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6. Dataset Collection Details
6.1. Real-World Data Pairing Details
Given a multi-season driving dataset with repeated routes
and calibrated camera poses, we convert unpaired record-
ings into pose-aligned image pairs using a simple geometric
matching rule.

Let Isource be a frame with camera pose (x⃗s, ϕs, θs, ψs),
where x⃗s ∈ R3 is the camera position and (ϕs, θs, ψs) de-
note roll, pitch, and yaw. We first define a local temporal
neighborhood I of candidate frames from other traversals
of the same route. The paired target frame Itarget is selected
by minimizing a pose-disparity distance:

Itarget = argmin
I∈I

dist(I, Isource),

dist(Ia, Ib) =
∥∥x⃗a − x⃗b

∥∥
2
+
∣∣ϕa − ϕb

∣∣+ ∣∣θa − θb
∣∣

+
∣∣ψa − ψb

∣∣, (6)

where (x⃗a, ϕa, θa, ψa) and (x⃗b, ϕb, θb, ψb) are the poses
of frames Ia and Ib, respectively. In practice, we accept
matches only if dist(Itarget, Isource) falls below a fixed thresh-
old, ensuring that the resulting pairs share nearly identical
viewpoints. This pose-based pairing procedure is dataset-
agnostic and can be applied to any driving dataset with suf-
ficiently accurate pose estimates, including but not limited
to Boreas.

6.2. Image Descriptor
Our “Image Descriptor”, an image-based analogue of
iFinder [65], is a comprehensive annotation system: it in-
tegrates vision-language and depth estimation models that
can generate semantic-aligned scene descriptions at two
levels:
Multimodal Environments Descriptions. We first extract
global information about the scene:
1. We use an image-based vision-language model

(VLM) [10] for a global interpretation of extremely
fine-grained attributes. We show the VLM prompt in
Appendix 8.1.

2. To estimate object distances, we apply a metric depth es-
timation model, Metric3d [18], to the full image, produc-
ing a depth map whose values correspond to real-world
distances.

Instance-Level Semantic Decomposition. After preparing
the global description, we then record objects present in the
scene:
1. We run a 2D object detector (Owlv2 [35]) that returns,

for each detected object, a bounding box, a class label

(from the set ‘ambulance’, ‘bicycle’, ‘traffic light’, ‘traf-
fic cone’, ‘person’, ‘car’, ‘motorcycle’, ‘bus’, ‘building’,
‘fire truck’), and a unique object ID.

2. For each object, we crop the global depth map (from the
2nd step above) to its bounding box and then refine that
region with a binary mask from the Segment Anything
Model (SAM [21]), ensuring we exclude background
pixels. The object’s distance is taken as the mean depth
over this masked area.

3. We invoke the VLM [10] on each object’s bounding box
to extract additional attributes, such as vehicle color or
traffic-light state.

We show an example annotation in Sec 8.1.

6.3. Global Editing Details

We define three categories of global scene edits that capture
the dominant real-world variations in driving environments:
• Weather: Sunny, Cloudy, Foggy, Rainy, Snowy
• Time of day: Dawn, Day, Dusk, Night
• Season: Spring, Summer, Autumn, Winter
Together, these attributes span a broad range of environmen-
tal conditions and naturally occurring appearance changes.
Applying such global edits to driving scenes produces di-
verse variations of the same location, which is crucial for
evaluating the robustness and generalization capability of
autonomous driving systems.

6.4. Quality-control pipeline for local pseudo-edited
samples.

We perform automated quality control using a combination
of a Vision-Language Model (VLM) and image-based sim-
ilarity metrics to remove local low-quality pseudo-edits.
Global sanity check. Given an edited image, we first
prompt the VLM to flag samples that appear clearly syn-
thetic or contain obvious artifacts (e.g., distorted geometry,
inconsistent lighting). Samples flagged as unrealistic are
discarded.
Pedestrian edits. For edits involving pedestrians, we crop
and enlarge each modified person and query the VLM with
a category-specific prompt asking whether the subject looks
realistic after modification or replacement. Crops judged
unrealistic are removed from the dataset.
Vehicle edits. For vehicles, we similarly crop each edited
instance and prompt the VLM to predict the vehicle’s ori-
entation (e.g., facing forward, turning left). We then check
whether this predicted orientation is consistent with the in-
tended edit and the surrounding context. Samples with mis-
matched or ambiguous orientation are discarded.



Object removals. For removal edits, we extract enlarged
crops from both the original and edited images correspond-
ing to the target region. The VLM is asked whether an in-
stance of the removed class is still visible in the edited crop.
If the VLM indicates successful removal, we additionally
compute the Structural Similarity Index (SSIM) between
the Canny edge maps of the original and edited crops. Only
removals that pass both the semantic (VLM) and structural
(edge-based SSIM) checks are retained, which is particu-
larly important for densely packed objects such as vehicles.
Traffic light edits. For traffic lights, we restrict edits to
color changes. A valid edit must satisfy three conditions: (i)
the VLM confirms the presence of a plausible traffic light in
the edited crop; (ii) the predicted signal color matches the
target color specified by the edit; (iii) the SSIM between the
edge maps of the original and edited crops remains above a
fixed threshold, indicating preserved structure of the traffic
light and its surroundings.

This quality-control procedure is dataset-agnostic and
can be applied to any pseudo-edited driving dataset to sys-
tematically filter out unrealistic or structurally inconsistent
edits.

7. Dataset Statistics

7.1. Compound Editing

In Tab. 7 we show the editing types in the compound edit-
ing dataset derived from the real-world dataset Boreas [5].
In Tab. 8, we detail how many edit types each example con-
tains.

Table 7. Compound Dataset Statistics (Edit Types). Distribu-
tion of edit types across the compound editing dataset.

Edit Type Count Percentage
Road Conditions 146,159 15%
Time of Day 235,710 24%
Traffic 263,064 27%
Traffic Light 55,998 6%
Weather 269,715 28%

Table 8. Compound Dataset Statistics (Subedit Counts). Distri-
bution of the number of edit types per example of the compound
editing dataset.

Partition by Number of Subedits
1 Edit Type 16,623 4.86%
2 Edit Types 95,295 27.88%
3 Edit Types 160,413 46.93%
4 Edit Types 64,385 18.84%
5 Edit Types 4,922 1.44%
Total Examples 341,796 –

7.2. Local Editing

We breakdown the local editing pseudo-pair datasets by
generated editing type and targeted subject class for
nuScenes (Tab. 9), Boreas (Tab. 10), Argoverse2 (Tab. 11),
and nuPlan (Tab. 12).

Table 9. nuScenes — Editing Statistics. Editing types and editing
actions for the nuScenes dataset.

Editing Type Count Action Count
vehicle 3,584 modify 2,035
pedestrian 1,879 replace 1,559
trafficlight 41 delete/insert 1,910
Total 5,504

Table 10. Boreas — Editing Statistics. Editing types and editing
actions for the Boreas dataset.

Editing Type Count Action Count
vehicle 5,729 modify 2,070
pedestrian 96 delete/insert 2,957
trafficlight 144 replace 942
Total 5,969

Table 11. Argoverse — Editing Statistics. Editing types and
editing actions for the Argoverse dataset.

Editing Type Count Action Count
vehicle 2,558 modify 1,815
trafficlight 229 replace 1,503
pedestrian 2,031 delete/insert 1,500
Total 4,818

Table 12. nuPlan — Editing Statistics. Editing types and editing
actions for the nuPlan dataset.

Editing Type Count Action Count
vehicle 50 delete/insert 33
trafficlight 23 replace 31
pedestrian 48 modify 57
Total 121

7.3. Global Editing

We breakdown the global editing pseudo-pair datasets for
nuScenes (Tab. 13), Argoverse2 (Tab. 14), and nuPlan
(Tab. 15).



Table 13. nuScenes Global Editing Type. Distribution of global
editing types in the nuScenes dataset.

Edit Type Count Percentage
Season 3,033 33%
Weather 3,116 33%
Time of Day 3,162 34%
Total 9,311 –

Table 14. Argoverse2 Global Editing Types. Distribution of
global editing types in the Argoverse2 dataset.

Edit Type Count Percentage
Season 3,267 33%
Weather 3,288 33%
Time of Day 3,409 34%
Total 9,964 –

Table 15. nuPlan Global Editing Types. Distribution of global
editing types in the nuPlan dataset.

Edit Type Count Percentage
Season 112 35%
Weather 100 31%
Time of Day 108 34%
Total 320 –

8. Annotation Pipeline
8.1. Example Annotation
The VLM is prompted with the instruction shown in Fig. 6.
We show an annotated image (Fig. 7) and a truncated output
caption from the annotation pipeline (Fig. 8).

8.2. LLM Generated Editing Instructions
We prompt chatGPT-4o mini with the following instruction
(Fig. 9) to produce editing instructions for real-world im-
ages based on the captions of the target image.

9. Efficient LangMask Construction from User
Instructions

To enable precise, instruction-aligned scene editing, we pro-
vide two efficient mechanisms for constructing LangMasks
from user-specified edits.
Dataset-Driven LangMask Generation. First, following
HorizonWeaver’s dataset construction, a driving-scene im-
age may be annotated using our “image descriptor.” As
shown in Fig. 8, this annotation provides, for each detected
object, its bounding box, its distance from the ego vehi-
cle, and a short appearance description. Given an anno-
tated object (e.g. “car”), a user-specified editing action (e.g.
“replace”), and optionally a target description (e.g. “green

truck”), we form a simple sentence (i.e. “replace the car
with a green truck”) which is then encoded by CLIP. The
resulting embedding is written into the mask for all pixels
inside that object’s bounding box. As multiple objects may
overlap, masks are assembled in order of decreasing object
distance, ensuring that nearer objects overwrite farther ones.
Interactive LangMask Construction. Alternatively,
through our user interface a user may select a bounding box
in the scene and specify an editing action, and optionally a
target description. Then following our “image descriptor”
a VLM would describe the selected subject appearance that
we combine with the user’s inputs into a simple sentence.
After encoding this instruction with CLIP, we populate the
LangMask within the chosen bounding box. When multiple
user selections are made, the masks are applied in order of
descending object distance.

9.1. Compound Dataset Development
LangMask instructions are simple sentences. Editing ac-
tions are one of {insert, delete, modify, replace}. For mod-
ifications, a target appearance is required (e.g. “change the
car to green”). For replacements and insertions both a tar-
get subject and appearance are sampled (e.g. “insert a mid-
dle-aged person”, “replace the car with a blue truck”). The
LangMasks are systematically derived by comparing corre-
sponding frame annotations via three rules:
• Distance-based filtering: Objects beyond 50 meters from

the ego vehicle are excluded unless they occupy a signifi-
cant image area.

• Truncation detection for undersized 2D bounding boxes
near image boundaries.

• Occlusion handling: In complex traffic scenarios, over-
lapping vehicle bounding boxes are each preserved to
maintain scene coherence.
For compound editing pairs, the traffic usually com-

pletely changes between images. For this reason, we
prepend in the global text prompt “remove all pedestrians
and all vehicles from the scene.” Meanwhile the LangMask
specifies the vehicles and pedestrians to insert. Traffic lights
use the “modify” editing action.

9.2. Pseudo-Dataset Development
LangMask instructions are simple sentences. Editing ac-
tions are one of {insert, delete, modify, replace}. For mod-
ifications, a target appearance is required (e.g. “change the
car to green”). For replacements and insertions both a target
subject and appearance are sampled (e.g. “insert a middle-
aged person”, “replace the car with a blue truck”).

For pseudo-pair development, we perform one edit per
LangMask. Given an unpaired image, we annotate it with
our “image descriptor” and randomly select one subject,
and sample an editing action from {insert, delete, modify,
replace}. If required, we randomly sample a target object



You are an expert in autonomous driving, specializing in analyzing traffic scenes. You
↪→ receive a series of traffic images from the perspective of the ego car. Your task is
↪→ to describe the driving environment, focusing on weather, lighting, road layout, and
↪→ environment.

It is essential that you strictly follow the rules and instructions below. Any deviation
↪→ from the specified structure or format will result in an invalid output.

STRICTLY follow Rules:
- You must strictly follow the dictionary structure provided above.
- Only use the specified terms for weather, light, road layout, and environment. Do not

↪→ create your own terms.
- No additional information or categories should be added.
- You should strictly follow these instructions. If an object or element is not visible or

↪→ does not exist in the scene, set the value to ’None’. Ensure every field is filled
↪→ with the appropriate value or ’None’.

- STRICTLY ignore any text written on the image.

Output the result in the following dictionary format:

{
"surrounding_info": {

"weather": "[e.g., ’cloudy’, ’sunny’, ’rainy’, ’fog’, ’snowy’]",
"road_layout": "[Choose from: ’straight road’, ’curved road’, ’intersection’,

↪→ ’T-junction’, ’ramp’]",
"environment": "[Choose from: ’city street’, ’country road’, ’highway’, ’residential

↪→ area’]",
"sun_visibility_conditions": "[Choose from: ’clear’, ’foggy’, ’low visibility’, ’hazy’]",
"road_condition": "[Choose from: ’wet’, ’icy’, ’normal’, ’debris’, ’potholes’]",
"surface_type": "[Choose from: ’asphalt’, ’gravel’, ’dirt’, ’concrete’]",
"surface_color": "[Choose from: ’light grey’, ’dark grey’, ’black’, ’brown’]",
"time_of_the_day": "[Choose from: ’morning’, ’midday’, ’afternoon’, ’night’, ’dawn’,

↪→ ’dusk’.]",
"precipitation_intensity": "[Choose from: ’none’, ’light’, ’moderate’, ’heavy’,

↪→ ’torrential’.]",
"precipitation_visibility_impact": "[Choose from: ’none’, ’low’, ’moderate’, ’high’]",
"cloud_cover": "[Choose from: ’clear’, ’light’, ’moderate’, ’heavy’.]
}

}

Figure 6. Annotation pipeline prompt used for the VLM.

and appearance from the following word banks.
Traffic Lights. The action is always modify. The tar-

get appearance is sampled from {green, red, yellow}.
Vehicles. For modifications, a target appearance is sam-

pled. For replacements and insertions both a target subject
and appearance are sampled.
• Target colors: [red, blue, green, yellow,
black, white, silver, grey]

• Target objects: [car, truck, bus,
motorcycle with its rider, bicycle
with its rider, ambulance, fire truck]
Pedestrians. For insertions and replacements, we sam-

ple from both clothing types and age. For modifications, we
change only the clothing type.

• Target clothing adjectives: [red, blue, green,
yellow, black, white, casual, formal,
businesslike, vibrant, summer, winter,

sporty]
• Target clothing articles: [shirt, jacket, coat,
sneakers, boots, hat, dress, skirt,
trousers, pants, clothes]

• Target ages (for modifications): [young,
middle-aged, elderly]

During training, the pseudo images are used as condi-
tioning except for object removals which with 0.5 proba-
bility are used as ground-truth to have equal representation
between deletions and insertions.

10. Training & Inference Details

10.1. Training
To incorporate the guidance from the LangMasks, we ex-
pand the VAE input channels to accept the concatenation
of the input image and conditioning masks and train end-



Figure 7. Example annotation produced by the annotation pipeline.
to-end. The weights of any existing convolutions are main-
tained and new weights are initialized as zero. The RGB-
image VAE is frozen. We train at a resolution of 512 × 512
and a learning rate of 1× 10−5.

We evaluate the UltraEdit model with the following set-
tings:

• UltraEdit. The UltraEdit model supports a single binary
mask as conditioning therefore we project our LangMask
into a binary mask. The LangMask editing prompts are
appended to the global text prompt.

• UltraEdit-Text. We train an UltraEdit model using only
supervised objectives without LangMasks. To do this,
following the process described in Sec. 3.2.1, we con-
struct the editing prompts by asking chatGPT-4o to de-
scribe, in addition to global changes, all objects to re-
move from left to right, and all objects to add from left
to right. Similar to the base model we project our Lang-
Mask into a binary mask. This model was trained only on
the compound editing dataset from Sec. 3.2.1. This model
is trained across 4 × 48 GB NVIDIA A6000 GPUs with a
total batch size of 256 for 10000 steps. We set λsft = 1.0
during supervised training.

• UltraEdit-Mask. We train an UltraEdit model using
only supervised training objectives and LangMasks. This
model was trained only on the compound editing dataset
from Sec. 3.2.1. We train this model across 4 × 80GB
NVIDIA H100 GPUs with a total batch size of 4 for

25000 steps. We set λsft = 1.0 during supervised training.
• UltraEdit-Mask-UFT. We train an UltraEdit model us-

ing both supervised and unsupervised training objectives
and LangMasks. This model was trained only on the com-
pound editing dataset from Sec. 3.2.1. We finetune this
model across 4×80GB NVIDIA H100 GPUs with a total
batch size of 4 for 1000 steps starting at the UltraEdit-
Mask pretrained checkpoint described above. We use the
same loss hyperparameters as below.

• Ours. We train an UltraEdit model using supervised
training for 25000 steps on both the compound editing
dataset from Sec. 3.2.1 and pseudo-paired dataset (both
local and global) from Sec. 3.2.2. We set λsft = 1.0 dur-
ing supervised training. Then we finetune this model for
1000 steps using all the objectives described in Sec. 3.4.
To adapt these objectives to multi-step diffusion, we apply
gradient checkpointing and perform end-to-end training
with our unsupervised losses. We train this model across
4× 80GB NVIDIA H100 GPUs with a total batch size of
4 for 25000 steps. Our training parameters are:

λgan = 0.5,

λid = 0.05, λid-lpips = 0.05,

λcycle = 0.05, λcycle-lpips = 0.05,

λsft = 3.0, λsft-lpips = 0.5,

λclip = 3.

(7)



{
"surrounding_info": {

"weather": "cloudy",
"road_layout": "intersection",
"environment": "city street",
"sun_visibility_conditions": "low visibility",
"road_condition": "normal",
"surface_type": "asphalt",
"surface_color": "dark grey",
"time_of_the_day": "morning",
"precipitation_intensity": "none",
"precipitation_visibility_impact": "none",
"cloud_cover": "heavy"

},
"object_info": [

{
"class": "building",
"bbox": [

1234,
745,
2060,
1051

],
"object_id": 1,
"distance_from_ego_vehicle": "67.42 meters",
"attributes": "Brown color, Brick texture, Apartment type"

},
{

"class": "traffic light",
"bbox": [

779,
963,
790,
986

],
"object_id": 2,
"distance_from_ego_vehicle": "78.61 meters",
"attributes": "Red light"

},
{

"class": "car",
"bbox": [

79,
1025,
147,
1062

],
"object_id": 10,
"distance_from_ego_vehicle": "69.81 meters",
"attributes": "White color, Not a police car."

},
...

]
}

Figure 8. Truncated annotation output corresponding to Fig. 7.

Supervised training requires 16 hours to complete
25,000 steps. When all the objectives described in Sec.
3.4 are enabled, the model trains at approximately 15 sec-
onds per iteration. Consequently, the 1,000-iteration post-
training stage takes roughly 4 hours.

10.2. Inference
We perform inference on Qwen-Image-Edit, BAGEL, Om-
nigen2, and UltraEdit following their default hyperparame-
ters. Generating a single image with 100 inference steps us-
ing Qwen-Image-Edit takes roughly 60 seconds on an 80GB
NVIDIA H100 GPU.



You are an expert in autonomous driving, specializing in analyzing traffic scenes. You
↪→ receive a text description of a traffic image from the perspective of an autonomous
↪→ vehicle’s camera.

Your task is to produce FOUR VERSIONS of the SAME PROMPT, each with DIFFERENT WORDING BUT
↪→ IDENTICAL CONTENT, that describes the driving scene depicted in the image.

IMPORTANT:
- Each version should contain the EXACT SAME DESCRIPTION, just phrased differently.
- ALL prompts should describe EXACTLY THE SAME SCENE with no variation in what is being

↪→ described.
- Only use adjectives and descriptors that are explicitly provided in the caption. Do NOT

↪→ add your own subjective descriptors like "moody," "tranquil," "charming," etc. Stick
↪→ strictly to the attributes and descriptors that appear in the input caption.

At the end of each prompt version, append the following line:
"There may be minor additional changes in time or weather (such as lighting, clouds, or

↪→ rain) between the images that are not fully captured by the descriptions, but
↪→ these are expected to be subtle."

The prompt should be in the format below where each version describes the same contents but
↪→ with different wording.

### Scene Description:

version_1: {{description_1}}
version_2: {{description_2}}
version_3: {{description_3}}
version_4: {{description_4}}

Image Caption: {caption_0}

Figure 9. Prompt used to generate real-world image editing instructions.

For UltraEdit-Text and UltraEdit-Mask we follow the
default hyperparameters of UltraEdit. For UltraEdit-Mask-
UFT and Ours, we use 8 inference steps and disable
classifier-free-guidance mirroring training. Generating a
single image takes less than 5 seconds on an 80GB NVIDIA
H100 GPU.

11. Cycle Consistency Details

Global text prompts are either obtained by a VLM for
pseudo-paired data, or by applying chatGPT-4o to our im-
age annotations for compound data. In Section 3.4, tt cor-
responds to the caption of the target image and ts corre-
sponds to the caption of the source image. Each image is
annotated with up to four LLM-paraphrased variations of
the same caption and one is randomly sampled during train-
ing. In the case of local edits in pseudo-paired data, tt and
ts match, while Mt describes the transformation to obtain
the target and Ms describes the transformation to obtain the
source.

12. Additional Results

We show additional results for local editing (Fig. 10), global
editing (Fig. 11) and compound editing (Fig. 12).

13. Driving Specific Editor Baselines & Long-
tail Editing

As shown in Fig. 13, MagicDrive does not take RGB im-
ages as conditions, and thus cannot preserve critical driving
scene components (appearance of vehicles, construction in-
frastructure, road signs, etc.). Fig 13 demonstrates editing
on rare scenarios, e.g., crosswalks, road signs, and special-
ized vehicles (cement mixer).

14. Additional Safety-Critical Challenges in
Autonomous Driving

The application of BEV map segmentation is important and
studied in multiple work ([14, 26, 30]). Our results demon-
strate that our synthesized weather improves BEV map seg-
mentation in real-world conditions. To show that Horizon-
Weaver can help core AD challenges, such as temporal and
geometric consistency, we use our edits to synthesize driv-
ing scene video edits using [39]. We show qualitative results
in Fig 14.

Following the evaluation in [22] we quantify 1) the in-
struction alignment 2) the temporal consistency, and 3) the
perceptual quality of the video edit. Tab. 16 shows that
our method is competitive with Qwen in semantic consis-



Figure 10. HorizonWeaver Editing. Local edits: the masks (projected as binary images and stated in text for reference) enable modifica-
tions to traffic. We compare to Qwen [60], OmniGen2 [61], UltraEdit [72], and BAGEL [13].

tency and outperforms baselines in temporal consistency
and visual quality. Our model has fewer than 8B param-
eters whereas Qwen has 20B.

We further evaluate geometric consistency by comparing
the depth prediction of edited images from Boreas with the

ground truth LiDAR. To do this we run the depth-prediction
model from Depth-AnythingV3 [28] and follow its evalu-
ation metric. HorizonWeaver yields δ1 of 67.7, which is
larger by 8.9 and 7.6 than Qwen and UltraEdit, respectively,
showing that our edits are geometry-aligned. Many works



Figure 11. HorizonWeaver Editing. Global edits: the text prompt informs the appearance of the scene. For brevity, only the portions
relevant to the shown edits are displayed. We compare to Qwen [60], OmniGen2 [61], UltraEdit [72], and BAGEL [13].

Figure 12. HorizonWeaver Editing. Compound edits: The masks (projected as binary images) enable modifications to traffic while the
text prompt informs the desired global appearance. We compare to Qwen [60], OmniGen2 [61], UltraEdit [72], and BAGEL [13].



Figure 13. Driving specific editor. MagicDrive [14], cannot preserve critical driving scene components (appearance of vehicles, construc-
tion infrastructure, road signs, etc.) Long-Trail Editing our edits can extend to rare scenarios, e.g., crosswalks, road signs, and specialized
vehicles (cement mixer) which are not preserved by MagicDrive.

Table 16. Quantitative comparison of semantic consistency, tem-
poral consistency, and perceptual quality.

UltraEdit Qwen Ours
Sem. Cons. 5.603 8.250 8.191
Temp. Cons. 6.588 6.471 6.765
Perceptual 2.603 6.191 6.265

such as [14, 31, 36] which target these AD data genera-
tion challenges are limited for editing as they do not en-
force content preservation which includes safety-critical el-
ements. Our editing can preserve scene critical elements

Fig 13 such as the cement mixer and crosswalk.

15. Computational Cost & Scalability
We are comparable with previous models. We train our
models in two stages. Stage 1 is supervised finetuning for
25K steps (21 GPU hours), comparable to UltraEdit. Stage
2, adds our unsupervised training objectives for 2K steps
(8 GPU hours) improving performance with minimal addi-
tional cost, demonstrating the scalability of our approach.
Inference is efficient: our model generates an image in 8

Figure 14. Temporal Consistency. Videos produced from an edited initial image by HorizonWeaver, UltraEdit, and Qwen (top to bottom).
UltraEdit leaves the initial image unchanged. Prompt: Change the season to summer.



steps (taking 0.021s with 17GB of GPU memory), simi-
lar to UltraEdit (50 steps in 0.025s using 17GB of GPU
memory), but much faster and more memory-efficient than
Qwen (taking 68s using 61GB of GPU memory). Although
UltraEdit has lower per-step latency, its multi-step perfor-
mance is worse than ours.

16. LLM & VLM Evaluation
To analyse annotation/construction noise, we retrain our
model on pre- and post-filtered data for 10K steps. Tab. 17
shows the performance of the editing increases with fil-
tering, especially for fine-grained editing. 56% of all our
edited images are retained post-filter. For more analysis,
please see [65] Sec. 4, which forms part of our LLM-based
pipeline.

Table 17. Effect of VLM and algorithmic filtering.
Fine-Grained (Full) Fine-Grained (Crop)

Setting L1↓ L2↓ CLIP↑ DINO↑ L1↓ L2↓ CLIP↑ DINO↑

Prefilter 0.0300 0.0032 0.9423 0.9263 0.0720 0.0157 0.8214 0.6646
Postfilter 0.0321 0.0040 0.9450 0.9267 0.0755 0.0176 0.8206 0.6536

Global Compound

Prefilter 0.1010 0.0196 0.9193 0.9112 0.2030 0.0740 0.8708 0.8247
Postfilter 0.0983 0.0184 0.9174 0.9074 0.2026 0.0768 0.8683 0.8374

17. LangMasks with Localized Semantics
Unlike general purpose image editing, LangMasks allow for
localized semantic information to be provided to the editor.
Fig. 15 shows the complexity of describing dense driving
scenes without LangMasks. HorizonWeaver can apply in-
sertion edits to empty spaces in crowded regions as shown
in Fig. 16.

Figure 15. Driving scenes are dense; thus it is difficult to de-
scribe rich semantics for multiple object-oriented changes solely
with natural language.

Figure 16. Overlapping Edits, HorizonWeaver will apply inser-
tion edits to empty spaces in crowded regions

18. Limitations
A failure case appears in Fig. 6 (row 1, col 8), where
the ground truth inaccurately labels unclear lane markings
as “well-maintained.” However, other major changes like
time-of-day are generally correct. While our filtering par-
tially addresses the issue of residual artifacts in pseudo-
editing (Tab. 17), we plan to further improve it in future
work.


