Efficient Text-Guided Convolutional Adapter for the Diffusion Model

Supplementary Material

1. Additional Experiments

Table 1. Evaluation of models on the CUB-200 dataset for fine-
grained image generation under Sketch and Depth conditions. FID
() and CLIP (7) scores are reported under two configurations:
Without Finetuning (w/o FT) and With Finetuning (w FT).

Sketch Depth
Method | Model FID | CLIP | FID | CLIP
ControlNet [7] 28.18 24.03 28.81 24.68
T2I-Adapter [4] 27.84 | 2352 29.37 24.03
o ControlNet++ [1] 29.54 | 24.35 28.36 | 24.37
E [ CtrLoRA [6] 28.83 23.03 28.80 | 22.76
UniCon [2] 27.73 24.41 28.79 24.13
Nexus Slim Adapter 28.44 24.65 27.84 24.47
Nexus Prime Adapter 27.14 2491 26.31 24.39
ControlNet [7] 26.25 26.48 27.29 26.62
T2I-Adapter [4] 25.88 26.14 27.55 23.93
ControlNet++ [1] 27.47 26.88 26.70 | 24.37
B i CtrLoRA [6] 26.98 25.64 27.29 22.08
= UniCon [2] 2596 | 26.21 26.19 23.60
Nexus Slim Adapter 26.81 26.14 25.79 24.15
Nexus Prime Adapter 25.72 26.69 25.25 24.46

To validate whether the proposed Nexus Adapters can
handle complex image generation in fine-grained tasks, we
conduct two evaluations. First, we test our model on the
CUB-200 dataset [5] and compare it against baselines. Sec-
ond, we fine-tune all models for 1% steps to measure adapt-
ability and efficacy. Prior work, such as CtrLoRA [6],
suggests that ControlNet with a LoRA-based architecture
adapts quickly with limited data (1k images). However, our
observations show that fidelity often degrades in complex
generations, with noticeable loss of color and spatial consis-
tency. We fine-tune all architectures under two distinct con-
ditions—Sketch and Depth—and report results in Table 1.

The results highlight that the adaptation capabilities
of the proposed Nexus Adapters are largely on par with
later state-of-the-art models such as ControlNet++ [1],
CtrLoRA, and UniCon. Without fine-tuning, most mod-
els face challenges in maintaining detail and consistency,
but fine-tuning consistently improves performance across
both Sketch and Depth conditions. Nexus Slim and
Prime Adapters demonstrate strong competitiveness, nar-
rowing the gap with heavier baselines while retaining their
lightweight design advantages. These observations suggest
that adapter-based approaches can match the adaptability
of established architectures while offering a more efficient
path for fine-grained image generation tasks.

2. Training and Inference Details

Both Nexus Prime and Nexus Slim architectures are trained
for 200,000 steps at an image resolution of 512 x 512 us-
ing mixed-precision (fp16) training, which significantly re-
duces memory footprint and speeds up computation without

Table 2. Estimated training and inference time across models.
Training time is computed for 200k steps with batch size 2.

Model Train Time (hrs) | Infer Time (ms/img)
ControlNet ~ 129 ~ 38
T2I-Adapter ~ 33 ~9
ControlNet++ ~ 129 ~ 38
CtrLoRA ~ 150 ~ 45
UniCon ~ 124 ~ 37
Nexus Slim Adapter =~ 26 ~17
Nexus Prime Adapter = 37 ~ 11

degrading performance. A batch size of 2 is employed, with
gradient accumulation steps set to 4, effectively simulating
a batch size of 8 to stabilize training under GPU memory
constraints. The optimizer is AdamW [3], configured with
a constant learning rate of 5 x 1075, 8; = 0.9, 32 = 0.999,
€ = 1 x 1078, and a weight decay of 1 x 1072, A short
linear warm-up of 500 steps ensures stability in the early
training phase, after which a constant learning rate sched-
ule is maintained.

During inference, we adopt a standard classifier-free
guidance strategy with a guidance scale of 7.5, which bal-
ances fidelity to the text prompt against structural adherence
to the conditioning input. Sampling is performed with 35
denoising steps, offering a practical trade-off between im-
age quality and computational efficiency. All experiments
were conducted on a high-performance server equipped
with an AMD EPYC 7763 64-Core CPU, 128 GB of RAM,
and 2 NVIDIA A100 80 GB GPUs, running CUDA 12.2.
This configuration enables efficient large-scale training and
reliable evaluation of the proposed architectures.

Table 2 summarizes the estimated training and infer-
ence costs across models, measured over 200K steps (batch
size 2) and average per-image latency on a single A100
GPU. ControlNet and ControlNet++ are the most resource-
intensive, each requiring ~129 hours of training and 38 ms
per image. CtrLoRA is even heavier, at 150 hours and
45 ms, due to the overhead of low-rank updates. UniCon
slightly reduces cost (124 hrs, 37 ms), while T2I-Adapter is
far more efficient, training in only 33 hours with 9 ms in-
ference. Nexus Slim achieves the best efficiency (26 hrs, 7
ms), and Nexus Prime balances performance with moderate
cost (37 hrs, 11 ms). For fairness, inference is reported with
35 steps across all models.

3. Additional Ablations

Number of Adapter Blocks: To evaluate whether adapter
blocks in deeper UNet layers remain necessary—where
structural information may diminish and the model relies
more on the text prompt—we perform an ablation varying
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Figure 1. Qualitative ablation on conflicting prompts and conditional images. The actual object in the image-conditioning input is high-
lighted with a blue background, and a conflicting prompt is provided as test input. We can observe that the model preserve the image-
conditioned structural input while generating the object based on the text prompt.

Table 3. Ablation on the number of adapter blocks. FID (J) and
CLIP Score (T) for Depth and Sketch conditioning tasks. The 4-
block configuration represents the full model.

Depth Sketch

Blocks Model FIDJ PCLIPT FID] CLIPT
2 Nexus Slim Adapter 3343 17.69 | 32.88 18.35
Nexus Prime Adapter | 28.52 21.98 | 30.50 20.49
3 Nexus Slim Adapter 30.38  20.75 | 2995 20.86
Nexus Prime Adapter | 26.11 2230 | 2742 21.53
4 Nexus Slim Adapter | 25.30 26.71 | 2640 26.86
(ours) | Nexus Prime Adapter | 23.91 27.68 | 24.73  27.66

the number of adapter blocks (2, 3, and 4) in both Nexus
Slim and Nexus Prime Adapters. Table 3 reports FID ({)
and CLIP Score (1) for Depth and Sketch conditioning. In-
creasing the number of blocks consistently improves both
FID and CLIP scores, with the full 4-block configuration
(ours) achieving the best performance. This demonstrates
that deeper adapter blocks effectively preserve fine-grained
structural details while still integrating prompt guidance,
validating that the final layers contribute meaningful im-
provements rather than being redundant. These results con-
firm that careful design of adapter depth is critical for main-
taining structural fidelity and semantic alignment in condi-
tional image generation.

Conflict through Prompt: In the Figure | we presents a
qualitative ablation on conflicting prompts and conditional
images, where the actual object in the conditioning input
is highlighted in blue. This study validates that incorpo-
rating textual information in the conditioning is crucial for
generating coherent images with proper alignment to both
shape and structure, alongside accurate subject mapping.
The Nexus Prime Adapter consistently produces outputs
that respect the conditioning structure while adapting to the
prompt, yielding coherent and realistic results. Nexus Slim
preserves structural fidelity but slightly sacrifices fine de-
tails. ControlNet and ControlNet++ often overfit to the con-
dition, ignoring the prompt and producing semantically in-
consistent outputs. CtrLoRA captures basic structure but

introduces blurring and artifacts, while UniCon generates
plausible objects yet struggles with realism under conflict-
ing prompts. Overall, these results emphasize the superior
balance of prompt and condition integration achieved by the
Nexus adapters compared to existing baselines.
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