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Abstract. Synthetic data for autonomous driving is surging, powered
by diffusion models that promise scalable scene generation. Yet key ob-
stacles remain, since multi-view and temporal consistency often requires
backbone fine-tuning or added layers, which can erode pretrained knowl-
edge and weaken text alignment. Models also stay close to the train-
ing distribution, struggling under adverse weather and unseen configu-
rations, while fidelity favors frequent over rare classes. We address these
gaps with FrozenDrive, a controllable generative framework that pre-
serves pretrained diffusion knowledge while achieving strong consistency.
FrozenDrive conditions on driving-stack signals and text prompts, and
expands the context of frozen self-attention across views and frames to
promote cross-view alignment and temporal coherence in one pass, with-
out trainable spatio-temporal modules in the diffusion backbone. An
object-focused constraint further improves fidelity for rare categories.
Without weather- or scene-specific fine-tuning, FrozenDrive synthesizes
globally coherent multi-view driving scenes from text and surpasses prior
baselines under adverse and rare conditions. On nuScenes, FrozenDrive-
augmented data improves AD model performance, especially at night and
in rain, demonstrating strong robustness with scenario-targeted data.

Keywords: Multi-view generation - Autonomous driving - Data aug-
mentation
Project page: https://frozendriveeccv.github.io/

1 Introduction

Training autonomous driving models [10}/11},[18}|27}/32}(71L(83L/88] is constrained
by the cost of collecting large-scale datasets. This challenge becomes even more
severe when accurate labels require multi-sensor calibration and fine-grained
delineation of complex scenes. Moreover, acquiring data under adverse weather
or in rare situations is intrinsically difficult: collection is error-prone, annotation
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Fig. 1: (a) Fine-tuning or adding learnable layers lose pre-trained priors and fails to
reflect unseen text prompts while training the model. (b) By completely freezing the
pretrained model without introducing any additional parameters, our method preserves
its rich generative priors, enabling successful zero-shot text-guided generation.

is even more labor-intensive, and genuinely rare events offer few opportunities for
capture, making repeated observations of the same scenario inherently difficult.
As a result, real-world corpora are biased toward frequent, benign conditions,
and models trained on them exhibit brittle behavior in the long tail.

Recent advances in generative modeling suggest that synthetic data can
amortize annotation effort by producing diverse samples from a single label
. Mainstream methods for autonomous driving scene generation achieve
high visual quality under everyday conditions .
It synthesizes photorealistic driving scenes by conditioning on 2D spatial con-
trols derived from driving-stack signals—BEV layouts, object bound-
ing boxes, and occupancy maps . To encourage natural object motion, many
methods reference features from the previous frame or process the entire se-
quence. Regardless of the conditioning used, these methods ultimately build on
the powerful generative capacity of pretrained diffusion models such as SD ,
SVD , and DiT , which are adapted to autonomous driving datasets. As
a result, prior works have enabled highly controllable and realistic scene gener-
ation. Furthermore, by explicitly refining text—scene alignment during training,
these methods afford fine-grained, semantically consistent editing of the scene’s
weather and environment to seen conditions, e.g., transforming an originally
clear setting into rain or night conditions observed in the training dataset.

These works, in order to support multi-camera rigs and temporal dynamics,
either (i) generate each view largely independently with weak feature sharing
115], or (ii) introduce cross-view and temporal attention via additional layers
fine-tuned on top of a pretrained backbone [16,/84}/89,(93].

While these designs improve consistency under seen conditions, they remain
bounded by the training distribution. Models trained on major benchmarks @
perform well in standard daytime scenarios but degrade in underrepresented set-
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tings. This degradation mainly stems from extensive backbone fine-tuning on
datasets with significant coverage gaps. Consequently, the rich priors of the orig-
inal pretrained model for adverse or unseen scenarios (e.g., heavy snowfall) are
largely overwritten or catastrophically forgotten. Furthermore, such reliance on
full backbone updates not only compromises the pretrained text-to-image align-
ment but also fails to preserve per-object fidelity, particularly for rare classes.

To address these limitations, we propose FrozenDrive, a generative framework
that preserves pretrained diffusion knowledge while enabling precise control over
multi-view imagery under adverse or unseen scenarios. To achieve consistency
without trainable spatio-temporal modules in the backbone, FrozenDrive re-
structures frozen self-attention context through multi-view inflated self-attention
and temporal reference self-attention. It concatenates view features to promote
circular cross-view alignment and reuses preceding-frame features as references
to encourage temporal coherence in a single pass. Yet the most consequen-
tial difference lies elsewhere: we neither introduce additional param-
eters nor update the pretrained weights. By keeping the diffusion back-
bone frozen and parameter-free, FrozenDrive preserves pretrained text—image
alignment and avoids knowledge erosion, retaining zero-shot text guidance. In
contrast, prior approaches |16}84189,/93| typically strengthen consistency by tun-
ing the backbone or adding trainable modules, which can weaken alignment
and cause local or superficial edits. As shown in Fig. [I} such methods [93] of-
ten struggle to compose plausible snow scenes unseen during training, whereas
FrozenDrive produces coherent results without weather-specific fine-tuning.

To further secure per-object fidelity, we impose an object-focused constraint
for rare objects. This shifts learning toward underrepresented categories, im-
proving their generation quality rather than privileging only frequent classes.
Together, our design secures robust text alignment and multi-camera consis-
tency, yielding diverse, high-quality street views. With these components, our
synthetic data captures fine-grained nuScenes details and achieves state-of-the-
art perception and planning performance evaluated with UniAD [27].

Moreover, we leverage text prompts to specify a wide range of driving sce-
narios, from common conditions to rare, hard-to-collect cases. Consequently,
FrozenDrive enables scenario-targeted data generation that strength-
ens downstream robustness: AD models trained with FrozenDrive-augm-
ented data achieve superior perception and planning performance under adverse
conditions (e.g., night and rain) on nuScenes, outperforming prior methods.

Our main contributions can be summarized as follows:

— We introduce FrozenDrive, a knowledge-preserving driving scene generator
that promotes multi-view and temporal consistency by restructuring frozen
self-attention context in a parameter-free pretrained diffusion backbone, en-
hanced with object-balanced constraints and structured conditioning signals.

— We enable text-guided compositional control over diverse scene factors, time
of day, weather conditions, and rare environments, supporting zero-shot syn-
thesis of unseen combinations.



4 Jeong et al.

— We demonstrate improved synthesis quality and superior transfer to down-
stream autonomous driving tasks under both common and adverse weather.

2 Related works

2.1 Diffusion models

Diffusion models [24}|25,68,/69] synthesize images via iterative denoising but
are memory-prohibitive at high resolutions in pixel space. Latent diffusion mod-
els [63] address this by operating in a latent space, enabling efficient, high-fidelity
generation, and large-scale text-conditioned pretraining further broadens their
applications. Recent extensions to video explicitly model temporal consistency
for coherent synthesis [4,22}(78}|98}/111|. In autonomous driving, video diffusion
models [194261/511/521/661,841(109] likewise target temporal coherence, but often add
extra conditioning layers that increase memory and weaken pretrained priors.

2.2 Multi-view generation in autonomous driving

Advances in multi-view driving scene generation [31,53.[80494,/97,112.{114] have
improved the realism and controllability of autonomous-driving simulators. For
multi-view generation [12}33]/42,50], systems commonly inject structured cues,
3D bounding boxes, BEV maps, ego trajectories, and multi-camera poses, via
ControlNet to enforce spatial and geometric constraints across views [14}/16}38,
73.,85,/931|96L(105]. BEV-based frameworks [49}|73,/90] enhance scene-level spatial
coherence. Panacea [84] uses BEV and 4D spatiotemporal attention for coher-
ence. MagicDrive |16] adopts tailored encoders and cross-view attention for pre-
cise 3D geometry. DriveArena [93| uses a reference frame as a conditioning signal
to propagate information across sequences. Moreover, MagicDrive-V2 [15], Gen-
esis [20] and DrivingSphere [89] use DiT architectures, enabling high-resolution
3D scene reconstruction. DiST-4D [19] leverages metric depth to align spatial
structure and temporal continuity. These methods typically rely on extra train-
ing or parameters to enforce multi-view and temporal consistency.

2.3 Scene-level data augmentation

Scene-level data augmentation [1,8]40,/67,/87,/95], enhances data diversity by
editing or transforming existing scenes, thereby complementing costly real-world
data collection. One major approach is spatial manipulation [9}/44. 76|, which in-
volves reconstructing environments in 3D using NeRF [13}|45]|55,(100,/101] or
Gaussian Splatting [34}58},/92,/102,/108,/116], and then re-rendering them to pre-
serve multi-view geometric consistency. Meanwhile, recent works [47.(86,/99,/113|
115| leverage diffusion-based scene editing to achieve geometry-aware manipu-
lations. Another major approach is style-based augmentation [29L30}/39], which
modifies the visual domain without changing the scene geometry. These meth-
ods, implemented via neural style transfer, can be categorized into three strands:
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(i) condition-specific transfer adjusts weather, lighting, and season to narrow
out-of-distribution gaps [3,43,/60,64L/72L{107]; (ii) semantic-guided synthesis uses
pixel-aligned masks or layouts for high-fidelity edits while preserving labels [81}
103}/106]; (iii) instruction-driven editing [5}/17}23,[54] follows natural-language
prompts, often via cross-attention control. Building on these advances, we focus
on multi-view driving scene generation and propose a framework that synthesizes
diverse, geometrically consistent driving scenarios from a text prompt.

3 Methods

3.1 Preliminary: latent diffusion models

Latent Diffusion Models (LDM) [63] train the diffusion process in a learned latent
space. A perceptual autoencoder (E, D) maps images to latents z = F(x) and
reconstructs X = D(z), reducing spatial complexity while preserving semantics.
Diffusion is applied to z, i.e., q(z¢|zo) and pg(zi—1|z:), with the noise-prediction
loss. Conditioning (e.g., text) is injected via cross-attention inside the U-Net
backbone, enabling flexible, scalable generation with substantially reduced mem-
ory and compute compared to pixel-space diffusion. In FrozenDrive, we adopt
the pretrained LDM, Stable Diffusion, for multi-view image generation, as it
is lightweight, highly adaptable, and widely used [16}/841/93,/94]. While others
customize the SD, we use it frozen to leverage all the knowledge it contains.

3.2 Key insight: knowledge preservation

Pretrained LDMs, when used directly, are difficult to guide toward reliable gen-
eration of a realistic multi-view driving scene. A common remedy is to adapt the
model with driving scene data—by (1) fine-tuning all or part of the backbone,
(2) adding trainable adapters or modules, or (3) using a ControlNet-based con-
ditioning pipeline |106]; these strategies are often combined. Our goal, however,
is not only to synthesize plausible scenes but to retain the pretrained prior so
that text-guided zero-shot synthesis remains effective.

Guided by this goal, we consider these strategies through the lens of knowl-
edge preservation. It is widely recognized that full or partial fine-tuning |21}35|
364|46},48.(56} /59,1 10| can fit the training set while eroding the pretrained prior,
weakening text alignment and zero-shot ability. More critically, we empirically
observe that adding only a few trainable parameters (e.g., multi-view or tem-
poral cross-attention attached to the backbone) induces similar drift, narrowing
visual diversity and weakening prompt fidelity (see Sec. . These observa-
tions motivate a simple principle: freeze the backbone to preserve knowledge. We
therefore adopt ControlNet-based conditioning, where the LDM remains intact
while ControlNet ingests structured signals and steers generation toward driving
scenes. This design preserves the model’s text understanding and enables robust
zero-shot synthesis, while still allowing precise, task-specific control.



6 Jeong et al.

" Previous scene
....................... .
' I o g
A iy ous : : Self attention
: : Knowledge-preserving
‘ """""""" R spatio-temporal attention
Eqepen .
(© Concatenation

(b) Temporal reference x, —— Q
self-attention % R7
Xi_1 _Append
(¢) Multi-view inflated self-attention

. ox 6H'W'

3
=§x x}«@—» soslioseMoremMoremoss
Ll | z @ Element-wise sum W - X v v v
P Na| fe E Yoy
L o = ‘ Trainable . i .
(d) Knowledge-preserving spatio-temporal attention
(i-1th  ()th ‘ Text prompt Frozen

o
g
=
: =
: Z
: [

® Epose

Stable :
VAE : Diffusion : VAL u

1
. ! H
Noisy multi-view frame : i Denoised multi-view frame :
'

(a) Overall framework

Fig. 2: Overall framework. (a) FrozenDrive uses five conditions: (i) an HD map, (ii)
per-view camera indicator, (iii) depth map, (iv) relative pose, and (v) text description.
The first four are multi-view, pixel- and spatially aligned and injected into the diffu-
sion model via ControlNet, while the last enables zero-shot text guidance. After the
encoder, we replace the original self-attention with our knowledge-preserving spatio-
temporal attention. (b) Temporal reference self-attention enforces frame-to-frame con-
sistency by expanding the input context to reuse the previous frame as a reference.
(¢) Multi-view inflated self-attention enforces cross-view consistency by concatenat-
ing latent features from all camera views. (d) Knowledge-preserving spatio-temporal
attention reshapes self-attention so that multi-view inflated and temporal reference
self-attention act jointly. During this process, the projection layers are kept frozen.

3.3 Overall pipeline

Figure [2 provides an overview of our pipeline. For synthesis, we use (i) an HD
map with road-layout layers and 3D bounding boxes, (ii) per-view camera indica-
tor, (iii) depth derived from an occupancy map, (iv) the relative pose to the previ-
ous frame, and (v) a text description. Each non-text signal ¢y, is passed through a
lightweight embedding network Ej, to produce an embedding e, = Fj(ci) in the
latent space. These embeddings {€jayout; €view, €depth; €pose } are added to the la-
tent feature map z and jointly serve as input to ControlNet. The resulting control
features modulate the frozen diffusion backbone, while text is encoded separately
by the frozen text encoder. Together, they guide generation without modifying
or adding parameters to the diffusion backbone. Details of the embedding de-
sign are provided in the supplementary materials. To preserve prior knowledge,
we keep this backbone frozen and promote multi-view /temporal consistency by
restructuring self-attention context, i.e., attended features(Sec. , integrating
rich spatial cues while avoiding pretrained knowledge forgetting. Finally, because
fidelity tends to track observation frequency, the long-tail distribution impairs
rare-class rendering, and we mitigate this with an object-focused ratio loss that
upweights underrepresented classes (Sec. .
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3.4 Knowledge-preserving multi-view generation

Our objective is to synthesize realistic autonomous driving scenes across multi-
ple cameras and over time while preserving the prior of a pretrained diffusion
model. We therefore adopt a ControlNet-based pipeline. Yet directly condition-
ing a frozen generator is insufficient for our setting: multi-camera perception
demands cross-view consistency (overlapping views must agree on geometry,
appearance, and semantics), and video rollout requires temporal consistency
(successive frames must remain coherent under ego- and object motion without
discontinuities). Enforcing both under a knowledge-preserving regime is challeng-
ing, as we introduce no new trainable parameters into the diffusion backbone.
To address this, we propose a knowledge-preserving spatio-temporal attention
that operates on the frozen LDM. Rather than learning new attention modules
or modifying existing parameters, we reinterpret how the original self-attention
layers are fed by manipulating their inputs. The block is composed of two com-
plementary mechanisms: (i) multi-view inflated self-attention, which promotes
cross-view agreement by allowing features from different camera views to attend
to one another and (ii) temporal reference self-attention, which encourages frame-
to-frame stability by letting the current frame attend to the previous frame as an
explicit reference. Both mechanisms reshape the attention context seen by each
layer while leveraging conditional signals injected by ControlNet, leaving the at-
tention weights themselves untouched. We next describe the attention module
and its auxiliary embeddings.
Multi-view inflated self-attention. To enforce cross-view consistency while
preserving the pretrained prior, we introduce multi-view inflated self-attention
(MISA). MISA concatenates latent features from all nyiew cameras and per-
forms a single self-attention pass with the frozen layer, enabling cross-view ex-
change beyond standard within-view attention. ControlNet supplies per-view
conditioning features, while MISA expands the attention field across views. Let
X () ¢ RNvXdmodael denote the latent feature token for view v, where N, is the
number of tokens for view v and dyqdel is the token embedding width. We form
a joint sequence and apply shared self-attention:

X :— [X(l) cX@ X(nvicw)]’ (1)

(XW)(XWHE)T
vV

where W& WK WV ¢ Rmode1 Xdmodel are frozen LDM parameters and dj, is the
per-head dimension.

We also indicate which view produced each feature via a lightweight view
embedding eyiew. Each view index v € {1,...,nyiew} is encoded with Fourier
features |74] and supplied to ControlNet as an additional conditioning input.
This simple tag provides view identity and neighborhood structure, improving
cross-view correspondence without introducing any new attention parameters.

Attn(X) :softmax< ) (XWVY), (2)
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Fig. 3: Details of the class-wise weighting mask. (a) Input image. (b) Binary
masks for car, pedestrian, bus, and truck. (c) Weighted mask w(p) obtained by scaling
each category by its object-presence ratio. In overlapping regions, we apply a max rule
and keep the larger value. (d) Overlay of w(p) on the image.

Temporal reference self-attention. To enforce frame-to-frame consistency
under knowledge preservation, we introduce temporal reference self-attention
(TRSA), which, analogously to MISA, keeps all LDM attention weights frozen
and instead expands their input context to reuse the previous frame as a refer-
ence. Concretely, for the current frame i and a reference frame ¢ — j, we take
their latent features at the same noise level, X; and X;_;, and compute the
projections using frozen weights. We obtain the query, key, and value for the
current frame as Q; = X,We K; = X,;WE and V, = X, WV, and the key
and value for the reference frame as K;_; = XZ-,]-WK and V;_; = Xi,jWV.

We then augment the key and value banks of the current frame with the
reference, and the self-attention is computed as :

K, = [Ki; K], V,=[Vi; Vil (3)
Attn(X;) = softmax QK] V.. (4)
Vi

Exposing each current features to keys and values from the previous frame en-
ables the retrieval of temporally aligned appearance and geometry cues (e.g.,
object, weather), stabilizing the rollout without introducing new parameters.
We also encode inter-frame motion with a lightweight relative pose embed-
ding epose between frames i—j and ¢. Instead of passing the raw 6-DoF trans-
form, we construct a spatial map: for each image location (z,y), lift to (z,y,0),
transform by the known 3D relative pose, take the in-plane coordinates (z',y’),
and encode them with Fourier features [74]. This pose-aware map is injected via
ControlNet as additional conditioning, providing dense correspondence cues.
Knowledge-preserving spatio-temporal attention. Finally, we unify the
above mechanisms by reshaping self-attention so that MISA and TRSA act
jointly within a single, frozen block. For effective interaction with ControlNet, we
apply this spatio-temporal attention only in the LDM decoder: ControlNet sup-
plies scene-level conditioning (e.g., HD maps, depth, view, and relative poses),
and the decoder fuses these signals with our attention to produce view-consistent,
temporally stable generations. This design keeps the diffusion backbone frozen
and parameter-free, thereby preserving the model’s generalization capability.
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Table 1: Generation fidelity experiments. We generate multi-view images under
nuScenes [6] validation set conditions. Metrics are computed by evaluating the synthe-
sized results with UniAD [27] and measuring FVD [77]|. Bold and underline denote the
best and second-best, respectively.

3DOD (1 BEV Segmentation mloU (1 L2 (| uality (|
Method Venue Backbone mAP I\§D)8 Lanes Dri%’able Divider Cr(ﬁsging 1.0s  2.0s <3?()s Avg. 4 FV?)( :
nuScenes 6] - - 37.98 49.85 | 31.31  69.14 25.93 14.36 | 0.51 0.98 1.65 1.05 -
MagicDrive 16| ICLR24 SD [63] 12,92 28.36 | 21.95  51.46 17.10 5.25 0.57 1.14 1.95 1.22 218.1
Panacea |84] CVPR24 SD (63| 13.72 27.73 | 18.23  52.37 17.21 - 0.58 1.14 1.97 1.23 139.0
DrivingSphere [89 CVPR'25 |STDIT [111]] 21.45 34.16 | 27.99 62.87  22.20 - 054 1.10 176 1.13| 103.4
DiST-4D (19 ICCV’25 |STDIT [111]| 15.63 32.44 | 26.80  60.32 21.69 1099 [0.56 1.11 1.91 1.19 22.6
DriveArena (93| 1CCVv25 SD (63| 16.06 30.03 | 26.14  59.37  20.79 892 |0.56 1.10 1.89 1.18 185.3
MagicDrive-V2 |15] ICCV’25 |STDIT |111]| 15.24 31.25 | 25.02  58.63 19.84 9.98 0.49 1.00 1.78 1.09 81.6

X-Scene (94 NeurIPS’25 SD [63] 20.40 31.76 | 28.04  61.96 22.32 10.48 |0.55 1.08 1.81 1.15 179.7
FrozenDrive (Ours) - SD 63| 21.87 35.32|28.88 64.27 23.58 11.66 |0.50 0.98 1.66 1.05 136.8

3.5 Objective function

Guided by our design, we train ControlNet and the embedders, keeping the dif-
fusion backbone frozen, to predict noise with the standard DDPM [24] objective:

EZ]Eaco,c,e,t H|6769(\/57t1‘0+ V1—aye, t, C)||2} (5)

Supervised driving data are often long-tailed (e.g., in the nuScenes dataset,
bicycle appears at only ~2.3% of the car frequency; see Table A in supplemen-
tary materials), which hurts fidelity for rare classes. To mitigate this, we propose
object-presence ratio loss, an object-balanced ratio loss that emphasizes under-
represented categories via a per-pixel weight map derived from projected 3D
boxes (see Fig. |3)):

Loorm = ﬁ S (1+ Aw(p) L), (6)
peEN
w(p)Zgéa,g:wk, Kp={klpe My} (7)

Here, {2 is the image lattice and L(p) the per-pixel diffusion loss. M}, denotes
the foreground mask obtained by projecting class-k 3D boxes and wy, is a class-
dependent weight (larger for rarer classes). When there is no object mask at pixel
p, t.e., Ky, = &, set w(p) = 0. The max-overlap rule lets the rarest overlapping
instance dominate the weighting.

4 Experiments

4.1 Experimental settings

We train and evaluate our proposed method on the nuScenes [6] dataset. It pro-
vides rich sensor data and annotations, including LiDAR point clouds, multi-view
images, lane information, poses, and related labels. Similar to prior work [16,82],
the 2Hz keyframe annotations are temporally interpolated to obtain 12Hz la-
bels. For the depth map, we stack LIDAR point clouds to generate occupancy
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MagicDrive-V2 DriveArena
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Fig. 4: Qualitative comparison of generated samples under nuScenes @] valida-
tion conditions. Using the same nuScenes conditions, we generate multi-view images
with each method to evaluate visual quality. Compared to the ground truth (top row),
MagicDrive-V2 produces structural artifacts in road conditions (red boxes), and
DriveArena exhibits view-inconsistent object shapes (blue boxes). Our method
better preserves scene layout while maintaining superior multi-view consistency.

Fig. 5: Visualization of sequential generation. FrozenDrive produces high-fidelity,
temporally coherent images across scenes. The rare construction vehicle (red boxes) is
faithfully preserved in shape, color, and position across viewpoints and consecutive
frames, demonstrating strong object-level consistency.

and measure the depth to the ego position . We first assess the Frozen-
Drive generation quality in Sec. In Sec. we further evaluate the impact
of FrozenDrive-based data augmentation on adverse conditions and measure how
these samples improve the generalization of an existing AD model.

4.2 Generation fidelity

Metric. Following previous studies [16}89}/93], we compare the performance
of FrozenDrive with other methods in terms of perception and planning via
UniAD . For generation quality, we utilize FVD to evaluate.

Baselines are MagicDrive , Panacea , DrivingSphere , DiST-4D ,
DriveArena , MagicDrive-V2 , and X-Scene which generates multi-
view images under nuScenes dataset conditions.

Results. In Tab. |1} our method achieves the strongest overall downstream per-
formance among generative approaches, attaining the best 3D detection mAP/
NDS and BEV segmentation mloU. The particularly strong BEV segmentation



FrozenDrive 11

Table 2: Impact of Synthetic Night/Rain Data on nuScenes Perception and
Planning. Perception and planning performance of SparseDrive [71] on nuScenes un-
der adverse conditions (night and rain) with different data generation strategies. The
baseline uses only original normal-weather samples, while rule-based methods [41}[75|
translate normal samples into night /rain images with hand-crafted filters that introduce
artifacts. DriveArena 93|, MagicDrive-V2 [15], and FrozenDrive synthesize condition-
aware data from text prompts. Bold and underline denote the best and second-best.

Method 3DOD (1) Online mapping results (1) L2(m) (1)

mAP NDS APped APuivider APyoundary mAP 1.0s 2.0s 3.0s Avg.

Baseline 6.62 15.19 0.07 8.48 9.42 5.99 0.74 1.36 211 1.40

= Rule-based |75] 7.42 13.11 0.30 8.93 10.27 6.50 0.63 1.20 1.90 1.24
.20 | DriveArena [93| 8.89 17.52 0.29 9.78 10.93 7.00 0.54 1.04 1.68 1.09
Z | MagicDrive-V2 [15] 1268 17.32 | 135 14.37 19.36 1169 | 054 107 173 111
FrozenDrive (Ours) | 18.15 24.95 6.54 22.29 34.25 21.03 | 0.44 0.89 1.47 0.93
Baseline 31.60 41.20 25.50 25.47 23.28 24.75 0.35 0.70 1.18 0.75

= Rule-based [41] 30.76 39.90 27.06 24.96 23.58 25.20 0.36 0.72 1.20 0.76
E DriveArena (93] 33.46  45.25 29.19 32.66 25.32 29.06 0.33 0.65 1.08 0.71
MagicDrive-V?2 [15] 33.93 4220 | 3196 3272 25.39 3002 | 034 069 1.15 073
FrozenDrive (Ours) 35.15 44.26 33.13 33.00 28.04 31.39 | 0.29 0.55 0.90 0.58

results indicate that our generated scenes exhibit high multi-view spatial consis-
tency. We further assess generation fidelity with FVD: among SD-based image
diffusion baselines, FrozenDrive achieves the lowest FVD, while STDiT-based
video diffusion models still obtain lower FVD thanks to explicit temporal model-
ing. At the same time, planning models tested on our generated data achieve the
best metrics, closely matching the performance on real nuScenes data. Beyond
superior quantitative results, our model also produces higher-quality fine-grained
details. As shown in Fig. 4} the competing method [93] often removes scene ele-
ments or produces view-inconsistent object shapes, whereas our method better
preserves the original scene and maintains strong multi-view consistency. Addi-
tionally, we visualize our sequential generation results through Fig. [o| Even in
complex driving scenarios, our method generates highly competitive, temporally
consistent images without relying on heavy video diffusion models.

4.3 Data augmentation for autonomous driving

We apply our domain-targeted augmentation with FrozenDrive, driven solely by
text prompts, to synthesize specific adverse conditions while preserving the orig-
inal annotations. We evaluate on the nuScenes benchmark, focusing on the rain
and night conditions. Based on the official metadata, we partition the dataset
into three disjoint subsets: night, rain, and normal. For each target domain
r € {night, rain}, we construct an augmented training set: given a normal sam-
ple z, we synthesize its adverse-weather counterpart =" with probability p.
Metric. We evaluate FrozenDrive against baselines by training SparseDrive [71]
on each augmented dataset. We report perception and planning performance
under corresponding adverse conditions to quantify the improvements.
Baseline. We compare FrozenDrive-based augmentation against three competi-
tors: Baseline, which uses only original normal-weather samples, Rule-based
methods [41,(75], which translate normal samples into night/rain images with
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(c) Syhetic night scene ’ (d) Synthetic snowy scene

Fig.6: Examples of text-driven weather-augmented samples. Given text
prompts specifying the target weather, conditioned on (a) normal scenes, Frozen-
Drive generates (b) synthetic rain, (c) synthetic night, and (d) synthetic snowy scenes.
In the fifth view, raindrops on the car hood (rain) and strong light sources with their
reflections on the road (night) are clearly generated.

hand-crafted filters, and DriveArena [93|, which, like FrozenDrive, a Stable Dif-
fusion-based text-to-image synthesis framework, and MagicDrive-V2 , a dif-
fusion transformer (STDiT)-based model for text-conditioned data generation.

Results. Table [2] reports the effect of data augmentation on perception and
planning. Under night conditions, the AD model trained with FrozenDrive-
augmented data attains the best overall performance, surpassing all baselines
with higher detection and mapping scores and significantly lower planning er-
rors. A similar trend is observed under rainy conditions. These results indicate
that the scene generation model trained with our knowledge-preserving scheme
acquires stronger generative capability by text-prompting for rare adverse sce-
narios, which in turn leads to better autonomous driving performance under
such conditions. Moreover, as illustrated in Fig. [6] our method can faithfully
synthesize a broad range of weather conditions, including previously unseen sce-
narios such as snowy scenes. Further details are provided in the supplementary
materials.

5 Analysis

5.1 Ablation studies

Knowledge-preserving spatio-temporal attention. We conduct toy abla-
tions on our knowledge-preserving spatio-temporal attention (MISA and TRSA).
As shown in Tab. [3] removing TRSA degrades temporal quality and worsens
FVD while keeping BEV segmentation relatively high, whereas using only TRSA
improves FVD but clearly harms BEV segmentation. The full model with both
modules achieves the highest BEV mloU and lowest FVD, confirming that MISA
and TRSA are complementary for multi-view temporal continuity.
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Object-presence ratio loss. We compare 3D object detection performance
with and without the proposed object-presence ratio loss and break down the
results by category. As shown in Tab. [d] object-presence ratio loss encourages
more faithful object synthesis and yields consistent 3DOD gains, with partic-
ularly large improvements for rare categories such as motorcycle and bicycle
(1.07% and 1.00% of the training set). This mitigates data imbalance in down-
stream detection. Additional per-category results and occurrence ratios are pro-
vided in the supplementary metarials.

5.2 Knowledge forgetting

Prior studies have reported knowledge forgetting in personalization and fine-
tuning of pretrained models [2}/21,|36}48}57,(62}/65,/110]. In particular, they in-
dicate that fine-tuning can induce drift in the model’s text alignment [59]. Ex-
tending this observation to multi-view driving scene generation, we find that not
only full/partial fine-tuning but also adding and training extra layers on top of
a frozen backbone can induce similar drift.

Qualitative comparison. To isolate this effect, we construct a controlled base-
line by replacing our parameter-free MISA and TRSA with learnable multi-view
cross-attention and temporal cross-attention layers attached to the pretrained
backbone (denoted as "SD + CA".) Figure[7] (a) shows generation results with
text prompt, "Snowy weather. Heavy snow." While both our method and "SD
+ CA" successfully ensure multi-view and temporal consistency, "SD + CA"
tends to degrade alignment and zero-shot controllability, indicating a forgetting
of the pretrained prior. In contrast, our knowledge-preserving spatio-temporal
attention enforces multi-view and temporal consistencies solely through input
reshaping, while preserving text alignment.

Clip score. This behavior is further supported by the CLIP scores in Tab. [5
which we employ as a relative measure to evaluate stylistic alignment against
the reference samples. We compare our method against DriveArena [93] and
MagicDrive-V2 15|, while treating normal-weather nuScenes samples and real-
weather data as references. For seen conditions such as night and rain, DriveArena
[93] and MagicDrive-V2 [15] achieve broadly comparable scores, suggesting that
these models effectively mimic global weather textures. However, while these
CLIP scores reflect stylistic "plausibility," our superior downstream performance
in perception and planning (Tab. [2)) provides more definitive evidence that our
method not only preserves essential scene knowledge but also excels in the de-
tailed realization of complex scene elements, such as precise road layouts and
object instances. This distinction becomes even more pronounced in the snow
setting, which is entirely absent from the training data. In this unseen scenario,
our method surpasses existing generative baselines by a substantial margin, high-
lighting that our knowledge-preserving design is uniquely capable of generalizing
to novel out-of-distribution conditions.
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Table 3: Ablation of knowledge-pre- Table 4: Ablation of object-presence
serving spatio-temporal attention. ratio loss. We evaluate 3DOD metric w/
We evaluate BEV segmentation for multi- and w/o the proposed loss, broken down
view consistency and FVD for temporal by category. Categories are ordered left to

continuity. right by decreasing frequency.
Method BEV Segmentation mloU (%) (1) Quality (1) Method 3D0D (1) Object category (AP, 1)
MISA TRSA Lanes Drivable Divider Crossing FVD B mAP NDS Car Pedestrian Motorcycle  Bicycle
v v 25.6 56.5 20.9 8.9 144.1 w/ loss 21.9 35.3 38.6 29.5 10.0 9.2
v 25.1 (-0.5) 55.1 (-14) 205 (-04) 7.8 (-1.1) | 174.2 (+30.1) w/oloss | 16.1 (-5.8) 29.6 (-5.7) | 33.5 (-5.1) 25.3 (-4.2) 0.4 (-9.6) 1.9 (-7.3)

v |234(-2.2) 519 (-4.6) 186 (-2.3) 5.6 (-3.3) | 145.1 (1 1.0)

(b) Knowledge-preserving

Fig. 7: Zero-shot text-guided generation results. Examples from a model with (a)
learnable multi-view/temporal cross-attention and (b) our parameter-free knowledge-
preserving spatio-temporal attentions with a “Snowy weather" prompt.

5.3 Consistency evaluation

While the previous ablation study provides indirect evidence of the consistency
improvements brought by MISA and TRSA through BEV segmentation perfor-
mance, we further investigate this aspect using two primary metrics that directly
assess consistency. This complementary analysis allows us to examine the effect
of MISA and TRSA on consistency more explicitly.

Lane alignment. To evaluate geometric consistency, we measure the degree
of lane alignment, defined as the mloU between the ground-truth and gener-
ated lanes in the image space. As shown in Tab. [6] our FrozenDrive provides
geometric consistency comparable to the baseline that requires additional learn-
able cross-attention layers with partial fine-tuning (the same as "SD + CA"
of Sec. . This indicates that our method achieves high geometric accuracy
without introducing additional parameters to the diffusion backbone.

Temporal consistency. To assess temporal consistency, we adopt the sub-
ject and background consistency metrics from VBench . Subject consis-
tency is calculated based on DINO |[7] feature similarities across frames to cap-
ture object-wise semantic correspondence, while background consistency utilizes
CLIP similarities to evaluate global stability. Compared to MagicDrive-
V2 , our method shows slightly lower consistency scores, which is expected
since MagicDrive-V2 is built on a video diffusion model. Nevertheless, our Frozen-
Drive achieves stronger temporal consistency than the SD + CA and DriveArena
[93], both of which are fine-tuned baselines.
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Table 5: CLIP scores for weather-cond- Table 6: Lane alignment and Vbench [28|

itioned text—image generation. temporal consistency evaluation.
Method Rain Night Snow Method Lane (1) Vbench (1)
Normal weather 0.2304 0.2319 0.1950 mloU Subject BG
Real target weather 0.2564 0.2662 0.2711 SD + CA 33.55 0.7586 0.8679
DriveArena 93] 0.2570 0.2716 0.2277 DriveArena (93] 30.73 0.7573 0.8556
MagicDrive-V2 [15] 0.2616 0.2705 0.2181 MagicDrive-V2 |15 26.71 0.7966 0.8845
FrozenDrive (Ours) 0.2595 0.2751 0.2507 FrozenDrive (Ours) 33.58 0.7724 0.8700

5.4 Conclusion

We propose FrozenDrive, a zero-shot text-guided multi-view driving scene gen-
erator that steers a parameter-free frozen pretrained diffusion model. With our
knowledge-preserving attention, FrozenDrive produces realistic, spatio-tempo-
rally coherent multi-view driving scenes via driving-stack signals and text. More-
over, FrozenDrive-augmented data improves downstream perception and plan-
ning, especially under rare and adverse conditions.

Limitations and future works. Our parameter-free frozen diffusion model
offers good text alignment and controllability, but still lags behind recent video
diffusion models in long-range temporal coherence. Moreover, existing proto-
cols do not directly evaluate data augmentation quality, and developing more
faithful metrics remains an important direction for future work. Extending our
knowledge-preserving design beyond Stable Diffusion to stronger video diffusion
or DiT-based backbones is another promising direction.
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