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Abstract

We study text-based image editing (TBIE) of a single im-
age by counterfactual inference because it is an elegant for-
mulation to precisely address the requirement: the edited
image should retain the fidelity of the original one. Through
the lens of the formulation, we find that the crux of TBIE
is that existing techniques hardly achieve a good trade-off
between editability and fidelity, mainly due to the overfit-
ting of the single-image fine-tuning. To this end, we pro-
pose a Doubly Abductive Counterfactual inference frame-
work (DAC). We first parameterize an exogenous variable
as a UNet LoRA, whose abduction can encode all the im-
age details. Second, we abduct another exogenous vari-
able parameterized by a text encoder LoRA, which recov-
ers the lost editability caused by the overfitted first ab-
duction. Thanks to the second abduction, which exclu-
sively encodes the visual transition from post-edit to pre-
edit, its inversion—subtracting the LoRA—effectively re-
verts pre-edit back to post-edit, thereby accomplishing the
edit. Through extensive experiments, our DAC achieves a
good trade-off between editability and fidelity. Thus, we can
support a wide spectrum of user editing intents, including
addition, removal, manipulation, replacement, style trans-
fer, and facial change, which are extensively validated in
both qualitative and quantitative evaluations. Codes are in
https://github.com/xuesong39/DAC.

1. Introduction

Text-based image editing (TBIE) modifies a user-uploaded
real image to match a textual prompt while keeping mini-
mal visual changes—the fidelity of the original image. As
shown in Figure 1, the source image I in (a) is edited with
the prompt “I want the castle covered by snow”. We con-
sider the edited image I ′ in (b) to be better than that in
(c) because the former keeps a better structure of the cas-
tle, leading to minimal changes to the source image. With-

*Corresponding author

(a) Source image (b) Edited image (c) Edited image

Figure 1. Illustration of the TBIE task. (a): source image I . (b)
and (c): edited images according to the target prompt “a castle
covered by snow”. TBIE considers (b) to be better than (c).

(a) Abduction (b) Action & Prediction

Figure 2. Counterfactual inference framework for TBIE.

out loss of generality1, we denote the prompt into two sub-
prompts P and P ′, where P describes the image content of
user’s editing intent and P ′ describes it after editing. For ex-
ample, P is “a castle” and P ′ is “a castle covered by snow”.

TBIE is a challenging task as it is inherently zero-shot:
a source image I and a prompt (P , P ′) are the only input
and there is no ground-truth image for the target image I ′.
Fortunately, thanks to the large-scale text-to-image genera-
tive models, e.g., DALL-E [24], Imagen [27], and Stable
Diffusion [25], language embeddings and visual features
are well-aligned. So, they provide a channel to modify im-
ages via natural language. However, the editing efficacy of
existing methods is still far from satisfactory, for example,
they can only support limited edits like style transfer [15],
add/remove objects [1]; do not support user-uploaded im-
ages [9], or require extra supervision [26] and spatial masks
to localize where to edit [1].

Yet, there is no theory that explains why TBIE is chal-

1Any LLM with proper instruction tuning or in-context learning can
interpret the user intent into P and P ′. We have deliberately excluded this
module from our formulation.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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P = “A glass of milk.” → P’ = “A glass of milk with a straw.”

P = “A dog.” → P’ =  “A jumping dog.”
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P = “A woman.” → P’ =  “A woman in a big smile.”

Figure 3. The editability of counterfactual I ′ = G(P ′, U) de-
creases when the abductive iteration of argminU ∥G(P,U)− I∥
increases.
lenging, or why existing methods sometimes succeed or
fail. Such an absence will undoubtedly hinder progress in
this field. To this end, as illustrated in Figure 2, we formu-
late TBIE as a counterfactual inference problem [22] based
on text-conditional diffusion models, e.g., we use Stable
Diffusion [25] in this paper.
Why Counterfactual? Counterfactual inference can de-
fine the “minimal visual change” requirement formally. As
prompt P describes the existing contents in source image I ,
the generative model G should be able to generate I based
on P . However, G is usually probabilistic, i.e., only P is
not enough to control G to generate an image exactly the
same as I , thus we need an unknown exogenous variable U
to remove the uncertainty:

Fact : I = G(P,U). (1)

Therefore, the “minimal visual change” in TBIE can be for-
mulated as the following counterfactual:

Counterfactual : I ′ = G(P ′, U), (2)

where U is abducted from Eq. (1) by argminU ∥G(P,U)−
I∥ to ensure that the edited image I ′ preserves most of the
visual content of I while incorporating the influence of P ′.
Why Challenging? The abduction of U is inevitably ill-
posed, i.e., U overfits to the particular P and I . As a result,

(a) Abduction 1 (b) Abduction 2 (c) Action & Prediction

Figure 4. The proposed Doubly Abductive Counterfactual infer-
ence framework (DAC).

G(·, U) may ruin the pre-trained prior distribution and fail
to comprehend P ′. As shown in Figure 3, as the number of
iterations of argminU ∥G(P,U) − I∥ increases, G(P ′, U)
generates I ′ more similar to I , but at the same time, the ed-
itability of G(P ′, U) is decreasing. However, it is elusive to
find a good U that balances the trade-off between editabil-
ity and fidelity. Thanks to the counterfactual framework,
we conjecture that the success or failure of existing TBIE
methods is primarily attributed to the trade-off (Section 2).
Our Solution. To this end, we propose Doubly Abductive
Counterfactual inference framework (DAC). As illustrated
in Figure 4, following the three steps of counterfactual in-
ference [22]: abduction, action, and prediction, we have:
• Abduction-1: U = argminU ∥G(P,U,∆ = 0)− I∥.
• Abduction-2: ∆ = argmin∆ ∥G(P ′, U,∆) − I∥, where
∆ transforms P ′ back to P .

• Action: set ∆′ = −∆.
• Prediction: I ′ = G(P ′, U,∆′).
Our key insight stems from the newly introduced exogenous
variable ∆, which is the semantic change editing an imagi-
native I ′ back to I . Although the overfitting of Abduction-
2 also disables the natural language editability of G, it still
enables the ∆ editability. So, by reversing the change from
∆ to ∆′ = −∆, we can use ∆′ to edit I back to I ′. We
detail the implementations of U and ∆ in Section 3 and
ablate them in Section 4.3. As shown in Figure 5, com-
pared to existing methods, our DAC achieves a good trade-
off between editability and fidelity, and thus we can support
a wide spectrum of user editing intents including 1) addi-
tion, 2) removal, 3) manipulation, 4) replacement, 5) style
transfer, and 6) face manipulation, which are extensively
validated in both qualitative and quantitative evaluations in
Section 4. We summarize our contributions here:

• We formulate text-based image editing (TBIE) into a
counterfactual inference framework, which not only de-
fines TBIE formally but also identifies its challenge: ed-
itability and fidelity trade-off.

• We propose the Doubly Abductive Counterfactual (DAC)
to address the challenge.

• With extensive ablations and comparisons to previous
methods, we demonstrate that DAC shows a considerable
improvement in versatility and image quality.
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Figure 5. Comparison of TBIE qualitative examples across the 6 editing types (only prompt P ′ shown) between our DAC and three SOTAs
with a similar design philosophy (Table 1). For fairness, examples are chosen based on their best visual quality from various random seeds.
See Section 4.1 for analysis and Appendix for the example selection details.
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Table 1. Comparisons with existing methods.

Methods U ∆ Method Description Failure Analysis

P2P [9] ✗ ✓

∆ can be realized by adjusting
attention or feature maps

Inversion methods are not accurate
for reconstruction w/o U

TIME [20] ✗ ✓
PnP [34] ✗ ✓
MasaCtrl [4] ✗ ✓
EDICT [36] ✗ ✓
AIDI [21] ✗ ✓
CycleDiffusion [38] ✗ ✓

NTI [18] ✓ ✗ Modeling U with textual inversion, i.e., fitting I
with learnable text embeddings Editability is not enough

for accurate editing w/o modeling ∆
PTI [5] ✓ ✗
SINE [43] ✓ ✗ Modeling U by textual inversion and fine-tuning SD

DDS [10] ✓ ✓ U and ∆ are learned together with the distillation loss U and ∆ are entangled, hard to find out the
best trade-off between the editability and fidelityImagic [14] ✓ ✓ U and ∆ are learned by fine-tuning SD and textual inversion separately

DAC ✓ ✓ Section 3 Appendix

Notes. In this paper, our purpose is to advocate that TBIE
(or probably any visual editing) should be a counterfac-
tual reasoning task, where the abduction is a necessary and
crucial step. Unfortunately, we haven’t found a non-fine-
tuning-based abductive learning method, and hence we con-
jecture that the absence of abduction is the key reason for
the existing non-fine-tuning-based visual editing methods
being fast yet not effective (e.g., Emu2 [31] and InfEdit
[40]). Perhaps, only LLM can achieve both editing effi-
ciency and effectiveness because LLM may perform coun-
terfactual [33], but this requires unified vision-language to-
kens, which is in itself a challenging open problem.

2. Related Work

Text-to-Image Generation. The success of Imagen [27]
and DALL·E [24] with diffusion models [11] opens a new
era of open-domain text-to-image generation, being capa-
ble of generating diverse and high-quality images condi-
tional on arbitrarily complex text descriptions. Thanks to
the stable diffusion model [25], the text-to-image diffusion
process could be conducted in a latent space of reduced di-
mensionality, bringing a significant speedup for training and
inference. It is by far the most popular text-to-image model
for open research, and thus we use a pre-trained one [25] as
our generative model G, although the proposed DAC frame-
work is compatible with other generative models.
Text-based Image Editing. We summarize existing TBIE
works in Table 1 from the perspective of counterfactual in-
ference. They can be categorized into three groups based
on whether U and ∆ are considered for both editability and
fidelity. Note that we exclude other image editing meth-
ods like DreamBooth [26], Cones2 [17], and Textual inver-
sion [6] that require multiple images for training, which are
different from the TBIE settings covered in this paper.
Group 1: They directly operate the semantic change on
the intermediate UNet attention maps during the genera-
tion process. The fidelity of the input image is achieved by
DDIM inversion [4, 34] or other advanced inversion meth-

ods [21, 36, 38], without explicitly modeling U .
Group 2: PTI [5], NTI [18], and SINE [43] calculate U by
textual inversion or fine-tuning the stable diffusion model
on the source image. Nevertheless, without ∆, they can-
not realize accurate editing, thus techniques like interpola-
tion [5] are needed.
Group 3: Imagic [14] and DDS [10] learn U and ∆ together.
However, the entanglement between U and ∆ makes it hard
to find out the best trade-off between fidelity and editability.
Visual Counterfactuals. Counterfactual inference is the
answer to a hindsight question like “When Y = y and
X = x, what would have happened to Y had X been x′?”.
The general solution [22] to the counterfactual inference
is to abduct the exogenous variables with the known fact
(Y = y,X = x) and then reset our choice (X = x′) and
obtain the new prediction (Y = ?). Counterfactual infer-
ence has a wide application in computer vision such as vi-
sual explanations [8], data augmentations [13], robustness
[2, 28, 32], fairness [16, 41], and VQA [19].

3. Method

Recall in Section 1 that our proposed Doubly Abductive
Counterfactual inference framework (DAC) is to address the
non-editability issue caused by the overfitted abduction of
U that was originally introduced for the purpose of keeping
minimal visual change. This issue is elegantly resolved by
introducing another abduction of a semantic change vari-
able ∆. In this section, we will detail the implementation of
every step in DAC as illustrated in Figure 4.

3.1. Abduction-1

We introduce the implementation of the abduction loss
∥G(P,U,∆ = 0) − I∥. This step is identical to the con-
ventional abduction of U in Figure 2, as we set ∆ = 0 in
Figure 4 (a). In particular, we use Stable Diffusion [25] to
implement G due to it being open-source and for a fair com-
parison with other methods. As ∥G(P,U,∆ = 0) − I∥ is
essentially a reconstruction loss, we abduct U by solving
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Figure 6. Parameterizations of U and ∆ by using LoRA (grey)
for UNet (blue) and text encoder (red) in pre-trained Stable Diffu-
sion [25]: Θ(U,∆)(xt, t, c). Except for LoRA, all the other param-
eters are frozen.

the following Gaussian noise regression as in training the
reversed diffusion steps:

argmin
U

E(t,ϵ)||ϵ−Θ(U,∆=0)(xt, t, P )||22, (3)

where ϵ ∈ N (0, I), t ∈ [0, T ] is a sampled time step (T
is the maximum), Θ(U,∆=0) is the pre-trained noise predic-
tion UNet with trainable U and all other parameters frozen,
conditionally on language tokens of P encoded by a frozen
CLIP [23] text encoder2, xt =

√
αtx0 +

√
1− αtϵ is the

noisy input at t, in particular, x0 = I , and αt is related to a
fixed variance schedule [11, 29].

We parameterize U as the UNet LoRA [12] in Θ(U,∆).
As shown in Figure 6, the LoRA structure is built on all of
the attention, convolution, and feed-forward (FFN) layers.
This is because we observe the underfitting issue if we only
apply LoRA on the attention layers, i.e., I cannot be well-
reconstructed using P and U (See ablation in Appendix).

Without loss of generality, we detail the implementation
of a linear layer with a LoRA structure. Denote z ∈ Rd as
the intermediate feature, W ∈ Rd×d as the parameter of the
linear layer, then the output z′ after LoRA becomes:

z′ = (W + UA · UB) · z, (4)

where UA ∈ Rd×r and UB ∈ Rr×d are low rank matrices
with r < d.

3.2. Abduction-2

We introduce the implementation of the second abduction
loss ∥G(P ′, U,∆)−I∥ with the above abducted U (Figure 4
(b)). Similar to Eq. (3), we minimize:

argmin
∆

E(t,ϵ)||ϵ−Θ(U,∆)(xt, t, P
′)||2, (5)

where we parameterize ∆ as the CLIP text encoder LoRA,
and U calculated in Abduction-1 is frozen.

2As ∆ is also a LoRA (Section 3.2), ∆ = 0 corresponds to the original,
unmodified encoder.

As shown in Figure 6, the LoRA structure is only built
on the attention layers of the CLIP text encoder. The self-
attention layer language feature y′ in the CLIP text encoder
is re-encoded from the original y through the LoRA:

y′ = (W +∆A ·∆B) · y, (6)

where ∆A ∈ Rd×r and ∆B ∈ Rr×d are low rank matrixes,
r << d. By solving Eq. (5), ∆ encodes the visual transition
controlled by P ′ to P . We highlight that ∆ cannot be pa-
rameterized by textual inversion [18], as it does not support
semantic inversion as introduced later in Section 3.3.

If U is overfitted in Abduction-1, e.g., U memorizes ev-
erything about I , the Abduction-2 for ∆ might be as trivial
as ∆ = 0. Inspired by the findings in diffusion models
where a larger time step corresponds to better editability
while lower fidelity [37], we design an annealing strategy
on U in solving Eq. (5) at different time steps:

z′ = (W + γUA · UB) · z, (7)

γ =
1− η

T 2
(t− T )2 + η, (8)

where η ∈ R is a small constant value. In general, η is
a hyper-parameter dependent on both I and (P, P ′); fortu-
nately, it is easy to choose a good one as shown in Figure 11.

3.3. Action & Prediction

We introduce the implementation of action & prediction
I ′ = G(P ′, U,∆′) in Figure 4 (c). First, we take the ac-
tion ∆′ = −∆ to revert the visual transition from P back to
P ′ to generate I ′. Thus, the text LoRA in Eq. (6) becomes:

y′ = (W −∆A ·∆B) · y. (9)

Then, with a sampled xT ∈ N (0, I), the DDIM sam-
pling [29] is used to generate the edited image I ′ with the
following iterative update from t = T to t = 0:

xt−1 =
√
αt−1

(
xt −

√
1− αtΘ(U,∆′)(xt, t, P

′)
√
αt

)
+

√
1− αt−1Θ(U,∆′)(xt, t, P

′), (10)

where we obtain I ′ = x0. Interestingly, as shown in Fig-
ure 10, we use a weight β ∈ [−1, 1] to tune β∆A · ∆B in
Eq. (9) to manifest the inversion ability of ∆, where β = −1
means reconstruction of the source image as in Eq. (6) and
β > −1 means that we start to shift the semantic change
from the source image.

4. Experiment
We followed prior works [4, 5, 10, 14, 21, 34, 36, 38] to
use Stable Diffusion as our generator [25]. For fair com-
parisons, we integrated SD checkpoint V2.1-Base with the
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official source codes of the comparing methods: SINE [43],
DDS [10], and Imagic [14] in the Diffusers codebase [35]
and we used the same default hyper-parameters of the
SDV2.1-Base. In particular, during the optimization of U
and ∆ in Abduction-1 and Abduction-2, we set the rank of
the LoRA to 4 for ∆ and 512 for U , the learning rate to 1e-
4. Optimization iterations were 1,000 in both Abduction-1
and Abduction-2. η ∈ [0.4, 0.8] is applied to the annealing
strategy. For the action and prediction steps, we adopted 30
steps for DDIM sampling at the inference time of the stable
diffusion. We used an NVIDIA A100 GPU for editing.
Computation Analysis. In general, it took 120, 0.33, 12,
and 15 minutes to edit a single image by using SINE, DDS,
Imagic, and our DAC. Our method consumes 15 minutes,
including 6 and 9 minutes for the first and second abduc-
tion, and 4-second 30-step DDIM sampling. The time-
saving characteristic of DDS lies in minimal trainable pa-
rameters (latent format of an image in DDS compared with
UNet LoRA or CLIP text encoder LoRA in DAC’s abduc-
tion) and minimal optimization iterations (200 iterations in
DDS compared with 1,000 iterations in DAC).

4.1. Qualitative Evaluation

We demonstrate the advantages of the proposed DAC
method with two kinds of qualitative evaluations: 1) eval-
uation of our method with multiple prompts on the same
source image (results are in Appendix), and 2) evaluation of
our method on the 6-type editing operations. For each edit-
ing, we randomly generated 8 edited images given a source
image and an editing prompt, and chose the one with the
best quality as our final edited image. Note that such a pro-
cess is also adopted for other comparison methods. Follow-
ing previous works [14, 43], we collected most images from
a wide range of domains, i.e., free-to-use high-resolution
images from Unsplash (https://unsplash.com/).
Wide Spectrum of Editing. We demonstrate that our DAC
supports a wide spectrum of editing operations including
1) addition, 2) removal 3) manipulation, 4) replacement,
5) style transfer, and 6) face manipulation. Our results are
summarized in Figure 5 and more results are in Appendix.
For one of the 6 editing types, we provide three image-
prompt examples. Take an example for manipulation, we
make two parrots look at each other, change the white cat
with its mirror to a black one, and let a man give two thumbs
up. After the editing, the images not only resemble the
source image to a high degree but also are coherent with the
text prompt, demonstrating that the DAC method achieves
a great trade-off between fidelity and editability.
Comparisons with Competitive Methods. We com-
pare DAC with leading works on the TBIE task including
Imagic [14], SINE [43], and DDS [10]. And they all be-
long to single-image fine-tuning methods for a fair com-
parison. To have a more comprehensive understanding of

Input Image

P’ = “add a green apple.” 

P’ = “turn the cat into a baby.”

InstructPix2Pix SEED-LLaMA Emu2

P’ = “make two parrots look at each other.”

Figure 7. Qualitative examples of large-scale training methods.

the superiority of the DAC method, we compare it with the
three methods in the 6 kinds of editing operations in Fig-
ure 5. Compared with previous methods, the DAC method
enjoys the following merits. First, the generated images
by the DAC method are more consistent with the textual
prompts. With prompts such as “remove the milk in the
glass”, and “let two parrots look at each other”, our method
successfully makes it while it is hard for previous meth-
ods. Second, the DAC method can keep better fidelity to the
source image. With prompts like “replace the squirrel with
a corgi” and “remove the white dog”, the edited images by
the DAC resemble the input images to a much higher degree
than previous methods. All of these samples in Figure 5
indicate that the DAC method does a better trade-off be-
tween fidelity and editability, achieving state-of-the-art per-
formance on the TBIE task.

In addition to single-image fine-tuning methods, there
are works that conduct large-scale training and don’t require
any test-time fine-tuning, e.g., InstructPix2Pix [3], SEED-
LLaMA [7], and Emu2 [31]. We have shown that the “fine-
tuning” is the essential “abduction” for fidelity. However,
these methods only have inference-time editing—only “ac-
tion” and “prediction”, thus they cannot guarantee fidelity
in theory (Figure 7 and more results are in Appendix).

4.2. Quantitative Evaluation

CLIP-score [23] and LPIPS [42]. The experimental set-
tings were set as follows.
• Different editing operations need different trade-offs be-

tween fidelity and editability. For example, style transfer
requires lower image alignment compared to object ma-
nipulation. Thus, the evaluations of six kinds of editing
are conducted individually.

• We applied 9 different prompt-image pairs for each kind
of editing.

• We calculated LPIPS for the image alignment and CLIP-
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score for text alignment.
We summarize the results in Figure 8. The proposed

DAC method shows better performance in text alignment
scores for editing like object removal, object manipulation,
object addition, and face manipulation. We achieved simi-
lar results with the DDS [10] in object replacement. For the
style transfer, DAC achieves the best text alignment scores.
The LPIPS score measures the image alignment degree be-
tween the source image and the edited image. However, we
argue that LPIPS fails to reflect the fidelity. For example
in Figure 5, “remove the hat of the cat”. Our DAC suc-
cessfully removes the hat and achieves a better CLIP-score.
DDS and SINE methods cannot remove the hat and thus
have a lower CLIP-score. But DDS and SINE achieve a
much higher LPIPS score because they make no changes at
all to the source image. Therefore, we have to conduct a
user study for a more accurate assessment.
User Study. We quantitatively evaluate our DAC with an
extensive human perceptual evaluation study. First, we col-
lected a diverse set of image-prompt pairs, covering all
the “addition”, “manipulation”, “removal”, “style transfer”,
“replacement”, and “face manipulation” types. It consists
of 54 input images and their corresponding target prompts.

75.3

4.4

13.7

6.6

Preference Rates (%)

DAC DDS Imagic SINE

Figure 9. User study
statistics.

110 AMT participants were
given a source image, a target
prompt, and 4 edited images by
DAC, DDS, SINE, and Imagic,
which were randomly shown.
The participants are required to
choose the best-edited image. In
total, we recalled 5,940 answers.
The result is summarized in Fig-
ure 9 and it shows that 75.3%
evaluators preferred our DAC.
The user interface is detailed in
Appendix.
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P = “A man.” → P’ = “A man closing eyes.”
Figure 10. Ablating the weight β for β∆A ·∆B in Eq. (9).

4.3. Ablation Analysis
Training Iterations and Editability. We exam-
ined the relationship between training iterations of
argminU ∥G(P,U) − I∥ and editability by applying six
editing types. As shown in Figure 3, with the dog image
and the prompt “A dog. → A jumping dog”, we can get a
jumping dog in the edited image using 250 and 500 training
iterations. However, the images are with low fidelity. Train-
ing U in 1000 iterations, the generative model fails to make
the dog jump and the edited image looks the same as the
source one, implying good fidelity but poor editability. This
study indicates that with the increase of training iterations
argminU ∥G(P,U)−I∥, the editability decreases while the
fidelity increases, which means a good U is needed for the
best trade-off between fidelity and editability.
Ablation on ∆ Subtraction. In the action & prediction
I ′ = G(P ′, U,∆′), the ∆ is reversed to ∆′ = −∆. We
use ∆′ to edit I back to I ′. Nevertheless, considering
∆′ = −β∆, there could be different β values. We exam-
ined the effects of β values on I ′. In Figure 10, with the
black dog image and the prompt “A black dog → A white
dog”, increasing β from -1 to 1, the black dog changes to a
gray one and then a white one. From the examples in Fig-
ure 10, the learned ∆ can be considered as the direction vec-
tor of our desired semantic change. Different β values im-
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P = “A banana.” → P’ =  “A green banana.”

P = “A photograph of a flamingo.” → P’ = “A photograph of a flamingo in a desert.”

Input Image

P = “A squirrel.” → P’ = “A squirrel eating a pine nut.”
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P = “A brown dog and a white dog.” → P’ = “A white dog.”
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P = “A cat.” → P’ = “A cat in the style of cartoon.”
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P = “A woman.” → P’ = “A woman wearing earrings.”

η = 0.2 η = 0.4 η = 0.6 η = 0.8 

Figure 11. Ablating the annealing hyper-parameter η in Eq. (8).

ply different strengths to apply the semantic change. How-
ever, for rigid manipulations like Addition and Removal, β
does not show a gradual transition, which is reasonable as it
is hard to quantify the existence level of an object.
Ablation on Annealing Strategy. We ablated the anneal-
ing strategy in the Abduction-2. As shown in Figure 11,
we observe that η ∈ [0.4, 0.8] is a reasonable interval for
successful editing. A larger time step in the stable diffu-
sion model corresponds to better editability while lower fi-
delity. The smaller η indicates that we leverage more priors
of the pre-trained weights at large time steps, thus increas-
ing the editability while decreasing the fidelity. This is con-
sistent with the phenomenon in Figure 11: as η increases
from 0.2 to 0.8, the edited images show better fidelity to
the source images although the editability decreases. With
η ∈ [0.4, 0.8], we achieve a good trade-off.
Ablation on Abduction-1. In the Abduction-1, we abduct
U to encode the content of I , thus guaranteeing a good
fidelity. However, since images contain various contents,
the U abducted from the same settings (e.g., training it-
erations) may not be able to achieve an overfit encoding
for complex images. Then the remaining information will
be abducted in ∆. When we take the action ∆′ = −∆
and implement prediction, such information will be sub-
tracted, leading to information loss in I ′ (the third column
in Figure 12). To make a complement for such informa-

Input Image 𝑈 & 𝑇 𝑈

P = “A cat.” → P’ =  “A cat wearing a hat.”

P = “Two parrots.” → P’ =  “Two parrots looking at each other.”

P = “An egg in a nest.” → P’ =  “A bird in a nest.”

Figure 12. Ablation on Abduction-1.

tion, we could introduce another exogenous variable T pa-
rameterized as the CLIP text encoder LoRA, which satisfies
argminT ∥G(P,U, T,∆ = 0)− I∥. Finally, the prediction
becomes I ′ = G(P ′, U, T,∆′) (the second column in Fig-
ure 12). It could be seen that the incorporation of T in the
Abduction-1 achieves a better fidelity than the abduction of
U only. Moreover, conducting iterative abduction on U and
T more times could further improve fidelity. Considering
that the abduction of U is enough for most cases and the
computation cost produced by the abduction of T , we only
adopt U in our experiments.

5. Conclusions
We proposed to formulate the task of TBIE using a theo-
retical framework: counterfactual inference, which clearly
explains why the challenge is the trade-off between editabil-
ity and fidelity: the overfitted abduction of the source im-
age parameterization, which is a single-image reconstruc-
tion fine-tuning. To this end, we propose Doubly Abductive
Counterfactual (DAC). The key idea is that, since we cannot
avoid the overfitting of the above abduction, we use another
overfitted abduction, which encodes the semantic change of
the editing, to reverse the lost editability caused by the first
one. We conducted extensive qualitative and quantitative
evaluations on DAC and other competitive methods. Our
future work is two-fold. First, we will upgrade DAC to sup-
port visual example-based editing [17, 26]. Second, we will
use Fast Diffusion Model [39] and Consistency Models [30]
to speed up the fine-tuning and inference in editing.
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