











Chapter 4. Experiment 12

Fig. 4.3. Qualitative results illustrating pose accuracy.
Note: Pose condition image is from the Captioned COCO-Pose dataset

Fig. 4.4. Qualitative results illustrating pose accuracy.
Note: Pose condition image is from the Captioned COCO-Pose dataset

Fig. 4.5 highlights the superiority of our Stage 2 model in terms of text-image alignment. In
this example, the prompt explicitly mentions a bicycle, and only the image generated by our Stage
2 model successfully reflects this detail. Fig. 4.6 further shows that our Stage 2 model generates a
more coherent composition in which the woman is holding an umbrella and sitting in a pose that

closely follows the guided condition.
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A man is standing next to a bicycle on a dirt road

stage2 pose Baseline stage1

Fig. 4.5. Qualitative results illustrating text alignment.
Note: Pose condition image is from the Captioned COCO-Pose dataset

A woman sitting on a chair with an umbrella in her hand, looking at the camera with a smile on her
face. The background is a red wall with a white umbrella in the foreground.

stage2 pose Baseline stage1

Fig. 4.6. Qualitative results illustrating both pose accuracy and text alignment.
Note: Pose condition image is from the Captioned COCO-Pose dataset



5 Conclusion

In this paper, we propose a multi-stage fine-tuning strategy for ControlNet to enhance the pose ac-
curacy of generated human images. Our approach introduces two distinct denoising losses applied
across separate training stages. In the Stage 1, we adopt the original latent denoising loss to train
the ControlNet model until convergence. In the Stage 2, we continue fine-tuning the model using
a heatmap-guided denoising loss, which incorporates a heatmap mask in the latent space to empha-
size pose-relevant regions. This encourages the model to better preserve and align with the input
pose. We conduct extensive qualitative and quantitative evaluations in terms of pose accuracy, text-
image alignment, and overall image quality. Experimental results show that our method significantly

improves pose fidelity compared to the baseline.

Furthermore, our method is both efficient and practical, requiring only low-computation GPUs
and small datasets for fine-tuning, which leads to reduced training time. This demonstrates the

method’s suitability for resource-constrained environments.
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