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Appendix
In this appendix, we provide additional details about the
model architecture and supplementary results that further
demonstrate the robustness of our approach. These sections
aim to provide a deeper understanding of the technical com-
ponents and showcase more comprehensive comparisons.
• Appendix 1: explain training and evaluation setup.
• Appendix 2: expands on the details of the CGC module.
• Appendix 3: explains our conducted user study.
• Appendix 4: provides more qualitative results.

1. Setup
Dataset: We utilized the MultiGen-20M dataset, as intro-
duced by [10], to train and evaluate our model. The dataset
offers various conditions, making it a suitable choice for our
approach. We selected 20,000 images for training, focusing
specifically on those with the Holistically-nested Edge De-
tection (HED) [14] condition. However, we modified the
KnobGen condition by applying a thresholding technique,
where pixels below a threshold value of 50 were set to zero,
and those above were set to one. This threshold value was
chosen through simple visual comparisons of several sam-
ples using different thresholds, allowing us to identify the
most effective value. This modification essentially trans-
forms the HED condition into a sketch. For evaluation, we
curated two distinct sets of images. The first evaluation set
consisted of 500 randomly selected samples, which are sim-
ilar to a sketch drawn by a seasoned artist (we followed the
thresholding technique for this part), allowing us to mea-
sure our model’s effectiveness in professional settings. To
further test the robustness and adaptability of our approach,
we compiled a second evaluation set of 100 hand-drawn im-
ages created by non-professional individuals. This diverse
testing set enabled us to demonstrate the model’s ability to
generalize across a broad spectrum of users, ensuring it can
handle both professionally designed and amateur drawings
with high robustness.

Baselines: In this work, we evaluate the performance of
our proposed model against several state-of-the-art (SOTA)
diffusion-based models. Specifically, we conduct both qual-
itative and quantitative comparisons with prominent mod-
els such as ControlNet [15], T2I-Adapter [8], AnimateDiff
[1], UniControl [10], and ControlNet++ [6]. These models
have achieved significant advances in fine-grained control
of image generation by incorporating sketch-based condi-

tions into the diffusion process. Since AnimateDiff is a
video-based DM, we only use the first frame of the gen-
erated video by it as the comparison point.

Evaluation: We perform qualitative and quantitative
evaluation. In the qualitative evaluation, we compare our
model’s performance across different scenarios of varying
input conditions and complexities. For quantitative evalua-
tion, we utilize several metrics to assess the quality of the
generated images. First, we calculate the Fréchet Incep-
tion Distance (FID) [2, 4], which measures the similarity
between generated and natural images using a pre-trained
InceptionV3 model [13]. Lower FID values indicate bet-
ter generation quality; we used [3] implementation for our
evaluation, which used the default pre-trained InceptionV3
model available in Pytorch [9]. To evaluate the alignment
between the generated images and the text prompts, we use
CLIP [11], specifically the pre-trained DetailCLIP model
[7] with a Vision Transformer (ViT-B/16) backbone. Higher
CLIP scores signify better alignment between the generated
images and their corresponding prompts. Finally, we assess
the realism and aesthetic quality of the generated images us-
ing the metric proposed by [5], where higher scores reflect
more visually appealing images.

Implementation Details: Our proposed KnobGen frame-
work is built on top of Stable Diffusion v1.5 [12], with the
original parameters kept frozen throughout training. For
the Fine-Grained Controller (FGC) module, we employed
two different pre-trained models to demonstrate the flexi-
bility and effectiveness of our approach across multiple se-
tups. Specifically, we integrated ControlNet [15] and T2I-
Adapter [8], both of which had their parameters frozen and
were not updated during training. The architecture and inte-
gration of these components are illustrated in Figure ??. We
trained the CGC module for a total of 2000 epochs using 16
A100 GPUs. During the initial 1500 epochs, we employed
the modulator mechanism, as described in Section ??, with
a learning rate of 1e − 5. In the final 500 epochs, we fine-
tuned the CGC model with a reduced learning rate of 1e−6
to ensure robustness and to improve the quality of the gen-
erated images.

2. Model architecture
The CFC module plays a critical role in our model by inte-
grating and aligning visual and textual information for ef-
fective image generation. The primary goal of the CFC is



to ensure that features derived from both the input sketch
image and the text prompt are jointly fused, allowing the
model to generate more contextually relevant and visually
coherent outputs. The CFC module has around 100M train-
able parameters.

Figure 1. Overview of the Cross-Feature Conditioning (CFC)
module. The module integrates visual and textual features through
a series of transformer blocks with cross-attention. In the diagram,
Xi represents the encoded image features from a sketch, while Xp

denotes the encoded text prompt. The CFC module conditions the
text features based on the image input, allowing for fine-grained
control and alignment between visual and textual inputs during
the image generation process.

To achieve this, we designed the CFC module us-
ing a transformer-based architecture that leverages cross-
attention between image and text features; Figure 1 shows
the CFC overview. Below, we explain the architecture and
functionality in detail:

Architecture: The CFC module is composed of three key
components: convolutional layers for feature transforma-
tion, transformer layers for cross-attention, and fully con-
nected layers for output projection. The module takes two
inputs—visual features (encoded input image) and text fea-
tures (encoded text prompt)—and processes them jointly to
output contextually conditioned text features.
• 1D Convolutional Layers: The input to the CFC module

consists of two tensors: an encoded image tensor xi ∈
Rbatch×256×1024, which comes from CLIP image encoder,
and an encoded text tensor xp ∈ Rbatch×77×768, which
comes from text encoder of CLIP like all the prompt con-
ditioned DM. We then pass these embeddings through 1D
convolutional layers to project the input channels (1024
for images and 768 for text) into a common hidden di-
mension of 1024 channels. This transformation ensures
that both modalities can be effectively combined in the
cross-attention mechanism.

• Transformer Layers for Cross-Attention: The core of the
CFC module lies in its eight layers of transformers that
perform cross-attention. These layers allow the model to
fuse information from both the image and text features.
Specifically, the image tensor serves as the memory in-
put for the transformer, while the text tensor undergoes
cross-attention, attending to the visual information. This
design enables the model to enhance text-based features
by conditioning them on the spatial and structural content
of the image. The resulting enriched text features better
capture the contextual relevance of the image, leading to
more semantically meaningful generation.

• Fully Connected Layers: After passing through the trans-
former layers, the output text tensor is reduced back to
its original sequence length (77 tokens) and further pro-
cessed through two fully connected layers. These layers
refine the text features, ensuring that the final output has
the desired dimensionality (batch, 77, 768) and captures
the relevant information for conditioning the image gen-
eration process.

Reasoning Behind the Design: The CFC module is
specifically designed to address the need for strong align-
ment between visual and textual inputs during image gen-
eration. By using a cross-attention mechanism, the module
ensures that the text features are not treated independently
of the visual content, but rather, are conditioned on the im-
age’s features as well. This approach is particularly use-
ful when fine-grained control is needed to generate images
that aligns to both the textual description and visual input,
making it highly effective in scenarios where accurate text-
to-image alignment is crucial. Additionally, the use of pre-
trained models ensures that the model benefits from robust
initial feature extraction which further improves generation
quality as a result.

3. More Quantitative Result: User Study
In this section we provide an additional quantitative evalua-
tion which is our conducted user-study experiment.

We conducted a user study to gain deeper insights into
the perceived quality and usability of KnobGen, compared
to existing state-of-the-art baselines. This study involved
100 participants, who were asked to evaluate a set of 10
images selected randomly from a set of 50 generated im-
ages with different complexities across three key dimen-
sions: sketch alignment, prompt alignment, and aesthetic
quality. Sketch alignment measures how well the generated
image adheres to the spatial and structural details of the
input sketch, while prompt alignment assesses the consis-
tency between the generated image and the provided textual
prompt. Aesthetic score captures the overall visual appeal
of the generated images. Participants rated each dimension
on a scale from 0 to 10, with higher scores indicating better



Figure 2. Comparison of model performance in our user study:
Our user study includes three metrics sketch alignment, prompt
alignment, and aesthetic score. While all models perform similarly
in prompt alignment, KnobGen significantly outperforms Con-
trolNet and T2I-Adapter in sketch alignment and aesthetic score,
demonstrating its superior capability in handling sketch precision
and generating visually appealing outputs.

performance. While models are equally performing in the
prompt alignment as shown in Figure 2, KnobGen exhibits
a distinct edge over handling diverse set of sketches while
maintaining a visually appealing generation.

4. More Qualitative Result
This section contains more qualitative results to comple-
ment the evaluations presented in the main paper. We pro-
vide visual examples of different use cases, including sce-
narios involving amateur and professional sketches.

4.1. Inference Knob Mechanism For Baselines
One of the important ablation studies was to evaluate the
performance of fine-grained controller models, such as the
T2I-Adapter, when they utilize our Knob mechanism. This
ablation study was particularly performed to demonstrate
the effectiveness of our proposed CGC module.

Models such as T2I-Adapter are traditionally designed
for precise, detail-oriented image generation but lack the
flexibility to accommodate broader, more abstract inputs
like rough sketches or varying user skills. To explore this
issue, we integrated the Knob system into the T2I-Adapter
model without our CGC module.

Figure 3 showed that while the T2I-Adapter performs
exceptionally well in generating high-fidelity images from
professional-grade inputs, it struggles to maintain this qual-
ity when dealing with rougher or less detailed sketches.
This limitation arises from the absence of a Macro Pathway
in the T2I-Adapter’s architecture, which makes the model
overly reliant on precise input details. Without the ability
to capture broader, high-level semantic information through
a coarse-grained approach, the model becomes highly sen-
sitive to adjustments made by the Knob mechanism. As a
result, T2I-Adapter fails to deliver consistently good results

across a diverse range of users, particularly those provid-
ing amateur or less-defined sketches. Additionally, we ob-
served that after a certain point, increasing the Knob value
no longer meaningfully affects the generation output. This
suggests that the sketch condition in T2I-Adapter influences
the generation primarily in the early denoising steps, with
diminishing effects in the later steps. However, further in-
vestigation of this behavior is outside the scope of this study.

While the Knob system is designed to balance coarse and
fine-grained controls dynamically, the lack of a dedicated
coarse-grained module in T2I-Adapter causes the model to
lose spatial coherence when we apply our Knob mechanism
for it, especially when the knob has low value. This issue
became particularly evident when trying to generate images
based on prompt only, as the model struggled to infer the
missing spatial structure, leading to incoherent outputs.

In contrast, the KnobGen framework, including the CGC
and FGC, demonstrated superior flexibility and perfor-
mance. By incorporating both high-level abstractions and
detailed refinements, KnobGen could adapt dynamically to
the varying levels of detail in the input sketches. The CGC
in KnobGen helps preserve the overall structure and seman-
tics of the image, while the FGC ensures that fine details are
accurately rendered.

4.2. More Qualitative Results
In this section, we present additional qualitative results to
demonstrate the effectiveness and versatility of our pro-
posed KnobGen framework further. Figure 4 showcases the
model’s ability to handle a wide range of input sketches,
from highly detailed professional-grade drawings to rough,
amateur sketches.
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Figure 4. More qualitative results on novice and professional-grade sketches
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