FreeEnhance to the task of Text-to-
Image image generation. Given the public availability of only the
Stable Diffusion 1.5 based PAG [1], we utilize the Text-to-Image
pipeline from HuggingFace Diffusers, specifically implemented for
Stable Diffusion 1.5, as our baseline for fair comparisons. Following
the methodologies outlined in Section 3.3 of the main paper, we
remold the denoising stage to integrate our FreeEnhance approach.
Table 2 shows the detailed configuration of the denoising process
for Text-to-Image generation.

3 ANALYSIS OF TRADE-OFF PARAMETERS
Effect of Noise Strength Parameter 𝑡0. We investigate the in-
fluence of the hyper-parameter 𝑡0, which determines the inten-
sity of noise applied to the input image. Table 3 details HPSv2
scores achieved with different 𝑡0 values. Overall, the highest hu-
man preference score is observed with 𝑡0 = 500 = 0.5𝑇 , indicating
that moderately adding noise to input images benefits the image
enhancement process. Lower 𝑡0 values lead to diminished image
quality. We hypothesize that this deterioration may stem from the
excessive artifacts introduced into the low-frequency image regions
where the input image does not provide guidance during the inter-
nal denoising process (𝑥𝑐

𝑇
→ 𝑥𝑐𝑡0

within the Creative Stream). The
HPSv2 experiences a slight decline as we increase 𝑡0 beyond 500. A
higher 𝑡0 reduces the number of denoising steps performed by the
Creative Stream, resulting in a limited generation of image details,
which are crucial factors in human assessments of image quality.
Effect of the trade-off parameter 𝜏 . To verify the effect of the
trade-off parameter 𝜏 in Eq.(5) of the main paper, we detail the
enhancement performances (i.e., HPSv2) with different values of
the trade-off parameter 𝜏 in Table 4. In the extreme case of 𝜏 = 1.0,
the low-frequency regions of the blended noisy image are solely
influenced by the Stable Stream, resulting in the inability to in-
corporate additional details into the input image and sub-optimal



117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

ACM MM, 2024, Melbourne, Australia Anonymous Authors

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

Table 5: Comparison of FreeEnhance with and without Dis-
tribution Calibration on HPDv2 Benchmark.

without calibration with calibration
HPSv2 ↑ 27.50 29.32

Table 6: Comparison of FreeEnhance employing different
values of 𝜌𝑎𝑐𝑢 , 𝜌𝑑𝑖𝑠𝑡 , and 𝜌𝑎𝑑𝑣 on HPDv2 Benchmark.

𝜌𝑎𝑐𝑢 0 2 4 6 8
HPSv2 ↑ 29.15 29.25 29.32 29.21 29.01

𝜌𝑑𝑖𝑠𝑡 0 20 40 60 80
HPSv2 ↑ 29.24 29.32 29.29 29.28 29.27

𝜌𝑎𝑑𝑣 0 0.3 0.5 0.7 0.9
HPSv2 ↑ 28.92 29.32 29.12 28.79 28.43

results. When 𝜏 is reduced to 0.7, a improvement in image quality
is observed, indicating that the two-stream noising scheme facili-
tates the generation of image details. The performance change is
relatively smooth as 𝜏 varies within the range of 0.7 to 0.4, with the
optimal result achieved at 𝜏 = 0.6. Moreover, the HPSv2 experiences
a significant decline when 𝜏 = 0. We postulate that this decrease
may stem from artifacts in the low-frequency regions of the image
where the noise is exclusively provided by the Creative Stream.
Effect of the Distribution Calibration. In addition to the qual-
itative demonstration in Figure 4 of the main paper, Table 5 here
further quantitatively elaborates the effectiveness of the distribu-
tion calibration employed in the noising stage of FreeEnhance.
Effect of the Trade-off Parameters 𝜌𝑎𝑐𝑢 , 𝜌𝑑𝑖𝑠𝑡 , and 𝜌𝑎𝑑𝑣 . To ex-
amine the impact of the weights of three regularizations utilized by
FreeEnhance on the quality of enhanced images, we assess FreeEn-
hance configured with various values of 𝜌𝑎𝑐𝑢 , 𝜌𝑑𝑖𝑠𝑡 , and 𝜌𝑎𝑑𝑣 , and
summarize the corresponding HPSv2 scores in Table 6. Our re-
sults indicate that FreeEnhance experiences performance degra-
dation when any one of the regularizations is disabled (i.e., when
the weight of regularization is set to 0). Regarding 𝜌𝑎𝑐𝑢 , FreeEn-
hance achieves optimal results when 𝜌𝑎𝑐𝑢 = 4, but experiences
performance degradation when 𝜌𝑎𝑐𝑢 ≥ 8 due to an overemphasis
on image acutance. Similarly, the highest HPSv2 score is attained
when 𝜌𝑎𝑑𝑣 = 0.3, whereas larger weights of the adversarial regu-
larization negatively impact human preference for the images. The
HPSv2 fluctuates within a range of 0.05 when the values of 𝜌𝑑𝑖𝑠𝑡
are adjusted from 20 to 80. In the experiments detailed in the main
paper, 𝜌𝑎𝑐𝑢 , 𝜌𝑑𝑖𝑠𝑡 , and 𝜌𝑎𝑑𝑣 are fixed at 4, 20, and 0.3, respectively.

4 QUALITATIVE RESULTS OF IMAGE
ENHANCEMENT

We showcase more qualitative results in Figure 1, Figure 2, and
Figure 3. Similar to the observation in the main paper, the visual
quality of input images is consistently improved and image details
are properly added in a content-consistent manner by FreeEnhance.

5 QUALITATIVE RESULTS OF
TEXT-TO-IMAGE GENERATION

In addition to Figure 9 of the main paper, Figure 4 provided here
offers additional qualitative comparisons among Stable Diffusion
1.5 (SD 1.5), SAG [3], PAG [1], and FreeEnhance about text-to-
image generation. Images generated by FreeEnhance consist of
more detailed structures and faithfully reflect the text prompts,
surpassing both SD 1.5, SAG and PAG.

6 SAMPLE VIDEO
We summarize several qualitative results of FreeEnhance into a
video (“FreeEnhance.mp4”) and demonstrate the effectiveness of
image enhancement by placing images before and after enhance-
ment on top of each other and displaying them alternately.
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Figure 1: Examples of image enhancement results of FreeEnhance on HPSv2 benchmark.



349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

ACM MM, 2024, Melbourne, Australia Anonymous Authors

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Input

FreeEnhance

Figure 2: Examples of image enhancement results of FreeEnhance on HPSv2 benchmark.
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Figure 3: More comparisons of images enhanced by Magnific AI and our FreeEnhance.
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A full-length portrait of a woman in a navy blue gown with gold 
embroidery, standing in a park setting.

A cyberpunk-inspired digital painting featuring intricate and highly 
detailed city architecture.

A Chinese wuxia walks on stone steps towards a stone gate leading to 
a dark cave in a beautiful landscape painting featuring a temple, a 

turbulent lake, waterfall, fog, and a single rainbow.

An entrance to a dungeon at the base of an ancient mountain in the 
morning light with a Studio Ghibli inspired style, possibly done by 

Hayao Miyazaki.

A painting of an epic cinematic scene from Ramayan by Beeple. A small kitchen does have plenty of cabinets.

The cat is sitting on the old butcher block. A mirror shows another light in a background of a wonderful bathroom.

A forest painted in gouache with a morning light.Two girls holding hands while watching the world burn.

A fantasy matte painting of Link from Zelda in a forest during autumn 
with sun rays and dust.

A golden dust cat shape created through digital art with sand texture 
and rendered using Unreal Engine.

Figure 4: Qualitative comparisons of images synthesized using various denoising approaches in the text-to-image scenario,
using prompts from HPDv2 benchmark.
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