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DirectDrag: High-Fidelity, Mask-Free, Prompt-Free Drag-based Image Editing
via Readout-Guided Feature Alignment

Anonymous WACV Applications Track submission

Paper ID 257

Points ✓

Mask  ✓

Prompt ✓ 

Points ✓

Mask  ✗

Prompt ✗ GoodDrag DirectDrag (ours)

"a photo of a pancake"

Drag Instruction AdaptiveDrag InstantDrag DirectDrag (ours)

Mask-free Methods

Figure 1. Up-Left: Existing methods such as GoodDrag [37] require mask and prompt to assist the editing. Our DirectDrag removes the
dependency on mask and prompt, enabling more flexible editing while maintaining precise control. Bottom-left: Comparison with other
mask-free methods, our method achieves more faithful and robust editing effects. Right: Additional qualitative results by DirectDrag.

Abstract

Drag-based image editing using generative models
provides intuitive control over image structures. However,
existing methods rely heavily on manually provided masks
and textual prompts to preserve semantic fidelity and motion
precision. Removing these constraints creates a fundamental
trade-off: visual artifacts without masks and poor spatial
control without prompts. To address these limitations, we
propose DirectDrag, a novel mask- and prompt-free editing
framework. DirectDrag enables precise and efficient manipu-
lation with minimal user input while maintaining high image
fidelity and accurate point alignment. DirectDrag introduces
two key innovations. First, we design an Auto Soft Mask
Generation module that intelligently infers editable regions

from point displacement, automatically localizing defor-
mation along movement paths while preserving contextual
integrity through the generative model’s inherent capacity.
Second, we develop a Readout-Guided Feature Alignment
mechanism that leverages intermediate diffusion activations
to maintain structural consistency during point-based edits,
substantially improving visual fidelity. Despite operating
without manual mask or prompt, DirectDrag achieves supe-
rior image quality compared to existing methods while main-
taining competitive drag accuracy. Extensive experiments
on DragBench and real-world scenarios demonstrate the
effectiveness and practicality of DirectDrag for high-quality,
interactive image manipulation.
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Prompt: Marble head of an athlete

User Provide

Mask:

Handle Point: [251,282]

Target Point: [338,290]

Drag-based 

Image Editing

(DragDiffusion)

Traditional Drag Editing Workflow

Our Drag Editing Workflow

Drag-based 

Image Editing

(DirectDrag)

User Provide

Handle Point: [251,282]

Target Point: [338,290]

Original Image Drag Instruction GoodDrag

GoodDrag

w/o mask

GoodDrag

w/o prompt

GoodDrag

w/o mask, prompt

Figure 2. Workflow Comparison. Left: Traditional methods (e.g., DragDiffusion [29], GoodDrag [37]) rely on masks and prompts,
increasing user burden. Our method simplifies the process by requiring only point inputs. Right: Removing masks leads to distortion, while
omitting prompts reduces accuracy. We demonstrate these effects on GoodDrag [37] and also show the case without both inputs.

1. Introduction

Drag-based image editing has become a powerful and
intuitive way to manipulate visual content. With recent
advances in diffusion-based generative models [7, 25],
this type of interaction has become increasingly precise
and accessible. Unlike traditional text-to-image (T2I)
methods [19, 23, 27], which rely on language to describe
visual intentions, drag-based approaches provide direct and
fine-grained control by allowing users to move a point from a
source location to a desired target [18, 21, 29]. This enables
a wide range of image modifications, including facial expres-
sion editing, object repositioning, content resizing, restora-
tion, and data augmentation. Many existing methods still
require users to provide additional information, such as an
editable region mask and a text prompt, to ensure accurate
and semantically coherent results [11, 12, 20, 33]. These
extra inputs, while helpful in guiding the editing process,
create two major sources of annotation overhead and insta-
bility. First, manually drawing an appropriate mask becomes
particularly difficult when users want to edit multiple parts
of an image at once. In such cases, designing a precise mask
is not only time-consuming but also prone to errors. Poorly
drawn masks often result in unexpected distortions or arti-
facts. Second, cues are often difficult to formulate accurately,
especially when images contain multiple semantically rich
regions. Describing a complex visual environment in one
sentence is extremely challenging, and even slight errors in
the cues may mislead the diffusion model and lead to poor
results. In some scenarios—such as medical imaging or tech-
nical illustrations—there may not even be suitable natural
language to express the intended change, making prompt-

based control impossible. We find that removing the mask
leads to noticeable loss of image fidelity (IF), while omitting
the prompt significantly reduces point movement accuracy,
reflected by increased mean distance (MD) scores. There-
fore, eliminating these inputs, while desirable for simplifying
user interaction, introduces real technical challenges. We
illustrate these effects in Figure 2, where removing either
the mask or the prompt leads to degraded visual quality or
inaccurate drag results on a representative baseline (Good-
Drag [37]). To address these issues, we present DirectDrag,
a novel drag-based editing framework that operates in a fully
mask-free and prompt-free setting. Our method maintains
high visual quality and competitive spatial precision, all
while requiring only minimal and intuitive input: handle and
target points.

To achieve this, DirectDrag integrates three core technical
components:
• An Auto Soft Mask Generation module that automati-

cally infers editable regions based on point displacement.
Rather than asking users to paint a mask manually, we
localize deformation only along the path of movement,
enhancing control where it matters most while relying
on the generative model’s capacity to preserve context
elsewhere.

• A lightweight Readout-Guided Feature Alignment
module that extracts intermediate diffusion features and
aligns them based on spatial correspondence. This mech-
anism replaces the semantic guidance usually provided
by prompt, helping the model maintain visual consistency
and structure during editing.

• A Latent Warpage Function, adapted from prior work,
which improves convergence and drag precision by initial-

2



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

WACV
#257

WACV
#257

WACV 2025 Submission #257. Applications Track. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

izing latent codes with a geometry-aware deformation.
This component offers a prompt-free alternative to guide
the optimization process toward semantically plausible
outcomes.

Together, these components allow DirectDrag to simplify
the editing pipeline significantly. By removing the need for
mask and prompt, we reduce the annotation burden and the
risk of unstable or incorrect edits. As illustrated in Figure 1,
our method outperforms existing mask-free approaches by
producing more faithful and robust edits, even with minimal
inputs. Despite having fewer user-provided signals, our
approach achieves higher image fidelity than strong base-
line. Although there is a slight trade-off in drag accu-
racy compared to full-input systems, the difference remains
small. This suggests that our framework provides a favorable
balance between usability and performance. We validate the
effectiveness of DirectDrag through extensive experiments
on DragBench and real-world images, confirming its poten-
tial for practical and scalable interactive editing.

2. Related Work
2.1. Generative Image Models and Image Editing

Generative image models, particularly GANs and diffu-
sion models, have significantly enhanced image synthesis
and editing capabilities. GANs [6, 10] provide fast gener-
ation, but stable reversible editing is often difficult to
achieve. Diffusion models [7, 25, 27] show outstanding
fidelity through iterative denoising of latent codes. These
models form the basis of interactive image editing appli-
cations. Image editing techniques can be divided into
content-aware and content-free methods: Content-Aware
Editing includes object manipulation, spatial transforma-
tion, inpainting, and style transfer. Text-prompted editing
methods (e.g., InstructPix2Pix [1, 27]) and user-guided
approaches fall into this category. Content-Free Editing
focuses on customization using user-specified images or
attributes. Examples include subject-driven personalization
(e.g., DreamBooth [26]) and attribute-driven fine-tuning.

2.2. Drag-based Image Editing

Drag-based image editing methods enable users to control
image structures by dragging specific points to target loca-
tions. DragGAN [21] first proposed a latent code optimiza-
tion framework with point tracking based on GANs, but
struggled with generalizing to real-world inputs. DragDiffu-
sion [29] and DragonDiffusion [18] extended this paradigm
to diffusion models, improving structural manipulation
and semantic controllability through prompt conditioning
and denoising-based alignment. Subsequent methods have
aimed at improving editing quality and robustness. Drag-
Noise [13] reduces computational cost by optimizing bottle-
neck features of the U-Net instead of full latents. Good-

Drag [37] alternates between dragging and denoising to
prevent error accumulation and preserve image fidelity.
GDrag [11] follows a training-free approach that tackles
intention and content ambiguity through atomic manipula-
tion taxonomy and dense trajectory estimation.

Other works focus on enhancing editing efficiency.
DiffEditor [17] reduces optimization time by decreasing
the number of diffusion steps. FastDrag [38] uses a one-step
feed-forward generation approach for instant edits. Light-
ningDrag [28] treats editing as conditional generation trained
on large-scale video data for fast, accurate results. EEdit [34]
accelerates editing by reducing spatial and temporal redun-
dancy through region caching and inversion step skipping.

2.3. Mask-Free Drag-Based Image Editing

Recent works have proposed removing manually
provided masks to simplify the drag editing pipeline while
preserving semantic and structural control. EasyDrag[8]
focuses on user-friendliness by eliminating the need for
masks and tuning procedures such as LoRA[9]. It lever-
ages pretrained diffusion models without architectural modi-
fications and achieves better editing precision and visual
quality than DragDiffusion [29]. However, it still requires
a text prompt to maintain semantic guidance, which limits
usability in prompt-free scenarios. In addition, EasyDrag
relies on ControlNet [35], which introduces considerable
memory overhead during inference.

InstantDrag [30] improves editing speed by introducing
an optimization-free pipeline that takes only an image and a
drag instruction as input. It uses a drag-conditioned optical
flow network followed by a flow-guided diffusion model to
achieve fast and realistic edits. While it avoids mask and
prompt, InstantDrag must retrain a dedicated diffusion model
on large-scale video data, significantly increasing param-
eter count and training cost. Moreover, it often requires
multiple drag instructions to produce stable results, reducing
its effectiveness in sparse user-interaction settings. Adap-
tiveDrag [2] introduces automatic mask generation using
superpixel segmentation by SAM2 [24] and incorporates
semantic-aware latent optimization guided by adaptive steps
and a specialized loss. Although it improves localization
accuracy and generalization across categories, AdaptiveDrag
depends on external segmentation models and still requires
textual prompt for semantic alignment, resulting in addi-
tional computational overhead.

While these methods effectively reduce the need for
manual mask input, they either rely on prompt, introduce
heavy architectural modifications, or require extra modules
such as segmentation or flow estimation. In contrast, Direct-
Drag adopts a lightweight and fully mask-free and prompt-
free framework that maintains high image fidelity and
competitive drag precision. It achieves this through auto-
matic soft mask generation, readout-guided feature align-
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Figure 3. Overview of the proposed DirectDrag framework. Given an input image and point pairs, we apply DDIM inversion to obtain
latent codes, initialize editing via latent warpage function and generate soft mask, then iteratively apply drag and denoising guided by motion
supervision and feature alignment.

ment, and latent warpge function introducing only a minimal
auxiliary module, far more efficient and compact than the
large-scale components used in existing approaches.

3. Method
3.1. Overview

We propose DirectDrag, a fully mask-free and prompt-
free framework for drag-based image editing. Unlike
previous diffusion-based methods [4, 18, 29, 37], which
rely on hand-crafted mask or prompt, our method simpli-
fies the pipeline while preserving editing quality. As shown
in Figure 3, the process begins by applying DDIM inver-
sion [31] to encode the input image into latent space.
A geometry-aware latent warpage function (LWF) initial-
izes the latent code, and an auto soft mask generation
module estimates the editable region based on point displace-
ment—removing the need for manual masks. We adopt
the AIDD strategy [37] (Alternating Inversion and Drag-
Denoise) to optimize the latent representation iteratively.
During each step, drag loss encourages point movement,
while our readout-guided Feature alignment module extracts
intermediate diffusion features to maintain visual consis-
tency. These components work together to preserve fidelity
and precision even without prompts or segmentation inputs.

Compared to prior work that introduces architectural
changes [30] or external segmentation tools [2], DirectDrag
remains lightweight and modular, while achieving strong
fidelity and alignment performance across diverse examples.

3.2. Latent Diffusion and DDIM Inversion

Denoising Diffusion Probabilistic Models (DDPMs) [7]
have demonstrated strong generative capabilities by
modeling the image generation process as a gradual
denoising of random noise. However, operating directly
in pixel space is computationally expensive. To improve
efficiency, Latent Diffusion Models (LDMs) [25] encode
the image x0 into a lower-dimensional latent representa-
tion z0 = E(x0) using a pretrained VAE encoder E . The
diffusion process is then carried out in the latent space as a
Markov chain over T timesteps, where the marginal likeli-
hood is expressed as:

pθ(z0) =

∫
pθ(z1:T ) dz1:T , (1)

where each latent variable zt is obtained by progressively
adding Gaussian noise to z0 using a forward process defined
as:

zt =
√
ᾱt z0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I), (2)

where ᾱt denotes the cumulative product of noise schedule
coefficients up to timestep t.

To enable editing from real images, we adopt determin-
istic DDIM inversion [31], which reverses the diffusion
process to recover latent trajectories. This allows us to
initialize the editing process from a clean latent code z0
without requiring random sampling. Since our method does
not rely on prompts, DDIM inversion is performed in a

4



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

WACV
#257

WACV
#257

WACV 2025 Submission #257. Applications Track. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Drag Instruction w/o Mask
Auto Generated

Soft Mask (σ = 30) Applied Soft Mask

1-LPIPS: 0.716 1-LPIPS: 0.877 
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Figure 4. Effect of our Soft Mask. Left: Compared to no masking and user provide hard mask, applying the generated soft mask significantly
improves visual fidelity and structure preservation, as reflected by higher image fidelity scores (1-LPIPS↑). Right: Visualization of soft
masks under different drag configurations and Gaussian widths (σ), illustrating their adaptiveness to motion magnitude and direction.

prompt-free setting, enabling faithful reconstructions and
providing a robust starting point for subsequent drag-based
manipulation.

3.3. Drag-based Image Editing

Our method builds upon prior drag-based diffusion
editing approaches [29, 37], where user-specified handle
points are iteratively moved toward target locations by opti-
mizing latent features in the diffusion model. To guide this
deformation process, we incorporate three key components:
motion supervision, alternating inference-driven denoising
(AIDD), and feature-based point tracking.
Motion Supervision. We adopt a multi-step motion super-
vision loss to encourage the features at displaced handle
points to match those at their original locations. This super-
vision helps align internal features with the intended motion
trajectory:

Lms =

n∑
i=1

∑
q

∥∥Fq+di
(ẑkt , ĉ

k)− sg(Fq(ẑ
k
t , ĉ

k))
∥∥
1
, (3)

where Fq denotes the U-Net features extracted at location q,
and di is the displacement vector of the i-th handle point.
AIDD Optimization Schedule. To prevent noise accumu-
lation and preserve global image structure, we adopt the
Alternating Inference-Driven Denoising (AIDD) schedule
proposed in GoodDrag [37]. Rather than performing contin-
uous updates in the latent space, AIDD interleaves B drag
steps with periodic denoising steps. This scheduling helps

retain proximity to the image manifold and stabilizes opti-
mization. At each drag step, we apply a patch-level align-
ment loss:

Ldrag =
∑
i

∥∥FΩ(pi+δpi) − sg(FΩ(pi))
∥∥
1
, (4)

where Ω(·, r1) extracts a spatial patch of radius r1, and δpk
i

is the displacement from the initial handle position to its
target.
Point Tracking. We also incorporate the point tracking
mechanism from GoodDrag [37] to maintain semantic
consistency throughout the editing trajectory. Instead of
keeping handle points fixed across iterations, we dynam-
ically update each point’s position by matching its initial
diffusion features with features from nearby locations in
the current timestep. This allows the model to follow the
semantic content even as the image structure evolves during
optimization. The detailed formulation of this tracking algo-
rithm is provided in the supplementary material.

Together, motion supervision, AIDD scheduling, and
feature-based tracking form the core optimization loop that
enables precise point-based editing while preserving image
quality and structural coherence.

3.4. Auto Soft Mask Generation

In drag-based editing, prior methods often rely on user-
provided hard mask to confine deformation. However, even
with these mask, diffusion models tend to produce unin-
tended changes in unrelated regions due to weak spatial

5
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Figure 5. Readout Network Training and Effect. Left: We train the readout network using a triplet loss on diffusion features extracted
from video frames (anchor, positive) and edited images (negative). Right: Incorporating readout guidance preserves appearance details and
improves structural consistency during dragging.

constraints. In practice, omitting mask altogether leads to
even more severe artifacts, such as missing objects, hallu-
cinated structures, or drastic changes in color and composi-
tion—as shown in Fig. 4.

To improve usability while reducing over-editing, we
propose to generate a soft spatial mask M ∈ [0, 1]H×W

directly from the drag instructions. This removes the
burden of manual annotations and ensures localized struc-
tural control. Specifically, for each handle–target pair
(hi, ti) with coordinates (x0, y0) and (x1, y1), we interpo-
late N = max(|x1 − x0|, |y1 − y0|) + 1 points along the
linear path connecting them:

M̃(xk, yk) = 1, where
(xk, yk) = ⌊(1− αk)(x0, y0) + αk(x1, y1)⌉ , (5)

αk =
k

N − 1
=

k

max(|x1 − x0|, |y1 − y0|)
. (6)

We accumulate M̃ from all point pairs, then apply a
Gaussian filter followed by normalization to form the final
soft mask M :

M =
GaussianBlur(M̃, σ)

max
(

GaussianBlur(M̃, σ)
) . (7)

The resulting soft mask softly highlights the regions
along dragging trajectories, enforcing smooth, localized
constraints without introducing sharp editing boundaries.
While this design significantly reduces unintended edits, it
has its limitations: the linear interpolation path may not fully

cover the deformable object, especially for complex geome-
tries. Nevertheless, we argue that the primary role of a mask
is to localize major structural changes—not to precisely
capture every affected pixel. In fact, over-constraining the
optimization via strict loss masking can conflict with the
global nature of latent updates in diffusion models, some-
times degrading drag precision instead of improving it. Our
lightweight mask acts as a guiding prior, with finer control
delegated to subsequent alignment mechanisms.

3.5. Readout-Guided Feature Alignment

Although the soft mask improves visual fidelity and local
stability, it often fails to suppress subtle background artifacts
or hallucinated textures, as illustrated in Fig. 5. To address
this, we incorporate a feature alignment mechanism based on
Diffusion Hyperfeatures [15] and Readout Guidance [14].

Readout Network. Following Luo et al. [14], we use a
lightweight readout network trained to extract appearance-
preserving features from intermediate U-Net layers of a
frozen denoiser. Supervision is provided via a triplet loss:

Ltriplet = max
(
0, D(F (Ia), F (Ip))

−D(F (Ia), F (In)) + δ
) (8)

where F (·) is the readout head output, D is cosine distance,
and Ip, In are positive and negative samples. Negative exam-
ples are generated by SDEdit [16], which perturbs appear-
ance while preserving structure. Readout Guidance [14] use
training data from the Pascal VOC dataset [5].
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Method Venue Mask Prompt IF↑ CLIP SIM↑ MD↓ Params
Model

Params
Tuning

DragDiffusion [29] CVPR’24 ✓ ✓ 0.883 0.977 32.87 865M 0.07M
FreeDrag [12] CVPR’24 ✓ ✓ 0.897 0.977 33.82 865M 0.07M
DiffEditor [17] CVPR’24 ✓ ✓ 0.877 0.966 31.70 865M 0.07M
DragNoise [13] CVPR’24 ✓ ✓ 0.899 0.972 37.92 865M 0.33M
FastDrag [38] NeurIPS’24 ✓ ✓ 0.859 0.963 32.66 865M 0
GoodDrag [37] ICLR’25 ✓ ✓ 0.869 0.977 25.28 865M 0.07M
DragText [3] WACV’25 ✓ ✓ 0.870 0.971 34.25 865M 0.12M
LightningDrag [28] ICML’25 ✓ ✓ 0.881 0.970 29.95 933M 933M

Mask-free methods

EasyDrag* [8] CVPR’24 ✗ ✓ 0.882 – 34.44 1770M 0.07M
AdaptiveDrag [2] ArXiv’24 ✗ ✓ 0.867 0.975 33.94 1168M 0.07M
InstantDrag [30] SIGGRAPH Asia’24 ✗ ✗ 0.878 0.968 30.41 914M 914M
DirectDrag (ours)w/o LWF – ✗ ✓ 0.918 0.982 31.91 871M 5.97M
DirectDrag (ours) – ✗ ✗ 0.891 0.976 29.65 871M 5.97M

Table 1. Quantitative evaluation on the DragBench [29] dataset. IF = 1 - LPIPS. CLIP SIM = CLIP [22] Similarity. MD = Mean
Distance. ✓: Required, ✗: Not Required. LWF: Latent Warpage Function. Model Params: Total parameters used in model. Tunning Params:
Parameters require to training in correspond method. * means scores are taken from the another publication.

Inference-Time Guidance. During editing, we extract inter-
mediate features from the original image z0

t (before any
dragging) and use them as the reference for appearance
alignment. For each optimization step, the current latent
z̄t is passed through the readout network, and the following
loss is applied:

Lrg = ∥F (z̄k
t)− F (z0

t)∥22, (9)

where F (·) denotes the readout network’s output from
selected U-Net layers (e.g., down3 to up2). This encourages
the edited latent to stay visually close to the original appear-
ance, mitigating hallucination and identity drift. Unlike
Readout Guidance [14], which is designed for one-shot
diffusion and prone to hallucinations, our approach inte-
grates readout features into a multi-step optimization frame-
work. This allows better convergence and reduces artifacts,
especially in challenging scenes. The guidance is effective
without modifying the diffusion backbone, introducing only
minor overhead while improving appearance stability.

3.6. Latent Warpage Function

To initialize the latent with geometry-aware deforma-
tion, we adopt the latent warpage function (LWF) from Fast-
Drag [38]. For each masked pixel pj in latent space, its
displacement vj is computed as a weighted combination of
drag vectors di = ei − si:

vj =

k∑
i=1

wi
j · λi

j · di, (10)

where wi
j is the inverse distance weight to handle si, and λi

j

is a stretch factor based on geometric intersections.
Unlike the original latent warpage function, which often

over-applies displacement and harms fidelity, we scale the
drag vector with a ratio ρ:

d′
i = ρ · (ei − si), (11)

producing a gentler shift in latent space. This mitigates early
semantic drift and improves convergence. Empirically, this
initialization reduces mean distance error and enables more
stable drag optimization in subsequent steps.

4. Experiments
4.1. Implementation Details

We build on Stable Diffusion v1.5 [25] and run all exper-
iments on an NVIDIA RTX 4090. Our pipeline follows
DDIM inversion with 50 inference steps and guidance scale
1.0. We highlight three key settings: (1) Soft Mask: Gaus-
sian blur with σ = 30 ensures smooth region transitions.
(2) Readout-Guided Weight: The readout guidance loss is
scaled by 350 before adding to the main objective. (3) Latent
Warpage Function: To reduce over-drag during initialization,
we apply 15% of the displacement vector from handle to
target. All other parameters follow settings from baseline
(GoodDrag [37]).

4.2. Quantitative Evaluation

We evaluate on DragBench [29] using (1) 1-LPIPS [36]
for perceptual similarity, (2) CLIP [22] Similarity for
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Drag Instruction GoodDrag AdaptiveDrag InstantDrag DirectDrag

Figure 6. Qualitative comparison. Compared to the baseline (GoodDrag [37]) and mask-free methods (AdaptiveDrag [2], InstantDrag [30]),
our method DirectDrag)

Method SM RG LWF IF↑
SIM
CLIP↑ MD↓

Baseline 0.789 0.963 24.74

+ Soft Mask ✓ 0.895 0.979 31.35
+ Readout Guide ✓ ✓ 0.918 0.982 33.75
+ Readout Guide +prompt ✓ ✓ 0.918 0.982 31.91
+ Latent Warpage ✓ ✓ ✓ 0.891 0.976 29.65
+ Latent Warpage +prompt ✓ ✓ ✓ 0.891 0.975 29.18

Table 2. Ablation study of DirectDrag. Baseline indicates Good-
Drag [37] without mask and prompt.

semantic consistency, and (3) MD [21] for dragging accu-
racy using DIFT [32]. As shown in Table 1, Direct-
Drag perfrom state-of-the-art result in mask-free methods.
Despite working in minimal input conditions, DirectDrag
matches or exceeds mask-based and prompt-based methods
in image fidelity and drag accuracy.

4.3. Qualitative Results

Fig. 6 compares DirectDrag to GoodDrag [37] (base-
line with mask and prompt) and two mask-free methods,
AdaptiveDrag [2] and InstantDrag [30]. While the
latter often suffers from distortions or incomplete motion,
our method achieves more accurate and stable edits.
Across diverse cases—motion, face, and object deforma-
tion—DirectDrag maintains background consistency and
visual detail, confirming its advantage in prompt- and mask-
free editing.

4.4. Ablation Study

Table 2 shows the impact of each component in Direct-
Drag. The soft mask significantly improves visual fidelity,
while readout guidance helps preserve appearance but
slightly reduces motion accuracy. Latent warpage func-
tion improves spatial precision with minimal degradation in
image quality. We also tested a variant using prompt condi-
tioning, showing that our latent warpage function can effec-
tively replace prompt for improving drag accuracy. Overall,
our final setup offers the best trade-off between fidelity and
accuracy in a fully mask-free and prompt-free setting.

5. Conclusion
We presented DirectDrag, a lightweight framework for

drag-based image editing that operates without manual mass
or prompt. By integrating automatic soft mask generation,
readout-guided feature alignment, and a latent warpage func-
tion, our method achieves high visual fidelity and competi-
tive dragging accuracy. Extensive experiments demonstrate
that DirectDrag provides a practical and effective solution
for intuitive image manipulation, balancing usability, preci-
sion, and quality.
Limitation. In some cases, our method may over-preserve
visual fidelity, resulting in insufficient deformation. Addi-
tionally, strong geometric warping can occasionally cause
texture detail loss.

8
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