
Unconditional Priors Matter!
Improving Conditional Generation of Fine-Tuned Diffusion Models

Supplementary Material

In this supplementary material, we first provide addi-
tional evidence for the fine-tuned models’ poor uncondi-
tional priors by quantitatively showing that the base model
has better unconditional generation quality than the fine-
tuned models in Sec. A. In Sec. B, we include more de-
tails about the experimental setups for Zero-1-to-3, Ver-
satile Diffusion, DiT, DynamiCrafter, and InstructPix2Pix.
We include more qualitative results in Sec. E and more ab-
lation studies on the CFG scale in Sec. C. Finally, we pro-
vide details on the inference speed and memory cost of our
method in Sec. D.

A. Quantitative Evaluation of Unconditional
Samples

In the main paper, we argued that the poor unconditional
priors from the fine-tuned models degrade the quality of the
conditional generation. We qualitatively showed in Fig. 2
of the main paper that the fine-tuned models exhibit poor
unconditional generation quality. In this section, we quan-
titatively show that the base models have better uncondi-
tional generation quality than the fine-tuned models. We
unconditionally sample 5000 images from each of SD1.4,
SD2.1, PixArt-α, Zero-1-to-3, Versatile Diffusion, and
InstructPix2Pix, and evaluate the image quality using In-
ception Score (IS) [12]. The results are shown in Tab. 1.
We observe that the fine-tuned models indeed have quantita-
tively worse unconditional generation than the base models.
Thus, in the main paper, we proposed replacing the poor un-
conditional noise from the fine-tuned models with the good
unconditional noise from the base model which improves
the conditional generation quality.

Method IS ↑

SD1.4 14.085
SD2.1 12.640

PixArt-α 9.224

Versatile Diffusion 2.704
Zero-1-to-3 9.140

InstructPix2Pix 5.852

Table 1. Image Model Unconditional Generation. We sample
using the unconditional noise predictions from each model. The
unconditional samples from SD1.4, SD2.1, and PixArt-α are
higher quality than those of the fine-tuned models. (bold repre-
sents the best performance.)

B. Experiment Details
For all experiments, we use the DDIM [13] sampler. When
applying our method to a base model with a different
variance schedule, we use the fine-tuned model’s vari-
ance schedule as the reference and choose the base model
timestep that yields the closest available variance to the fine-
tuned model’s variance.

B.1. Zero-1-to-3 [10]
We evaulate our method using the Google Scanned Ob-
jects (GSO) dataset [4] which consists of over a thousand
scanned objects. We render six views for each object at
fixed radii and elevation with azimuths uniformly spaced
60◦ apart from each other. The first view is used as the refer-
ence image and Zero-1-to-3 is used to generate the remain-
ing five images for evaluation. We use 50 steps of DDIM
and a CFG scale of γ = 5.0.

B.2. Versatile Diffusion [16]
We use the COCO-Captions [9] 2014 validation set as the
ground truth dataset. We randomly select 30,000 images
from the validation set as input conditions to Versatile Dif-
fusion and compute the FID and FDDINOv2 against the full
validation set. We use 50 steps of DDIM and a CFG scale
of γ = 2.0.

B.3. DiT [11]
We sample the images using γ = 1.5 and 50 steps of
DDIM. The base model used is DiT-XL/2 trained on Ima-
geNet 256×256 [3]. The fine-tuning is done on each of the
datasets using 20,000 steps with batch size 64 and learning
rate 0.0001. To account for the impact of random variation,
we compute the FID three times and report the minimum,
as done by Karras et al. [8]. We provide additional details
on each of the dataset below.

SUN397 [14] SUN397 [14] is a dataset used for testing
algorithms for scene recognition consisting of 108,754 im-
ages distributed among 397 categories.

Food101 [1] Food101 [1] consists of 101,000 images split
among 101 food categories. Each category contains 250 test
images and 750 training images.

Caltech101 [5] Caltech101 [5] contains images of objects
belonging to 101 classes, containing 9,145 images in total.



γ 3.0 4.0 5.0 6.0 7.0 8.0

Zero-1-to-3 [10] 0.192 0.170 0.182 0.179 0.178 0.178
Ours w/ SD1.4 0.170 0.165 0.163 0.163 0.161 0.161
Ours w/ SD2.1 0.165 0.161 0.158 0.159 0.158 0.160

Ours w/ PixArt-α 0.173 0.171 0.169 0.168 0.171 0.170

Table 2. Zero-1-to-3 [10] (CFG Scales). We report the
LPIPS [17] (lower is better) of applying our method to Zero-1-to-3
using various CFG scales (bold represents the best, and underline
represents the second best method).

Each class contains between 40 and 800 images with a typ-
ical edge length of between 200 and 300 pixels.

B.4. DynamiCrafter [15]
We sample 256 × 256 resolution videos using 50 steps of
DDIM with a CFG scale of γT = 7.5 and γI = 1.5.
Although the original paper uses a CFG scale of γT =
γI = 7.5, we find that their choice of CFG scale results
in mostly static images, as shown in their low dynamic de-
gree of 40.57% in the VBench benchmark [7]. In contrast,
the baseline DynamiCrafter with our choice of CFG scale
has a higher dynamic degree of 59.59%.

B.5. InstructPix2Pix [2]
We evaluate the performance of InstructPix2Pix (IP2P) us-
ing the EditEvalv2 benchmark [6] which consists of 150
high quality images with edits from 7 categories.

IP2P uses a dual text-image CFG formulation:

ϵθ(xt, cI , cT ) = ϵθ(xt, ∅, ∅)
+ γI(ϵθ(xt, cI , ∅)− ϵθ(xt, ∅, ∅))
+ γT (ϵθ(xt, cI , cT )− ϵθ(xt, cI , ∅)) (1)

For our method, we replace the IP2P fully unconditional
score ϵθ(xt, ∅, ∅) with the unconditional score from SD1.5
or SD2.1. We use 100 steps of DDIM with a CFG scale of
γI = 1.5 and γT = 7.5.

C. Choice of CFG Scale
In this section, we provide an ablation study on the choice
of CFG scale γ for Zero-1-to-3 [10] and Versatile Diffu-
sion [16]. The results shown in Tab. 2 and 3 indicate that
our method consistently yields improved results across CFG
scales.

D. Memory and Inference Speed
As shown in Tab. 4, the inference speed is only slightly af-
fected by our method.

E. Additional Qualitative Results
We provide additional qualitative results for Zero-1-to-3
(Fig. 1), Versatile Diffusion (Fig. 2), DiT (Fig. 3), Dynami-

γ 2.5 3.0 4.0 5.0 7.5

Versatile Diffusion [16] 37.96 40.19 42.07 42.33 44.80
Ours w/ SD1.4 35.67 35.24 35.45 35.60 36.07
Ours w/ SD2.1 38.29 37.44 37.83 38.44 37.71

Ours w/ PixArt-α 37.55 39.03 39.62 40.24 40.89

Table 3. Versatile Diffusion [16] (CFG Scales). We report the
FID-5k (lower is better) of applying our method to Versatile Dif-
fusion using various CFG scales (bold represents the best, and
underline represents the second best method).

Method Memory (GB) Speed (seconds/sample)
Baseline Ours Baseline Ours

Zero-1-to-3 [10] 4.93 10.06 2.92 3.59
VD 5.68 10.80 7.20 8.17
DiT 3.11 5.65 4.24 4.96
IP2P 5.13 10.14 19.45 21.43

DynamiCrafter 19.17 29.03 125.15 142.84

Table 4. Memory and Inference Speed on an RTX3090 using
float32 precision.

Crafter (Fig. 4), and InstructPix2Pix (Fig. 5).
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Figure 1. Novel View Synthesis with Zero-1-to-3 [10]. Zero-1-to-3 tends to produce views that have inaccurate lighting, coloring, or
shape. Combining Zero-1-to-3 with the unconditional noise from SD1.4, SD2.1, or PixArt-α corrects these inaccuracies.
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Figure 2. Image Variations with Versatile Diffusion [16]. Images generated from Versatile Diffusion tend to be oversaturated and
distorted. Combining Versatile Diffusion with the unconditional noise predictions from SD1.4, SD2.1, or PixArt-α corrects these
artifacts.



Figure 3. Class-conditional generation with DiT [11]. Class-conditional generation using DiT fine-tuned on SUN397 [14], Food101 [1],
and Caltech101 [5].



Input Generated Frames

Figure 4. Image-to-Video Generation with DynamiCrafter [15]. Our method is more temporally consistent (number of horses in the
first video and train color in the second video) and less distorted (hand and face in the last video).
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‘‘Change the horses to unicorns ’’

‘‘Replace the spaceship with an eagle ’’

‘‘Change the weather to sunny ’’

‘‘Change the beach to grass in the painting ’’

‘‘Change to a kids crayon drawing ’’

Figure 5. Image Editing with InstructPix2Pix (IP2P) [2]. InstructPix2Pix tends to produce distorted edits. Replacing the IP2P fully
unconditional noise with the unconditional noise from SD1.5, SD2.1, or PixArt-α corrects these distortions and improves image
quality.
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