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Figure 1. KnobGen. Our method democratizes sketch-based im-
age generation by effectively handling a broad spectrum of sketch
complexity and user drawing ability—from novice sketches to
those made by seasoned artists—while maintaining the natural ap-
pearance of the image.

Abstract

Recent advances in diffusion models have significantly im-001
proved text-to-image (T2I) generation, but they often strug-002
gle to balance fine-grained precision with high-level con-003
trol. Methods like ControlNet and T2I-Adapter excel at fol-004
lowing sketches by seasoned artists but tend to be repli-005
cating unintentional flaws in sketches from novice users.006
Meanwhile, coarse-grained methods, such as sketch-based007
abstraction frameworks, offer more accessible input han-008
dling but lack the precise control needed for professional009
use. To address these limitations, we propose KnobGen,010
a dual-pathway framework that democratizes sketch-based011
image generation by adapting to varying levels of sketch012

complexity and user skill. KnobGen uses a Coarse-Grained 013
Controller (CGC) module for high-level semantics and a 014
Fine-Grained Controller (FGC) module for detailed refine- 015
ment. The relative strength of these two modules can be ad- 016
justed through our knob inference mechanism to align with 017
the user’s specific needs. These mechanisms ensure that 018
KnobGen can flexibly generate images from both novice 019
sketches and those drawn by seasoned artists. This main- 020
tains control over the final output while preserving the natu- 021
ral appearance of the image, as evidenced on the MultiGen- 022
20M dataset and a newly collected sketch dataset. 023

1. Introduction 024

Diffusion models (DMs) have revolutionized text-to-image 025
(T2I) generation by generating visually rich images based 026
on text prompts, excelling at capturing various levels of de- 027
tail—from textures to high-level semantics [25, 26, 34, 36, 028
38]. Despite their success, one of the primary limitations 029
of these models is their inability to precisely convey spatial 030
layout of the user-provided sketches. While text prompts 031
can describe scenes, they struggle to capture complex spa- 032
tial features, which makes it challenging to align gener- 033
ated images with user intent. This is particularly intensified 034
when these users vary in skill and experience [3, 13, 43, 52]. 035

To improve spatial control, sketch-conditioned DMs 036
like ControlNet [54], T2I-Adapter [24], and ControlNet++ 037
[19] have introduced mechanisms to allow users to input 038
sketches that guide the generated image. However, these 039
approaches primarily cater to artistic sketches with intricate 040
details, which poses a challenge for novice users. When 041
presented with rough sketches, these models rigidly align 042
to unintentional flaws, producing results that misinterpret 043
the user’s intent and fail to achieve the desired visual out- 044
come. Furthermore, as shown in Figure 2 we observed that 045
the quality and alignment of the generated images with the 046
input sketch are highly sensitive to the weighting parameter 047
that governs the model’s dependence on the condition. 048
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Figure 2. Qualitative results demonstrating the impact of varying the weighting scheme in T2I-Adapter model. Lower weights result
in images that poorly align with the input sketch in terms of spatial conformity, while higher weights improve spatial conformity of the
generated image to the input sketch. However, higher weight compromises the natural appearance of the generated images.

In contrast, some frameworks such as [18, 47]1 have at-049
tempted to address the needs of novice users by introducing050
sketch abstraction. Although this democratizes the gener-051
ation process, [18] is limited to covering only 125 cate-052
gories of sketch subjects and cannot handle unseen cate-053
gories, significantly limiting the generalizability of the pre-054
trained DM to a limited number of subjects. Moreover,055
its abstraction-aware framework is not suitable for artistic-056
level sketches whose purpose is to guide the DM to follow057
a particular spatial layout. Additionally, the removal of the058
text-based conditioning in DM makes these models ignore059
the semantic power provided by text in diffusion models060
trained on large-scale image-text pairs. Additionally, it lim-061
its their ability to differentiate between visually similar but062
semantically distinct objects- such as zebra and horse. In063
[47] the latent space of DM is rigidly aligned with that of the064
sketch, resulting in maximal reliance on the input sketch.065

In a nutshell, existing methods for sketch-based image066
generation tend to focus on either end of the user-level spec-067
trum. As illustrated in Figure 3.a ,fine-grained conditioning068
modules like ControlNet and T2I-Adapter are designed to069
handle only artistic-grade sketches, while amateur-oriented070
approaches [18] in Figure 3.b cater to novice sketches with-071
out text guidance. These methods often fail to integrate072
both fine-grained and coarse-grained control across differ-073
ent user types and sketch complexities.074

To address these challenges, we propose KnobGen,075
a dual-pathway framework designed to empower a pre-076
trained DM with the capability to handle both professional077
and amateur-oriented approaches. KnobGen seamlessly in-078
tegrates fine-grained and coarse-grained sketch control into079
a unified architecture, allowing it to adapt to varying lev-080
els of sketch complexity and user expertise. Our model081
is built on two key pathways, Macro Pathway and Micro082
Pathway. The Macro Pathway extracts the high-level vi-083
sual and language semantics from the sketch image and the084
text prompt using CLIP encoders and injects them into the085

1The codes and model weights at the time of submission were unavail-
able which prevents reproducibility.

DM via our proposed Coarse-Grained Controller (CGC). 086
The Micro Pathway injects low-level features directly from 087
sketch through our Fine-Grained Controller (FGC). 088

Additionally, we propose two new approaches for train- 089
ing and inference in order to maintain a robust control of 090
the Micro and Macro Pathways in the conditional genera- 091
tion. First, we introduce Modulator, a mechanism dynam- 092
ically adjusting the influence of the FGC during training, 093
ensuring that the CGC dominates in the early training phase 094
to prevent overfitting to low-level sketch features extracted 095
by the FGC module. This allows the model to optimally 096
rely on both Pathways to capture high- and low-level spatial 097
and semantic features. At inference, the Knob mechanism 098
offers user-driven control during denoising steps, allowing 099
adjustment of the level of fidelity between the generated im- 100
age and the user’s inputs- sketch and text- by manipulating 101
Micro and Macro Pathways. These new training and infer- 102
ence approaches ensure that KnobGen effectively handles 103
not only novice sketches but also artistic-grade ones. Our 104
key contributions are as follows: 105

• Dual-Pathway Framework for Adaptive Sketch-Based 106
Image Generation: KnobGen introduces a novel dual- 107
pathway design that balances fine-grained and coarse- 108
grained pathways, providing controlled flexibility for 109
sketches with varied levels of details. This integration ex- 110
tends KnobGen’s applicability across diverse user types, 111
from novice sketchers to seasoned artists, addressing a 112
major gap in prior sketch-guided DM. 113

• Dynamic Modulator to Harmonize Coarse and Fine 114
Detail During Training: Our modulator mechanism 115
tunes the influence of coarse and fine-grained pathways 116
throughout training, overcoming the tendency of fine- 117
grained details to dominate early stages. By balancing 118
these inputs, our approach achieves optimal spatial layout 119
and feature refinement, which SOTA models lack due to 120
their reliance on fixed weighting schemes. 121

• Inference-Time Knob for User-Controlled Sketch Fi- 122
delity and Realism: Unlike uniform weighting schemes 123
in other models, our knob mechanism variably introduces 124
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Figure 3. Comparison across various sketch-control in DM. (a) fine-grained control based method such as ControlNet or T2I-adapter
rigidly resembles a novice sketch resulting in an unrealistic image (b) abstraction-aware frameworks such as [18] fails to capture fine
grained-detials without text guidance(c) while our proposed KnobGen smoothes out the imperfection of the user drawing and preserves
the features of the novice sketch. FGC: Fine-grained Controller, CGC: Coarse-grained Controller, ET : Text Encoder, EI : Image Encoder,
DM: Diffusion Model.

detail based on user input, preserving both spatial adher-125
ence to sketches and natural image appearance. This user-126
driven control allows KnobGen to flexibly adapt to di-127
verse user needs.128

2. Related Work129

2.1. Diffusion Models130

Recent advances in DM have enabled high-quality image131
generation with improved sample diversity [4, 10, 11, 14,132
23, 26, 28, 29, 35, 38, 42], often exceeding the perfor-133
mance of Generative Adversarial Networks (GAN) [7, 15,134
16, 40]. DMs are built on the concept of diffusion pro-135
cesses, where data are progressively corrupted by noise over136
several timesteps. The models learn to reverse this pro-137
cess by iteratively denoising noisy samples, transforming138
pure noise back into the original data distribution. Sev-139
eral studies, such as DDIM [44], DPM-solver [20], and140
Progressive Distillation [39], have focused on accelerating141
DMs’ generation process through more efficient sampling142
methodologies. To address the high computational costs of143
training and sampling, recent research has successfully em-144
ployed strategies to project the original data into a lower-145
dimensional manifold, with DMs being trained within this146
latent space. Representative methods include LSGM [46],147
LDM [36], and DALLE-2 [35] which leverage latent space.148

2.2. Text-to-Image Diffusion149

In addition to producing high-quality and diverse samples,150
DMs offer superior controllability, especially when guided151
by textual prompts [2, 5, 30, 36, 41, 50]. Imagen [38] em-152
ploys a pretrained large language model (e.g., T5 [33]) and153
a cascade architecture to achieve high-resolution, photore-154
alistic image generation. LDM [36], also known as Sta-155
ble Diffusion (SD), performs the diffusion process in the la-156
tent space with textual information injected into the under-157
lying UNet through a cross-attention mechanism, allowing158
for reduced computational complexity and improved gener-159
ation fidelity. To further address challenges when handling160

complex text prompts with multiple objects and object- 161
attribution bindings, RPG [53] proposed a training-free 162
framework that harnesses the chain-of-thought reasoning 163
capabilities of multimodal large language models (LLMs) 164
to enhance the compositionality of T2I generation. Ranni 165
[6] tackles this problem by introducing a semantic panel that 166
serves as an intermediary between text prompts and images; 167
an LLM is finetuned to generate semantic panels from text 168
which are then embedded and injected into the DM for di- 169
rect composition. Our proposed method aligns with the SD 170
paradigm but diverges by incorporating a composite module 171
that combines textual information with coarse-grained in- 172
formation from sketch inputs, thereby injecting more com- 173
prehensive high-level semantics into the diffusion model. 174

2.3. Conditional Diffusion with Semantic Maps 175

As textual prompts often lack the ability to convey de- 176
tailed information, recent research has explored condi- 177
tioning DMs on more complex or fine-grained seman- 178
tic maps, such as sketches, depth maps, normal maps, 179
etc. Works such as T2I-Adapter [24], ControlNet [54], 180
and SCEdit [13], leverage pretrained T2I models but em- 181
ploy different mechanisms to interpret and integrate these 182
detailed conditions into the diffusion process. UniCon- 183
trol [31] proposes a task-aware module to unify N differ- 184
ent conditions (i.e. N = 9) in a single network, achiev- 185
ing promising multi-condition generation with significantly 186
fewer model parameters compared to a multi-ControlNet 187
approach. While [18] attempts to democratize sketch-based 188
diffusion models, their approach faces several significant 189
limitations, as discussed in the Introduction section. In con- 190
trast, our dual-pathway method integrates both fine-grained 191
and coarse-grained sketch conditions while maintaining the 192
option for textual prompts. 193

3. Method 194

The design of KnobGen ensures that low- and high-level 195
details from the conditional signal, i.e. the sketch, are in- 196
corporated in a balanced manner, both during training and 197
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Figure 4. KnobGen vs. baseline on novice sketches. KnobGen handles novice sketches by injecting features from the Micro and Macro
Pathways in a controlled manner. Dual pathway design ensures that the generated image is faithful to the spatial layout of the original
input sketch and the image has a natural appearance. Baseline methods, however, exhibit difficulty in maintaining these desired properties
in their generations. We also provide examples with null prompt as an ablation study to demonstrate the robustness of KnobGen.

inference. In section 3.3, we introduce the modulator, il-198
lustrated in Figure 5.A, which harmonizes the influence of199
fine-grained control in the training phase. The modula-200
tor prevents the fine-grained control from overpowering the201
coarse-grained control signal in the early training stages—a202
common challenge in generative models [51] that SOTA203
diffusion models often overlook. In section 3.4, we further204
describe our knob mechanism, Figure 5.C, which adaptively205
adjusts the level of detail during inference to align with the206
user’s skill level.207

3.1. Preliminary208

Stable Diffusion Diffusion models [11] define a gener-209
ative process by gradually adding noise to input data z0210
through a Markovian forward diffusion process q(zt|z0). At211
each timestep t, noise is introduced into the data as follows:212

zt =
√
ᾱtz0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (1)213

where ϵ is sampled from a standard Gaussian distribu- 214
tion, and ᾱt =

∏t
s=0 αs, with αt = 1 − βt representing 215

a differentiable function of the timestep t. The diffusion 216
process converts z0 into pure Gaussian noise zT over time. 217

The training objective for diffusion models is to learn a 218
denoising network ϵθ that predicts the added noise ϵ at each 219
timestep t. The loss function, commonly referred to as the 220
denoising score matching objective, is expressed as: 221

222

L(ϵθ) =
T∑
t=1

Ez0∼q(z0),ϵ∼N (0,I)

[
∥ϵθ(

√
ᾱtz0 223

+
√
1− ᾱtϵ)− ϵ∥22

]
. (2) 224

In controllable generation tasks [24, 54], where both im- 225
age condition cv and text prompt ct are provided, the diffu- 226
sion loss function can be extended to include these condi- 227
tioning inputs. The loss at timestep t is modified as: 228
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Ltrain = Ez0,t,ct,cv,ϵ∼N (0,1)

[
∥ϵθ(zt, t, ct, cv)− ϵ∥22

]
, (3)229

where cv and ct represent the visual and textual condi-230
tioning inputs, respectively.231

During inference, given an initial noise vector zT ∼232
N (0, I), the final image x0 is recovered through a step-by-233
step denoising process [11], where the denoised estimate at234
each step t is calculated as:235

zt−1 =
1

√
αt

(
zt −

1− αt√
1− ᾱt

ϵθ(zt, t, ct, cv)

)
+ σtϵ, (4)236

with ϵθ being the noise predicted by the U-Net [37] at237
timestep t, and σt = 1−ᾱt−1

1−ᾱt
βt representing the variance238

of the posterior Gaussian distribution pθ(z0). This itera-239
tive process gradually refines zt until it converges to the de-240
noised image z0.241

3.2. Dual Pathway242

Figure 5 demonstrates our model, a dual-pathway frame-243
work that harmonizes high-level semantic abstraction with244
precise, low-level control over visual details. The integra-245
tion of the CGC module and FGC module enables Knob-246
Gen to adaptively inject high-level semantics and low-level247
features throughout the denoising process. This design en-248
sures that the model can scale its output complexity based249
on user input, thus supporting a wide spectrum of sketch250
sophistication levels.251

3.2.1. Macro Pathway252

Diffusion models typically rely on text-based conditioning253
using CLIP text encoders [32] to capture high-level seman-254
tics [26, 34, 38], but this approach often misses out on struc-255
tural cues inherent to other modalities, such as sketches.256
Although models such as CLIP [32] encode visual features257
and textual semantics, they remain biased toward coarse-258
grained features [1, 48]. In our CGC module, Figure 5.B,259
we used this fact to our advantage to fuse a high-level vi-260
sual and linguistic understanding to control DM generation261
by incorporating both text and image embeddings through a262
cross-attention mechanisms.263

Coarse-grained Controller (CGC): In our CGC mod-264
ule, we leverage the trained CLIP text encoder and its corre-265
sponding image encoder variant available in the pretrained266
Stable Diffusion Model [36]. Our CGC module first takes267
the raw sketch image (condition) and prompt as input. Us-268
ing the CLIP image and text encoders, the CGC module first269
projects them into xi ∈ R256×1024 and xp ∈ R77×768 which270
are the image and text embeddings. A cross-attention mech-271
anism then fuses these embeddings to produce a multimodal272

representation that combines textual semantics and visual 273
cues. This enables the diffusion process to encode the high- 274
level semantics from text while explicitly integrating spa- 275
tial features from the sketch using the Clip image encoder. 276
The cross-attended embeddings are injected into layers of 277
the denoising U-Net to preserve the coarse-grained visual- 278
textual features throughout the diffusion process. Detailed 279
discussion of the CGC module is in the Appendix 7. 280

3.2.2. Micro Pathway 281

For artistic users, preserving fine-grained details such as ob- 282
ject boundaries and textures is essential. The Fine-Grained 283
Controller (FGC) is designed to address these require- 284
ments by integrating pretrained modules such as Control- 285
Net [54] and the T2I-Adapter [24], which excel in capturing 286
these intricate features. Our Micro Pathway can utilize any 287
pretrained fine-grained controller module which shows the 288
flexibility of our proposed framework. 289

Incorporating these modules into our micro pathway al- 290
lows the model to capture detailed, sketch-based features 291
at multiple denoising stages. This pathway complements 292
the coarse-grained features extracted by the CGC module, 293
ensuring that the model not only preserves high-level se- 294
mantic coherence, but also maintains visual fidelity and spa- 295
tial accuracy with respect to sketch. Additionally, the FGC 296
module ensures that the model handles professional-grade 297
sketches with precision. 298

3.3. Modulator at training 299

One of the key innovations in KnobGen is the tanh-based 300
modulator, which regulates the contributions of the micro 301
and macro pathways during training, Figure 5.A. Based on 302
our experiments in section 4.4, the incorporation of micro 303
pathway in the early epochs of training process overshad- 304
ows the effect of our macro pathway. Not only does this 305
phenomenon lead to a model that overfits low-level features 306
of the sketch, but it also prevents the model from generaliz- 307
ing to broader spatial and conceptual features. To mitigate 308
this, we employ a modulator that progressively increases the 309
impact of the Micro Pathway, i.e. the FGC module, during 310
training. The modulator is based on a smooth tanh function: 311

mt = mmin +
1

2

1 + tanh(k · t
T

− 3︸ ︷︷ ︸
ψ

)

 · (mmax −mmin)

(5) 312
Here, t is the current epoch, T is the total number of 313

epochs of training, k = 6, ψ ∈ [−3, 3], mmin = 0.2 and 314
mmax = 1 where mmin and mmax define the range within 315
which the modulator effect (in percent), i.e. mt, will vary 316
over the course of the epochs. In order to choose mmin, we 317
heuristically found that the maximum lower bound for neg- 318
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Figure 5. Overview of KnobGen during training and inference. A illustrates the training process, where the CGC and FGC modules
are dynamically balanced by the modulator. B expands on the CGC module, detailing how high-level semantics from both text and image
inputs are integrated. C shows the inference process, including the knob mechanism that allows user-driven control over the level of fine-
grained detail in the final image.

Figure 6. Comparative results showcasing the impact of the
Modulator in the training process. The top side of the figure
displays results generated by the model trained without the Mod-
ulator, while the bottom part illustrates outputs from the model
trained with the Modulator.

ligible effect of the FGC is at mmin = 0.2. We did not con-319
duct an extensive hyperparameter search for mmin and only320
chose this value based on our observation of different case321
studies. As seen in Figure 5.A, the module ensures that dif-322
fusion is more affected by the Macro Pathway and less by323
the Micro Pathway in the early stages of training. As the324
training progresses, mt for the Micro Pathway approaches325
1 and as a result our FGC module will have an equal impact326
in the training as that of the CGC. By gradually modulat-327

ing the influence of the Micro Pathway, we prevent the pre- 328
mature weakening of high-level features presented by the 329
Macro Pathway, and ensure that both pathways contribute 330
optimally throughout the training. The effectiveness of our 331
modulator is experimented in section 4.4. 332

Remark.We selected the tanh function for its gradual tran- 333
sition across epochs which enables balanced modulation 334
of coarse and fine-grained contributions during training. 335
While we did not test other functions, the tanh function’s 336
properties effectively support stable learning. 337

3.4. Inference Knob 338

In typical diffusion models, the early denoising steps during 339
inference focus on generating high-level spatial features, 340
while the later steps refine finer details [11, 21]. In our dual- 341
pathway model, this mechanism is explicitly implemented 342
by our proposed inference-time Knob. This is essentially a 343
user-controlled tool (Figure 5.C) that determines the range 344
of how much abstraction or rigid alignment with respect to 345
the input sketch is desired by the user. 346

We introduce γ variable as our Knob parameter. Let the 347
total number of denoising steps be S, and γ represent the 348
step at which fine-grained details cease to influence the de- 349
noising process. The inference knob influnce the impact 350
of the CGC and FGC modules at inference-time, allowing 351
users to adjust γ depending on their desired level of detail: 352
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Figure 7. Impact of the knob mechanism across varying sketch complexities. From top to bottom, the sketches increase in complexity.
The horizontal color spectrum represents the knob values, with light blue on the left (γ=20) indicating minimal reliance on the sketch, and
dark blue on the right (γ=50) representing maximal reliance.

fℓ(t) =

{
fcoarse(t) + ffine(t), if t ≤ γ,

fcoarse(t), if t > γ,
∀ ℓ∈

{U-Net layers}353

In this equation, t represents the current denoising step354
during the inference. The parameter γ acts as the knob355
value, determining the threshold at which the injection of356
fine-grained features ceases. When the denoising step t357
is less than or equal to γ, both coarse-grained features358
fcoarse(t) and fine-grained features ffine(t), generated by the359
macro and micro pathways respectively, are injected into360
the U-Net across layers, denoted by ℓ. However, when t361
exceeds γ, only the coarse-grained features fcoarse(t) are in-362
jected into the U-Net.363

A lower γ value results in more abstract outputs with364
respect to the original input sketch, while a higher value365
makes the model produce images that closely match the366
sketch’s finer details. This adaptive control allows Knob-367
Gen to accommodate a wide range of user preferences368
and input complexities shown in Figure 7, ensuring that369
both novice and artists can generate images that align with370
their expectations. The effectiveness of our proposed Knob371
mechanism is illustrated in Appendix( 9.2).372

Remark. Unlike the T2I-Adapter [24] weighting approach, 373
which applies a uniform weight over the entire denoising 374
process (see Figure 2), our knob mechanism introduces a 375
flexible adjustment. This mechanism allows users to se- 376
lectively balance fine-grained and coarse-grained details 377
throughout denoising, tailoring image generation to the pre- 378
ferred level of detail, as demonstrated in Figure 7. 379

4. Experiment 380

We conducted several qualitative and quantitative experi- 381
ments to validate the effectiveness of KnobGen. The qual- 382
itative experiments showcase the effectiveness of our ap- 383
proach in guiding the DM based across different sketch 384
complexities. The qualitative experiments evaluate our 385
model against widely-used baselines on different generation 386
metrics such as CLIP and FID scores. We used pretrained 387
ControlNet and T2I-Adapter as our FGC module throught 388
all our experimentation. According to the parameters de- 389
fined in section 3.4, γ = 20 and S = 50. These values were 390
heuristically selected and were used consistently in all ex- 391
periments and baselines. 392

The extension of the qualitative experiments is available 393
in the Appendix (9). More quantitative and user study result 394
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are in Appendix (8). Furthermore, details about the setup395
used in the training and evaluation are in the Appendix (6).396

4.1. Qualitative Results397

Our qualitative results demonstrate the flexibility and effec-398
tiveness of KnobGen in handling varying sketch qualities.399
KnobGen is able to seamlessly adapt to sketches from rough400
amateur drawings to refined professional ones, highlighting401
its ability to cover the entire spectrum of user expertise. Fig-402
ure 7 illustrates the impact of our knob mechanism, where403
increasing the knob value (left to right) progressively im-404
proves the fidelity to the sketch input. This dynamic ad-405
justment enables precise control over the level of detail, al-406
lowing users to fine-tune generation outputs. More qualita-407
tive results with different input conditions and modes, such408
as no prompt, professional sketch and free-chyle sketch are409
provided in the Appendix (9.2).410

4.2. Comparison vs. baselines411

In order to conduct a fair comparative study, we evalu-412
ated KnobGen against baselines such as [19, 24, 54] on413
professional-grade sketches, novice ones and a spectrum414
in between. Figure 4 illustrates the superior quality of the415
novice-based sketch conditioning using our method against416
all the other baselines. KnobGen not only captures the spa-417
tial layout of the input sketch thanks to the CGC module418
but also extends beyond it by generating fine-grained de-419
tails through the FGC module which ultimately produces a420
naturally appealing images. Whereas the baselines either421
rigidly conditions themselves on the imperfect input sketch422
or does not follow the spatial layout desired by the user.423

Models CNet T2I UC CNet++ ADiff KG-CN KG-T2I
CLIP ↑ 0.3214 0.3152 0.3210 0.3204 0.2988 0.3353 0.3271
FID ↓ 106.25 109.75 95.30 99.51 119.01 93.87 98.41

Aesthetic ↑ 0.5182 0.5093 0.5133 0.5253 0.4751 0.5349 0.5208

Table 1. Model comparison on CLIP, FID, and Aesthetic scores.
Models include ControlNet (CNet), T2I-Adapter (T2I), UniCon-
trol (UC), ControlNet++ (CNet++), AnimateDiff (ADiff), and
KnobGen variants (KG-CN, KG-T2I) with ControlNet and T2I-
Adapter as Fine-Grained Controllers, respectively. KnobGen vari-
ants consistently outperform other models.

4.3. Quantitative Results424

Table 1 provides a quantitative comparison between state-425
of-the-art DM models and KnobGen over 600 sketch im-426
ages. We evaluated our model with two different FGC427
module plugins, that is, ControlNet and T2I-Adapter. We428
call our KnobGen whose FGC module is ControlNet KG-429
CN and with the T2I-Adapter KG-T2I. We measure per-430
formance using the CLIP score (prompt-image alignment),431
Fréchet Inception Distance (FID) and Aesthetic score (for432
more information, see Appendix 6). KG-CN achieves the433

highest CLIP score of 0.3353, surpassing the best baseline 434
of 0.3214. KG-CN also gives the lowest FID score (93.87) 435
and the highest aesthetic score (0.5349), demonstrating su- 436
perior image quality and realism. We use a stratified sam- 437
pling method based on pixel count to evaluate professional 438
and amateur sketches, ensuring robustness across varying 439
complexity levels. Our results demonstrate KnobGen’s ef- 440
fectiveness in generating high-quality images, regardless of 441
input skill level. 442

4.4. Ablation Study 443

One of the key innovations in our methodology is the in- 444
troduction of the Modulator, a mechanism designed to en- 445
hance the training process of our proposed CGC module. 446
We conducted an experiment where we trained two versions 447
of KnobGen with Modulator and without it. To assess the 448
effectiveness of the Modulator at the inference, we excluded 449
the FGC module after 20 denoising steps in the image gen- 450
eration process (S = 50, and γ = 20, please refer to section 451
3.4). Excluding the FGC module imposes the conditioning 452
of DM to be done by the CGC module. This experimental 453
configuration demonstrates the power of our CGC module. 454

Figure 6. presents the results of these experiments, 455
showcasing images generated with and without the Modula- 456
tor. The comparative analysis reveals that the model trained 457
with the Modulator exhibits a significantly enhanced ability 458
to integrate sketch-based coarse-grained guidance into the 459
image generation process. This indicates that the Modulator 460
not only improves the model’s overall performance but also 461
ensures that the CGC’s influence is effectively optimized 462
during training, resulting in controlled image synthesis. 463

5. Conclusion 464

In this paper, we presented KnobGen, a dual-pathway 465
framework designed to address the limitations of existing 466
sketch-based diffusion models by providing flexible control 467
over both fine-grained and coarse-grained features. Unlike 468
previous methods that focus on detailed precision or broad 469
abstraction, KnobGen leverages both pathways to achieve a 470
balanced integration of high-level semantic understanding 471
and low-level visual details. Our novel modulator dy- 472
namically governs the interaction between these pathways 473
during training, preventing over-reliance on fine-grained 474
information and ensuring that coarse-grained features 475
are well-established. Additionally, our inference knob 476
mechanism offers user-friendly control over the level of 477
professionalism in the final generated image, allowing the 478
model to adapt to a spectrum of sketching abilities—from 479
amateur to professional. By incorporating these mech- 480
anisms, KnobGen effectively bridges the gap between 481
user’s input and model robustness. Our approach sets a 482
new standard for sketch-based image generation, balancing 483
precision and abstraction in a unified, adaptable framework. 484

485

8



References486

[1] Lorenzo Bianchi, Fabio Carrara, Nicola Messina, and Fab-487
rizio Falchi. Is clip the main roadblock for fine-grained open-488
world perception? arXiv preprint arXiv:2404.03539, 2024.489
5490

[2] Junsong Chen, Jincheng YU, Chongjian GE, Lewei Yao,491
Enze Xie, Zhongdao Wang, James Kwok, Ping Luo,492
Huchuan Lu, and Zhenguo Li. Pixart-$\alpha$: Fast training493
of diffusion transformer for photorealistic text-to-image syn-494
thesis. In The Twelfth International Conference on Learning495
Representations, 2024. 3496

[3] Pinaki Nath Chowdhury, Ayan Kumar Bhunia, Aneeshan497
Sain, Subhadeep Koley, Tao Xiang, and Yi-Zhe Song.498
Scenetrilogy: On human scene-sketch and its complemen-499
tarity with photo and text. In Proceedings of the IEEE/CVF500
Conference on Computer Vision and Pattern Recognition,501
pages 10972–10983, 2023. 1502

[4] Prafulla Dhariwal and Alexander Nichol. Diffusion models503
beat gans on image synthesis. Advances in neural informa-504
tion processing systems, 34:8780–8794, 2021. 3505

[5] Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim506
Entezari, Jonas Müller, Harry Saini, Yam Levi, Dominik507
Lorenz, Axel Sauer, Frederic Boesel, Dustin Podell, Tim508
Dockhorn, Zion English, and Robin Rombach. Scaling rec-509
tified flow transformers for high-resolution image synthesis.510
In Forty-first International Conference on Machine Learn-511
ing, 2024. 3512

[6] Yutong Feng, Biao Gong, Di Chen, Yujun Shen, Yu Liu,513
and Jingren Zhou. Ranni: Taming text-to-image diffu-514
sion for accurate instruction following. In Proceedings of515
the IEEE/CVF Conference on Computer Vision and Pattern516
Recognition, pages 4744–4753, 2024. 3517

[7] Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing518
Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and519
Yoshua Bengio. Generative adversarial nets. Advances in520
neural information processing systems, 27, 2014. 3521

[8] Yuwei Guo, Ceyuan Yang, Anyi Rao, Zhengyang Liang,522
Yaohui Wang, Yu Qiao, Maneesh Agrawala, Dahua Lin,523
and Bo Dai. Animatediff: Animate your personalized text-524
to-image diffusion models without specific tuning. arXiv525
preprint arXiv:2307.04725, 2023. 1526

[9] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,527
Bernhard Nessler, and Sepp Hochreiter. Gans trained by a528
two time-scale update rule converge to a local nash equilib-529
rium. Advances in neural information processing systems,530
30, 2017. 1531

[10] Jonathan Ho and Tim Salimans. Classifier-free diffusion532
guidance. In NeurIPS 2021 Workshop on Deep Generative533
Models and Downstream Applications, 2021. 3534

[11] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising dif-535
fusion probabilistic models. Advances in neural information536
processing systems, 33:6840–6851, 2020. 3, 4, 5, 6537
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