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Supplementary Material

Overview
This supplementary material provides additional details,
analyses, and experimental results for our proposed method,
Dynamic-eDiTor.

• Fig. 5 and Fig. 6 present additional qualitative results, in-
cluding extended comparisons with baseline methods.

• Sec. A and Sec. B provide further implementation details
and descriptions of all evaluation metrics used in our ex-
periments.

• Sec. C summarizes the user study protocol and provides
a detailed analysis of participant responses.

• Sec. D details our Grid-based Spatio-Temporal Propaga-
tion mechanism, including Asymmetric Traversal Strat-
egy and the accompanying algorithm in Algorithm 1.

• Sec. E offers an extended analysis of the vital layer range
for Spatio-Temporal Sub-Grid Attention (STGA).

• Sec. F contains additional ablation studies analyzing
Asymmetric Traversal Strategy of Dynamic-eDiTor.

• Sec. G presents additional qualitative results in the
monocular video setting of 4D Gaussian Splatting
(4DGS) [26].

• Sec. H discusses the limitations of our Dynamic-eDiTor.

A. Implementation Details
For each scene, we first train the source 4D Gaussian
Splatting [26] representation for 30,000 iterations using the
Adam optimizer [12] with the same learning rate schedule
as 4DGS. During the editing stage, we optimize the model
for 20,000 iterations using the edited frames, following the
original 4DGS hyperparameter configuration. All exper-
iments are conducted on an NVIDIA H100 GPU; how-
ever, by employing local caching for Temporal Context To-
ken Replacement, our method also runs efficiently on an
NVIDIA A6000 GPU.

For the 2D MM-DiT [6, 25] image editor, we uti-
lize Qwen-Image-Edit [25] from the Diffusers library [23].
To enhance computational efficiency, we incorporate the
LoRA [11] weight Qwen-Image-Lightning-8steps-V1.1.
All input images are resized to 768 ! 768 before process-
ing.

For baseline comparisons, we follow the official im-
plementations of Instruct4D-to-4D [17] and Instruct-

Algorithm 1 Asymmetric Sub-Grid Traversal

Require: Camera–time grid Grid = {fv,t} of size V → T
Ensure: Ordered list of sub-grids ! = {S(k)}

1: ! ↑ [ ] ω Initialize empty sub-grid sequence
2: for v = 0 to V ↓ 2 do
3: if v is even or v = V ↓ 2 then ω Temporal sweep
4: for t = 0 to T ↓ 2 do
5: Sv,t ↑ {fv,t, fv+1,t, fv,t+1, fv+1,t+1}
6: Append Sv,t to !
7: end for
8: else ω Cross-view alignment at t = 0
9: Sv,0 ↑ {fv,0, fv+1,0, fv,1, fv+1,1}

10: Append Sv,0 to !
11: end if
12: end for
13: return !

4DGS [14], since both are text-driven 4D editing methods
comparable to ours. CTRL-D [10] requires an additional
edited reference image that must be produced by choos-
ing one of several diffusion-based editing modes, such as
image-prompt editing, text-prompt editing, or mask-based
editing, before fine-tuning its InstructPix2Pix [3] backbone.
To ensure a fair and consistent comparison, we fix this pre-
editing stage to use the standard InstructPix2Pix image ed-
itor, which is the backbone originally used in CTRL-D,
when generating the reference edited image.

B. Metric
To evaluate Dynamic-eDiTor, we use a combination of 2D
consistency, 4D editing fidelity, and 4D reconstruction fi-
delity metrics.

For 2D consistency, we evaluate both temporal and
multi-view stability. Our 4D editing baselines such as
Instruct4D-to-4D [17] and CTRL-D [10] rely on Iterative
Dataset Update (IDU)[9], and Instruct-4DGS[14] uses an
SDS-based [20] optimization strategy. However, these ap-
proaches do not generate temporally aligned or viewpoint-
consistent 2D edited frames. Their updates are stochastic
and occur directly in 3D or 4D space, which makes extract-
ing coherent multi-view video sequences infeasible. There-
fore, 2D consistency metrics cannot be fairly compared with
these baselines and are used only within our ablation stud-
ies.
• MEt3R [2]: Evaluates multi-view consistency by com-

paring feature similarity between view-warped images.
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“Turn the cat into a Van Gogh Painting.” “Turn the cat into a Lion.”

Figure 1. Qualitative comparison in the monocular video setting. We evaluate our Dynamic-eDiTor on monocular sequences from
the DyCheck dataset [8], where only a single moving-camera video is available without multi-view redundancy. We compare against
Instruct4D-to-4D [17] and CTRL-D [10]; note that Instruct4D-to-4D does not provide an official implementation for monocular datasets.
Built upon Deformable 3D Gaussian Splatting [27], our method enables effective text-driven appearance and object manipulations while
preserving temporally consistent motion and stable geometry.

We employ the official MEt3R metric with MASt3R [16],
DINOv2 [18] (FeatUp) features, 448 image resolution,
and cosine similarity. Lower values indicate more coher-
ent appearance across viewpoints.

• Warping Error [15]: Measures temporal consistency
by computing the discrepancy between frame ft and
the optical-flow–warped version of frame ft→1 using
RAFT [22]. Lower scores indicate smoother temporal
alignment and fewer motion artifacts.
For 4D editing fidelity, we adopt CLIP-based met-

rics [21]. We compute both CLIP text-image directional
similarity and CLIP text-image similarity using the ren-
dered images produced by the edited 4D scene. The di-
rectional similarity evaluates whether the change described
by the text prompt corresponds to the transformation from
the source image to the edited rendering in CLIP embed-
ding space. The CLIP text-image similarity, on the other
hand, directly measures how well the rendered frames se-
mantically align with the target text prompt.

For 4D reconstruction fidelity, we report PSNR,
SSIM [24], and LPIPS [28], following prior works [5, 13,
14, 29]. All three metrics are computed between the edited
test-view image and the rendered test-view image from the
same camera viewpoint, enabling a direct comparison of re-
construction quality.

C. User Study Detail
To compare the editing performance of Dynamic-eDiTor
against baseline methods, we conducted a user study with
150 participants on Amazon Mechanical Turk [1]. Each
participant evaluated 14 scenarios, and for each scenario,
they compared the 4D rendered video results produced by

four systems across six subjective dimensions, as illustrated
in Fig. 7. We designed six evaluation questions covering
prompt alignment (Q1), temporal consistency (Q2), view-
point consistency (Q3), motion consistency (Q4), identity
preservation (Q5), and overall visual quality (Q6). For each
dimension, participants selected the system they judged to
perform best. To reduce human bias, the presentation order
of the four systems was randomized for every question.

For analysis, we first counted how many times Dynamic-
eDiTor was selected across the 14 scenarios and compared
it with the best-performing baseline (best baseline) on each
dimension. The results show that Dynamic-eDiTor consis-
tently outperformed the best baseline across all six evalu-
ation dimensions. For example, on overall quality (Q6),
Dynamic-eDiTor achieved an average selection rate of 0.49,
compared to 0.28 for the best baseline (Instruct4d [17]).
The advantage is even more pronounced for prompt align-
ment (Q1), with selection rates of 0.57 vs. 0.22 (Instruct4d).
For other questions, Dynamic-eDiTor’s average selection
rate exceeded the best baseline by approximately 0.17–0.21,
demonstrating stable and comprehensive improvements.

To examine whether these differences were statistically
significant, we performed a two-sided signed [4] test for
each question, pairing each participant’s selection ratio for
Dynamic-eDiTor with that of the best baseline. All six di-
mensions yielded p-values far below 0.01, specifically: Q1
(p = 8.88 → 10→16), Q2 (p = 5.43 → 10→3), Q3 (p =
4.49→10→5), Q4 (p = 1.41→10→4), Q5 (p = 9.33→10→5),
and Q6 (p = 2.10→ 10→5).

These results confirm that human evaluators consistently
prefer Dynamic-eDiTor over the best baseline. The static
significance also reveals that the gains are robust rather than



2D Consistency Reconstruction Fidelity Editing Fidelity

AGT STGA
Local

Warp-Err 10→3
→ Global

Warp-Err 10→3
→ Local

MEt3R 10→1
→ Global

MEt3R 10→1
→ PSNR ↑ SSIM ↑ LPIPS → CLIPdir ↑ CLIPsim ↑

- - 56.98 58.47 1.0721 1.4312 26.14 0.7445 0.1408 0.1930 0.6414
- ↭ 34.56 42.86 0.9266 1.2984 27.84 0.7793 0.1160 0.1876 0.6499
↭ ↭ 38.64 42.33 0.9277 1.2953 28.08 0.7875 0.1122 0.1872 0.6407

Table 1. Ablation Study: Asymmetric Sub-Grid Traversal (AGT). This evaluation is conducted without CTP to isolate the impact of
Asymmetric Sub-Grid Traversal (AGT). The results show that sub-grids without AGT achieve slightly better local consistency metrics
because all frames within each sub-grid are updated independently. However, the lack of linkage between sub-grids introduces discontinu-
ities, weakening overall 4D reconstruction fidelity. In contrast, applying AGT improves global consistency by overlapping frames across
sub-grids, even at the cost of some local editing precision, as it enables effective information propagation. This leads to more stable and
reliable 4D edits, demonstrating that global consistency is ultimately more critical for 4D reconstruction fidelity.
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Figure 2. Ablation Study: Asymmetric Sub-Grid Traversal
(AGT). This qualitative result clearly demonstrates that AGT pre-
serves global multi-view and temporal consistency. Without AGT,
noticeable discontinuities appear between sub-grids.

due to random variation.

D. Asymmetric Sub-Grid Traversal with Over-
lapping Structure

In the main paper, Grid-based Spatio-Temporal Propaga-
tion is introduced as a mechanism that performs local fu-
sion via Spatio-Temporal Sub-Grid Attention (STGA) and
global propagation via Context Token Propagation (CTP).
In this section, we provide additional details on how the
camera–time grid Grid is traversed and how overlapping
sub-grids are constructed to enable stable spatio-temporal
propagation. Algorithm 1 formalizes the sub-grid genera-
tion process used in our implementation.

D.1. Overlapping Sub-Grids

Since neighboring sub-grids share frames on their bound-
aries, they form an overlapping tiling of the camera–time
grid. This overlap is crucial for CTP: the shared regions act
as “anchors” through which coherent token representations
can be propagated from one sub-grid to the next.

D.2. Asymmetric Traversal Strategy
Rather than processing all Sv,t in a simple raster-scan or-
der, we adopt an asymmetric traversal strategy that balances
temporal propagation and cross-view alignment.

Concretely, we iterate over camera indices v =
0, . . . , V↓2, and for each v we choose a different tempo-
ral traversal pattern:
• For even camera indices (and the last camera pair v =
V↓2), we perform a full temporal sweep, generating sub-
grids Sv,t for all t ↔ [0, T↓2]. This encourages strong
temporal propagation along the time axis.

• For odd camera indices, we generate only Sv,0 (i.e., using
the first two time steps t = 0, 1). This enforces cross-view
alignment between neighboring cameras while avoiding
redundant temporal passes.
The resulting traversal order can be summarized as fol-

lows: even-indexed camera rows perform dense temporal
coverage, while odd-indexed rows act as cross-view bridges
at the initial time step. This pattern yields an overlapping
chain of sub-grids that spans the entire V → T grid, ensur-
ing that information fused by STGA in one region can be
propagated to distant regions through CTP.

D.3. Effect on STGA and CTP
This asymmetric, overlapping traversal has two key effects:

• Local fusion via STGA. Within each Sv,t, STGA jointly
attends over adjacent views and neighboring time steps,
producing locally coherent spatio-temporal features. Due
to the overlapping structure, boundary frames participate
in multiple sub-grids, implicitly coupling neighboring re-
gions.

• Global propagation via CTP. CTP operates along the
traversal order !, propagating tokens from Sprev to Scurr
through inherited and flow-guided token replacement.
Since the sub-grids overlap in both view and time, this
propagation forms a connected path over the entire grid,
enabling the fused information to spread globally while
respecting camera–time structure.



“Change the LEGO bulldozer into a pencil sketch style.”“Change the LEGO bulldozer into a pink bulldozer.”Source

Source “Change the red shell into a blue shell” “Change the chocolate into a red apple fruit”Source

Figure 3. Qualitative Results in Monocular video setting. We evaluate the applicability of Dynamic-eDiTor on the challenging monocu-
lar video dataset HyperNeRF dataset [19], where only a single moving-camera sequence is available and no multi-view redundancy exists.
Using Deformable 3D Gaussian Splatting [27] as the underlying 4D representation, our method successfully performs text-driven appear-
ance and object manipulations while maintaining stable geometry and consistent motion over time.

Together, the asymmetric traversal and overlapping sub-
grids provide a principled backbone for Grid-based Spatio-
Temporal Propagation, ensuring that local STGA fusion and
global CTP propagation jointly enforce consistent editing
across all views and time steps.

E. Vital Layer Range Analysis for STGA
In the main paper, we apply Spatio-Temporal Sub-Grid At-
tention (STGA) only to a vital layer range of MM-DiT in or-
der to enhance spatio-temporal consistency without overly
harming editing fidelity. Here, we provide a more detailed
quantitative analysis of this design choice.

Experimental setup. We conduct a systematic study on
the DyNeRF dataset using 3 scenes sampled at 1 FPS and
5 editing prompts per scene (15 sequences in total). For
each configuration, we enable STGA on a different continu-
ous range of MM-DiT layers and keep all other components
fixed. We report (i) Warping Error↗ [15] for temporal con-
sistency, (ii) MEt3R↗ [2] for multi-view consistency, and
(iii) CLIP Text-Image Directional Similarity↘ (CLIPdir) [21]
for editing fidelity.

Effect of early-layer STGA. Without STGA, both Warp-
ing Error and MEt3R are the worst (46.37 and 1.22), in-
dicating pronounced temporal flicker and cross-view in-
consistency. As we progressively introduce STGA from
shallow layers (0–9, 0–19, 0–29), both consistency metrics
steadily improve. In particular, enabling STGA on the first
30 layers (0–29) yields a strong reduction in temporal and
multi-view error (Warping Error 30.90, MEt3R 0.99), while
preserving a relatively high CLIPdir score (0.088). This con-
figuration achieves the best overall trade-off: it significantly

Layer Range Warp-Err 10→3 ↗ MEt3R 10→1 ↗ CLIPdir ↘
W/o STGA 46.37 1.221 0.1111
0–9 32.54 1.022 0.1014
0–19 32.25 1.006 0.0946
0–29 30.90 0.993 0.0879
0–39 28.32 0.956 0.0468
25–35 37.47 1.578 0.0693
20–40 37.41 1.581 0.0683
15–45 28.96 1.321 0.0863
10–50 38.81 1.538 0.0661
49–59 41.06 1.270 0.0704
39–59 41.82 1.279 0.0703
29–59 39.49 1.250 0.0829
19–59 41.74 1.272 0.0694
All layers 41.25 1.265 0.0689

Table 2. Detailed vital layer range analysis for STGA. This
table reports the exact numerical values corresponding to the trend
shown in Figure 3 of the main paper.

enhances spatio-temporal coherence compared to the base-
line, yet maintains competitive editing fidelity.

Applying STGA too deep. Extending STGA too aggres-
sively into deeper layers (e.g., 0–39 or mid-to-deep ranges
such as 25–35, 20–40, 10–50, or 19–59) further reduces
or even oscillates consistency metrics, but at the cost of a
substantial drop in CLIPdir. For example, 0–39 attains the
lowest Warping Error and MEt3R among all settings, but
its CLIPdir score collapses to 0.047, indicating that over-
attending within local spatio-temporal neighborhoods can
oversmooth edits, weaken text alignment, and lead to tex-
ture repetition or view-dependent artifacts, as shown in Fig.
7 of the main paper. Similarly, configurations that only ac-
tivate STGA in deeper blocks (e.g., 39–59, All layers) nei-



ther recover the consistency of early-layer STGA nor pre-
serve high editing fidelity, suggesting that late-stage modifi-
cations are less effective for enforcing stable geometry and
motion.

Chosen configuration. Based on these observations, we
adopt the 0–29 configuration as our default choice in the
main paper. This vital layer range provides a balanced com-
promise: it substantially improves temporal and multi-view
consistency over the baseline and deep-only variants, while
incurring only a modest decrease in CLIPdir relative to the
no-STGA setting. In practice, we find that this trade-off
yields visually smoother 4D reconstructions and more re-
liable 4D scene editing, whereas configurations with either
no STGA or overly deep STGA tend to produce flickering,
geometric drift, or oversmoothed, weakly edited results.

F. Additional Ablation Study
We conduct additional ablation study to evaluate the im-
pact of Asymmetric Sub-Grid Traversal (AGT) in Dynamic-
eDiTor.
Asymmetric Sub-Grid Traversal (AGT) For the abla-
tion of AGT, we perform experiments without CTP, as it
relies on the sliding mechanism introduced by AGT. AGT
is designed to create overlapping regions between adjacent
sub-grids, promoting smoother transitions and improving
global consistency. We hypothesize that removing this over-
lap will yield results that remain locally consistent within
each sub-grid but exhibit severe temporal and multi-view
discontinuities across sub-grid boundaries.

To fairly assess global consistency, we introduce two
new metrics: Global Warping Error and Global MEt3R.
Unlike their standard versions, these metrics are computed
only between the left boundary frames of adjacent sub-
grids, directly quantifying the discontinuities that AGT
aims to mitigate. Additionally, we define per-frame consis-
tency metrics as Local Warping Error and Local MEt3R,
which are the original 2D consistency metric used in the
main paper.

As shown in Tab. 1, removing AGT yields slightly
higher local consistency because each sub-grid updates all
its frames during every iteration. However, without any
connection between sub-grids, clear discontinuities emerge
between them, degrading overall 4D reconstruction qual-
ity. In contrast, AGT introduces overlap across sub-grids,
enabling information to propagate between them and pro-
ducing more coherent results, despite a slight reduction
in local consistency, as only the non-overlapping frames
are updated. Overall, these findings confirm that AGT
plays a crucial role in preserving global coherence, enabling
higher-quality and more faithful 4D reconstruction than us-
ing STGA alone.

We also observe that the non-sliding variant yields

Figure 4. User Study. The user study results indicate a human
preference for Dynamic-eDiTor, with superior ratings in both con-
sistency and edited-quality categories compared to all baselines
slightly higher CLIP scores, reflecting the inherent trade-off
between consistency and text alignment. Without sliding,
the model can more aggressively edit each isolated sub-grid
to match the prompt, but this comes at the cost of failing to
produce a globally coherent 4D scene, which is the primary
objective of our method.

G. Monocular Video Setting
4D dynamic scene editing typically refers to a multi-view
video setting where sufficient spatio-temporal information
is captured. However, to explore the applicability of
Dynamic-eDiTor in a monocular setting, we evaluate our
method on the DyCheck [7] dataset using Deformable 3D
Gaussian Splatting model [27]. Since a monocular dataset
contains only a single camera, we modify the camera–time
grid to a purely temporal grid:

Gridtemp = {ft | t ↔ [0, . . . , T ]}, (1)

Accordingly, each sub-grid St consists of consecutive
frames along the temporal axis:

St = {ft, ft+1, ft+2, ft+3}. (2)

Based on this modified sub-grid, we apply same Spatio-



2D Consistency Reconstruction Fidelity Editing Fidelity

STGA CTP
Local

Warp-Err 10→3
→ Global

Warp-Err 10→3
→ Local

MEt3R 10→1
→ Global

MEt3R 10→1
→ PSNR ↑ SSIM ↑ LPIPS → CLIPdir ↑ CLIPsim ↑

- - 56.98 58.37 1.0721 1.4312 26.14 0.7445 0.1408 0.1930 0.5414
↭ - 38.64 42.33 0.9277 1.2953 28.08 0.7875 0.1122 0.1872 0.6407
- ↭ 29.44 31.63 1.0695 1.4364 28.74 0.8013 0.1165 0.1944 0.6418

↭ ↭ 28.94 30.69 0.9074 1.2657 29.25 0.8064 0.1006 0.1849 0.6397

Table 3. Ablation Study: Local and Global Consistency. Our method improves both local and global 2D consistency, ensuring that
each sub-grid remains coherent both internally (local) and with its neighbors (global). Each component, STGA and CTP, helps maintain
temporal and multi-view consistency, improving overall 4D reconstruction. By enforcing a globally stable 4D structure, our method
achieves more consistent spatio-temporal behavior and higher reconstruction fidelity. Although CLIP-based metrics [21] show a slight
drop due to the trade-off between semantic alignment and spatio-temporal coherence, our approach still delivers more stable and reliable
4D edits, avoiding the geometric and temporal artifacts seen in the ablated variants.

2D Consistency Reconstruction Fidelity Editing Fidelity

CTP-Full CTP-Flow
Local

Warp-Err 10→3
→ Global

Warp-Err 10→3
→ Local

MEt3R 10→1
→ Global

MEt3R 10→1
→ PSNR ↑ SSIM ↑ LPIPS → CLIPdir ↑ CLIPsim ↑

- - 56.98 58.37 1.0721 1.4312 26.14 0.7445 0.1408 0.1930 0.6407
- ↭ 29.79 32.66 0.9205 1.2813 28.97 0.7990 0.1034 0.1852 0.6402
↭ - 33.22 37.36 0.9094 1.2736 28.19 0.7906 0.1089 0.1865 0.6400

↭ ↭ 28.94 30.69 0.9074 1.2657 29.25 0.8064 0.1006 0.1849 0.6397

Table 4. Ablation Study: Context Token Propagation (CTP). This ablation study is conducted with STGA included to isolate the effect
of CTP. The results show that our method maintains both local (within each sub-grid) and global consistency. Full Token Inheritance (CTP-
Full) and Flow-Guided Token Replacement (CTP-Flow) play a crucial role in reinforcing temporal and multi-view coherence, enabling
more accurate reconstruction of edited dynamic scenes. Although CLIP-based metrics [21] show a slight trade-off, CTP significantly
enhances spatio-temporal consistency and overall 4D editing fidelity.

Temporal Sub-Grid Attention (STGA) mechanism. How-
ever, because only temporally adjacent frames are available,
the key and value sets KSt and VSt become:

KSt = [Kft ,Kft+1 ,Kft+2 ,Kft+3 ],

VSt = [Vft , Vft+1 , Vft+2 , Vft+3 ].
(3)

Thus, STGA in the monocular setting becomes:

STGA(St) = softmax
(
[Qtxt, RoPE(Qft)] ·

[Ktxt, RoPE(KSt)]
↑/

√
dk

)
· [Vtxt, VSt ],

(4)

where dk denotes the dimensionality of the key vectors.
For Context Token Propagation (CTP), where the token

representation is defined as ε(St) = STGA(St), we em-
ploy two Context Token Propagation strategies: Full Token
Inheritance and Flow-guided Token Replacement. Since the
sub-grids overlap by two temporal frames, we directly re-
place the entire current token ε(Scurr) in these overlapped
frames with the previous token ε(Sprev). For the non-
overlapped region, which corresponds to the two rightmost
frames of the sub-grid, we apply flow-guided token replace-
ment. To propagate the most recent temporal information,
we warp tokens from the rightmost frame of the overlapped
region and replace the tokens of the two non-overlapping

frames:

ε̂r(St) = Warp
(
Ft↓t→1(x, y), εr(St→1)

)
, (5)

where ε̂r(St) denotes the warped tokens in the rightmost
column of the patch and Ft↓t→1(x, y) represents the down-
sampled forward flow. To ensure precise replacement, we
compute a validity mask M(x,y) and replace only tokens in
valid regions with warped tokens.

As shown in Fig. 3, Dynamic-eDiTor achieves stable
and reliable monocular scene editing. Our model effectively
maintains the temporal consistency, and both STGA and
CTP contribute significantly to producing temporally coher-
ent non-rigid appearance edits and semantic local editing.

H. Limitation.
While Dynamic-eDiTor effectively enforces multi-view and
temporal consistency during text-driven edits, it is less
suitable for large-scale geometric alterations such as sub-
stantial motion reconfiguration or topology-changing ed-
its. Since our framework operates by propagating spatio-
temporal features without modeling geometric deformation,
edits that require significant structural changes remain chal-
lenging. Extending our approach to handle more drastic
motion editing or geometry-changing transformations rep-
resents an important direction for future work.



“Change his cap into a yellow cap”“Make him control floating fire while cooking the steak” “Make the scene look like a 
volcano with glowing lava reflections”
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Figure 5. Qualitative Results. Dynamic-eDiTor enables higher-quality manipulation of non-rigid content and delivers more complete
edits across the 4D scene. The upper row contains the original rendered frames, while the rows beneath show the edited 4DGS results
from each baseline approach. Our method (bottom row) demonstrates superior correspondence to the text prompt and achieves strong edit
fidelity while maintaining temporal and spatial consistency.



“Make the kitchen scene appear as though it's underwater”

“Change his apron to a yellow apron”

Novel 4D Renderings from Pre-trained 4DGS

“Transform the kitchen into vaporwave aesthetic with pink color”

Novel 4D Renderings from Edited 4DGS

Source 4D Scene “Coffee Martini”

Source 4D Scene “Flame Steak”

Source 4D Scene “Cut Roasted Beef”

“Make the steak glow with a magical green light”Source 4D Scene “Sear Steak”

Figure 6. Qualitative Results. Dynamic-eDiTor preserves both multi-view and temporal consistency, enabling high-quality text-driven
editing of pre-trained 4D Gaussian Splatting. It is capable of performing effective edits across diverse scenes as well as on local objects.

Figure 7. User study interface and questionnaire. We illustrate the interface used in our user study. Each participant is first shown
the original scene and text prompt, then presented with four edited 4D-rendered video results (A–D) generated by different methods.
Participants watch the videos and select the best method for each of the six evaluation criteria: prompt alignment (Q1), temporal consistency
(Q2), viewpoint consistency (Q3), motion consistency (Q4), identity preservation (Q5), and overall quality (Q6).
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