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Abstract. Diffusion models have shown strong potential for multi-modal
planning in end-to-end autonomous driving. However, most existing meth-
ods confine diffusion to the planning module, conditioning on fixed out-
puts from separate discriminative perception networks. This decoupled
design propagates perception errors to the planner, increasing optimiza-
tion difficulty and reducing robustness. To overcome these limitations, we
propose UniTeD, a Unified Temporal Diffusion framework that jointly
models perception and planning through iterative denoising in a shared
generative space. By enabling bidirectional information exchange, the
framework facilitates mutual refinement between tasks and improves ro-
bustness via noise-conditioned multi-task training. We further extend
this unified diffusion paradigm to a streaming setting by incorporat-
ing temporal context. A Temporal Transition Module (TTM) is intro-
duced to resolve the noise-level mismatch between historical and current
frames. In addition, we propose an Anchor Refresh Strategy (ARS) to
alleviate the training—inference distribution shift commonly observed in
sparse diffusion-based end-to-end driving frameworks. Without bells and
whistles, UniTeD achieves state-of-the-art performance across multiple
benchmarks, surpassing both recent discriminative end-to-end methods
and diffusion-based planning approaches.

Keywords: End-to-End Autonomous Driving - Unified Task Denoising
- Temporal Interaction

1 Introduction

Autonomous driving is undergoing a fundamental paradigm shift, moving from
traditional modular pipelines, with perception |1826}29,[30%32}/33,[35], motion
prediction [15,16}22}[49], and planning [7,/10,|11,[38] as separate components,
toward fully end-to-end (E2E) systems |9,17,2331]. E2E approaches reformulate
autonomous driving as a fully differentiable process that directly optimizes the
final planning objective.
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Fig.1: Comparison of existing paradigms for end-to-end autonomous driving. (a)
Separate-Discriminative: separate perception and planning with discriminative mod-
eling for both tasks. (b) Unified-Discriminative: unified perception and planning with
discriminative modeling for both tasks. (c) Separate-Generative: separate perception
and planning with generative modeling for planning task only. (d) Unified-Generative
(ours): unified perception and planning with generative modeling for both tasks.

Most recent E2E approaches adopt a discriminative formulation [9}/17,/21[23]
42,/43,46]. They typically treat perception and planning separately (Fig. [1f (a)),
either sequentially [17,2342] or in parallel [9,|46]. For instance, UniAD [17] and
VAD |23] employ sequential pipelines, where perception outputs are passed to a
downstream planning module. In contrast, TransFuser |9] and PARA-Drive [46]
process perception and planning tasks concurrently, but with limited cross-
task interaction. To enable deeper integration, DriveTransformer [21] and HiP-
AD [43] introduce unified decoders that jointly process all task queries. As shown
in Fig.|l| (b), perception (agent and map) and planning queries interact at every
layer and directly attend to shared feature representations, substantially im-
proving E2E driving performance. However, these discriminative methods share
a core limitation rooted in their optimization objective: minimizing supervised
loss encourages predictions toward mean or majority behaviors, limiting their
ability to capture the multi-modal nature of driving.

To address this issue, recent research has explored generative modeling, par-
ticularly diffusion-based approaches [8,/31}48|50] (Fig.[1] (c)). DiffusionDrive [31]
proposes a truncated diffusion policy that stabilizes generation while reducing
denoising steps for real-time efficiency. ResAD [50] addresses spatiotemporal
imbalance by reformulating trajectory prediction as residual learning. DiffRe-
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finer [48] further introduces a two-stage framework, where a diffusion-based re-
finer denoises coarse trajectories generated in an initial stage. Despite advances
achieved, existing generative frameworks limit diffusion modeling to the planning
task, treating perception outputs as fixed conditions. This strategy may propa-
gate perception errors to the generative process, leading to inaccurate guidance
and increased optimization complexity. It thus prevents joint refinement between
perception and planning, restricting the full potential of generative modeling.

Furthermore, existing approaches use only single-frame information for diffusion-
based planning and ignore temporal dynamics. In addition, sparse query-based
diffusion planning methods [31,/48] often suffer from severe training-inference
inconsistency: during training, only a small subset of planning queries matched
to the ground truth are optimized, while the remaining queries receive little su-
pervision, causing a query distribution shift at inference time. Such behavior
fundamentally contradicts the iterative refinement principle of diffusion models,
where outputs are expected to progressively improve as denoising proceeds.

To address the aforementioned challenges, we present UniTeD, a Unified
Temporal Diffusion framework that jointly models perception and planning
through iterative denoising in a shared generative space. Specifically, UniTeD
adopts a unified diffusion decoder that jointly processes perception queries (agents
and map elements) and planning queries within a single generative process. By
denoising them simultaneously in a shared generative space, our approach fully
leverages the strong uncertainty modeling capability of diffusion models and
enables comprehensive cross-task information exchange. In this way, UniTeD
not only supports multi-modal trajectory generation for the ego vehicle but
also strengthens perception tasks, including dynamic agent prediction and static
map understanding. Importantly, optimization under a noise-conditioned diffu-
sion paradigm inherently improves multi-task robustness. Each task is trained
to ensure accurate predictions even when conditioned on noisy or imperfect in-
termediate outputs from other tasks, leading to greater stability and improved
generalization at inference time.

Additionally, to better capture temporal dynamics that are often overlooked
in existing diffusion-based planners, we incorporate a memory bank that stores
historical task queries, enabling a streaming unified diffusion framework. We
introduce a Temporal Transition Module (TTM) to solve the noise-level mis-
match between historical and current frames. Furthermore, we propose an An-
chor Refresh strategy (ARS) to mitigate the training—inference distribution shift
in sparse diffusion frameworks. During inference, high-confidence queries are re-
tained, while low-confidence task queries are refreshed by resampling from the
original noise distribution. This mechanism preserves query diversity while main-
taining alignment with the training distribution, ensuring stable and reliable
performance even in complex multi-modal settings.

Extensive experiments demonstrate that UniTeD achieves strong performance
across major benchmarks, outperforming both discriminative E2E approaches
and recent diffusion-based planning ones. In particular, our method attains 87.25
DS on Bench2Drive, as well as 90.24 PDMS and 90.13 EPDMS on NAVSIM.
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The main contributions of this work are summarized as follows:

1. We propose a novel unified diffusion framework for E2E autonomous driving.
Our solution jointly denoises perception and planning queries, enabling deep
bidirectional information exchange within a shared generative space.

2. We extend unified diffusion to a streaming setting via a memory bank and
introduce a Temporal Transition Module to resolve noise-level mismatches
between historical and current frames.

3. We present an Anchor Refresh Strategy to alleviate training—inference dis-
tribution shifts in sparse diffusion-based autonomous driving frameworks.

4. We show superior performance across major benchmarks, surpassing both
state-of-the-art discriminative E2E methods and diffusion-based planners.

2 Related Works

Discriminative End-to-End Autonomous Driving. Most recent E2E ap-
proaches typically apply discriminative methods for both the planning and per-
ception tasks. UniAD [17] represents a milestone in this category, integrat-
ing multiple tasks into a single model, while VAD [23| further improves effi-
ciency by replacing dense rasterized scene representations with vectorized ones.
SparseDrive |42] eliminates the dependency on dense BEV features through a
fully sparse query-based framework. To mitigate the sequential dependencies,
several works explore parallel architectures. TransFuser [9] fuses LiDAR and
camera inputs to construct a BEV representation, executing perception and
planning tasks concurrently. PARA-Drive [46] extends this by jointly model-
ing mapping, motion, and occupancy prediction alongside planning. DriveTrans-
former |21] introduces a unified decoder that jointly processes all task queries.
HiP-AD [43| similarly employs a unified decoder for both perception and plan-
ning tasks, and further enhances performance by incorporating multi-granularity
planning queries.
Generative Methods in Autonomous Driving. In the perception domain
of autonomous Driving, diffusion-based frameworks have redefined traditional
tasks as a denoising process. DiffusionDet [6] first redefines object detection as a
denoising diffusion process from noisy boxes to object boxes. MotionDiffuser [24]
utilizes diffusion processes to model the multi-modal distribution of multi-agent
motion prediction. DiffusionTrack [36] introduces a noise-to-tracking paradigm,
reformulating multi-object tracking as a conditional denoising task to achieve
more robust data association. DiffMap [19] utilizes generative models for map
segmentation. PolyDiffuse [4] further advances this by generating vectorized map
elements through a denoising process. LaneDiffusion [45] strengthens the repre-
sentation of complex road networks by effectively modeling lane centerlines and
topological connections.

In the planning domain, DiffusionDrive [31] proposes a truncated diffusion
policy to stabilize generation while enhancing real-time efficiency through re-
duced denoising steps. ResAD [50] reformulates trajectory prediction as residual
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learning to address spatiotemporal imbalances. DiffRefiner [48] employs a two-
stage framework, utilizing a diffusion-based refiner to polish coarse trajectories
from the initial stage. DiffusionDriveV2 [53| incorporates reinforcement learning
to prune low-quality modes and explore superior trajectories. DiffAD [44] refor-
mulates autonomous driving as a conditional image generation task, predicting
future scenes in the form of rasterized BEV images.

Being a generative solution, our UniTeD jointly formulates perception and

planning within a shared generative space, while previous methods retain diffusion-
based models for planning while treating discriminative perception outputs as
fixed conditions for the planner. Furthermore, UniTeD extends the generative
framework to a streaming scheme.
Temporal Modeling in Autonomous Driving. Existing E2E frameworks
typically incorporate temporal dynamics through two main streams: Global Fea-
ture Fusion [17}23] and Query-based Propagation [21},40}42,/43|. Early methods
like UniAD [17] and VAD [23] utilize stacked historical BEV features to pro-
vide a global spatial-temporal context for downstream tasks. SparseDrive [42],
DriveTransformer [21], and HiP-AD [43] all utilize a memory queue to cache
historical queries, leveraging temporal attention to integrate historical informa-
tion. To ensure planning stability, MomAD [40] further introduces a momen-
tum mechanism to select the optimal planning query, which is then integrated
with historical queries via cross-attention. Despite the success of these discrim-
inative frameworks, incorporating temporal modeling into diffusion-based E2E
frameworks remains challenging. Existing diffusion planners, such as Diffusion-
Drive [31] and ResAD [50], primarily focus on single-frame generation or naive
concatenation of historical features. Different from these methods, UniTeD in-
troduces a unified diffusion-based streaming paradigm that propagates joint task
queries across frames. A novel module is also proposed to solve the noise-level
mismatch between historical and current frames.

3 Method

3.1 Overview

The overall architecture of UniTeD is illustrated in Fig. |2 which operates as
a unified diffusion process. First, the image backbone extracts multi-scale fea-
tures F = {F,}”_; from V multi-view images at k-th frame. Second, we define
A = {A® € RNeXDa A™ ¢ RNmXDm AP ¢ RNeXPr} ag a joint anchor set for
agent, map, planning tasks, respectively. N,, Np,, and N, denote the numbers
of anchors for the different tasks, and D,, D,,, and D,, denote their correspond-
ing anchor dimensions. Following the truncated diffusion [31], the noisy anchors
A, are sampled from a Gaussian distribution centered around the prior A,
where ¢ denotes the noise level associated with the k-th frame. Then A,, are
projected into a shared latent query space by an Anchor Embedding module,
yielding Qi = {Q®, Q™, QP} € RWetNm+Np)xC These queries are then fed into
the Unified Diffusion Decoder (Sec. . To incorporate temporal context, the
Temporal Transition Module (TTM) (Sec. modulates a temporal queue of
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Fig. 2: Overview of UniTeD. UniTeD contains three core components: (a) Unified Diffu-
sion Decoder that models perception and planning queries through iterative denoising
in a shared generative space; (b) Temporal Transition Module (TTM) that resolves
the noise-level mismatch between historical and current frames; and (c) Anchor Re-
fresh Strategy that alleviates the training—inference distribution shift.

historical features {Qy_;}"_, to generate aligned historical features {Qp_;}7_,
consistent with the current noise level ¢;. Together with the multi-view features
F, the modulated temporal features serve as conditional inputs to the decoder.
Finally, after denoising, task-specific heads transform the refined queries into
final predictions for the agent, map, and planning tasks.

During inference, an Anchor Refresh Strategy (Sec. updates the pre-
dicted outputs to initialize the subsequent denoising step, enabling iterative re-
finement until the final timestep is reached.

3.2 Unified Modeling via Diffusion

We follow the truncated diffusion policy in DiffusionDrive [31], but extend it to
a joint multi-task modeling form. The Unified Diffusion Decoder simultaneously
models the distribution of all task instances by denoising the noisy anchors A,
into their final clean outputs. The forward and reverse processes are as follows:
Unified Forward Diffusion Process. During the forward process, we apply
the same level of noise to all tasks simultaneously. For each anchor a € A, the
unified forward process at noise timestep t; is defined as:

q(atk |a’) = N(atk; vV dtkaa (1 - @tk)I)a tk S [17 Ttrunc] (1)

where Tirune <€ Tmax denotes the maximum number of truncated diffusion steps.
The resulting noisy anchors serve as the input to the decoder. This synchronized
noise injection ensures that all task categories are embedded with a shared un-
certainty scale, promoting consistent representation learning across tasks.
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Unified Reverse Denoising Process. In the reverse process, the decoder
recovers the clean unified all-task instances from the noisy anchor inputs. We
follow the DDIM sampling [39] to iteratively refine the task states. During each
denoising step, for k-th frame, the decoder takes the current step noisy an-
chors A;, , multi-view visual features F, and modulated historical context queue
{Qr_i}7_, as inputs to estimate the clean state of each instance.

3.3 Unified Diffusion Decoder

The Unified Diffusion Decoder serves as the generative core of our framework
(Fig. . To progressively recover clean task states, the decoder refines the joint
query set Qj through N denoising iterations across L stacked blocks, each con-
sisting of the specialized interaction layers details below:

Conditional Modulation. To condition the denoising process on the gener-
ative stage, every interaction layer within the decoder block is governed by a
Conditional Modulation module. Following the Adaptive Layer Normalization
(AdaLN) design in DiT [37], the condition Cy, by encoding current timestep ¢,
fed into an MLP to produce modulation parameters {«, 8, v}, which dynamically
projects task features onto the corresponding distribution level via AdaLN.
Temporal Cross-Attention Layer. After the initial modulation, a Temporal
Cross-Attention layer integrates the modulated historical context queue {Q kit
which is aligned by the TTM to ensure noise-level consistency. The complete
temporal interaction pipeline are elaborated in Sec.

Unified Self-Attention Layer. To enable cross-task reasoning, the joint queries
at k-th frame Qx = {Q%, Q™, QP} are fed into a Unified Self-Attention Layer,
allowing each token to attend to all others regardless of task origin (agent, map,
or planning). This all-to-all interaction jointly updates agent motion, map geom-
etry and ego-planning states, enabling the model to exploit cross-task geometric
priors during generation. For example, ego planning QP and agent intentions
Q% impose spatial constraints that assist map reconstruction Q™ in occluded
regions, while map topology regularizes multi-modal trajectory generation. A
single joint attention pass thus promotes globally plausible, physically and logi-
cally consistent scene synthesis.

Spatial Deformable Attention layer. To anchor latent features in 3D space,
each query ¢ € Qj is linked to a 3D anchor a € A, which is projected onto the v-
th camera image plane via the view transformation P,. We then apply the Spatial
Deformable Attention, implemented via Multi-Scale Deformable Attention [51],
to efficiently sample and aggregate multi-view, multi-scale image features F'.

3.4 Temporal Interaction via Temporal Transition Module

The Temporal Interaction via Temporal Transition Module (TTM) (Fig.|3) is the
key component enabling our streaming unified diffusion framework. While many
diffusion-based models neglect temporal dynamics, we use a memory bank for
long-range reasoning. A naive fusion of historical features, however, suffers from
noise-level mismatch between historical queries {Qx—;}; and current queries
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Fig. 3: Temporal Interaction. The core TTM enables a streaming unified diffusion
framework by aligning historical queries with the current noising level.

Qj:, as their denoising time steps are sampled stochastically and independently.
Addressing this issue, we implement a structured interaction pipeline:
Input. The four inputs at the k-th frame with noise level ¢ are:

e Queries Qy: joint noisy queries targeted for denoising at noise level t.

e Condition embedding Cj: C; = MLP(TE(t)), where TE(-) is timestep em-
bedding following DiT [37] and ADM [13].

e Historical queries {Qx—;}" ;: queued past queries from the memory bank.

e Historical conditions {Cj_;} ,: each condition is embedded as:

Cy—; = MLP([TE(t)—;), TE(At;), TE(AK;)]) (2)

where t;_; is the historical noise level, At; = t;, — t;_; is the relative noise
scale shift, and Ak; is the frame interval.

Temporal Transition Module (TTM). TTM aligns historical queries with
the current denoising stage. Through an MLP, each historical condition Cy_;
generates scale and shift parameters, which then transform the historical queries:

Vk—i, Br—i = MLP(Cg—,;),

- 3
Qi—i = (1 + vr—i) © LayerNorm(Qp—;) + Br—i- ®)

This way, the generated temporal queries {Qk_i}?zl effectively re-project histor-
ical features into the current noise manifold for optimized cross-frame reasoning.
Temporal Fusion. With the inputs aligned, the interaction is executed through
the Temporal Cross-Attention layer introduced in Sec. [3.3] This layer takes the
modulated current queries Qk and the TTM-aggregated features {Qk,i}?:l for
interaction. This allows each task instance to inherit motion and structural priors
from the past n frames without being disrupted by the noise-level mismatch
across different physical timestamps.
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Algorithm 1 Anchor Refresh Strategy at the j-th Iteration

Nan

Input: Noisy anchors a: at diffusion step ¢; anchor priors A = {Lzu)}i:1 , where Nai =

Ng + Ny, + Np; step size m; confidence threshold 7.
Output: Refined anchors {agi)m}fv;il for the subsequent diffusion step.

1: // Prediction and confidence estimation

2: {91, 5"} = 2({a”);

3: for each anchor index i € {1,..., Nan} do

4. if sgi) > 7 then

5: // Selective denoising for high-confidence predictions
6: al”  « DDIM(a(”, 5V, t, t — m);

7:  else

8: // Anchor refresh for low-confidence predictions
9: al? ~ N(ma@, (1= Gim) 1);

10:  end if

11: end for

Nan.

12: return {aiijm 2

3.5 Anchor Refresh Strategy

Training Inference Inconsistencies. Sparse query-based diffusion planning
approaches [31,/48| often suffer from severe training—inference inconsistencies.
During training, only a small subset of planning queries matched to the ground
truth is supervised, while the remaining queries receive little or no guidance.
At inference, however, all queries are updated at each denoising step, including
previously unexplored queries that are fed back into subsequent iterations. This
causes a progressive drift in the query distribution, gradually deviating from the
anchor distribution observed during training. As identified in DiffusionDet [6],
directly propagating these unconstrained, stochastic outputs through iterative
steps causes a significant training-inference misalignment. Therefore, without
explicit mechanisms to correct this misalignment, the discrepancy accumulates
over denoising steps, leading to increasingly degraded predictions.

Inference via Anchor Refresh Strategy. Inspired by DiffusionDet [6], we
propose an Anchor Refresh strategy (ARS) to address the training—inference in-
consistencies. During inference, high-confidence queries are retained, while low-
confidence queries are refreshed by resampling from the original noise distribu-
tion (Algorithm [)).

— Selective Denoising: At each denoising step, we identify high-confidence
predictions using a task-specific threshold 7. For queries with confidence
sgl) > 7, we apply the standard DDIM reverse operator to transition from
ay) to agi_)m using on the predicted clean state gt“). This ensures that only
task-relevant information is propagated.

— Anchor-based Distribution Refresh: For low-confidence queries sg/l) <,
we discard the unconstrained outputs and replace them with their initial
anchors a?, re-projected to the prescribed noise level at step t — m.
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With the above operations, ARS preserves query diversity while maintaining
alignment with the training distribution, enabling stable and robust inference in
complex multi-modal scenarios.

3.6 Loss Function

The entire UniTeD framework is trained end-to-end in a fully differentiable way.
To ensure the overall performance of perception and planning in driving, we
define a multi-task optimization objective that covers four primary tasks: de-
tection, motion prediction, mapping, and planning. Each task can be optimized
using both classification and regression losses with corresponding weight. The
total loss Liota) 1s defined as a weighted combination of task-specific components:

Etotal = Adetﬁdet + )\motﬁmot + Amapﬁmap + >\plan£plml~ (4)

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate UniTeD on three benchmarks to validate mid-term
simulation and interactive closed-loop performance.

NAVSIM v1 & v2. Built on the nuPlan |2| dataset, NAVSIM [12] provides
a non-reactive mid-term simulation with a 4-second horizon, bridging the gap
between open-loop and closed-loop evaluation. Performance is measured via the
Predictive Driver Model Score (PDMS) [12] and Extended PDMS (EPDMS) |3],
which incorporate safety penalties alongside efficiency and comfort rewards.
Bench2Drive. Bench2Drive [20] is a large-scale, CARLA-based [14] closed-loop
benchmark featuring 44 scenarios across 220 intersections. It tests interactive
driving and long-tail robustness. We report the Driving Score (DS) and Success
Rate (SR) as primary indicators.

Implementation Details. We employ ResNet-34 as the backbone for fea-
ture extraction. Input images are resized to a resolution of 640 x 352. For the
NAVSIM benchmark [3}/12], the model processes inputs from eight multi-view
cameras, while for Bench2Drive [20], six multi-view cameras are utilized. Our
decoder consists of six cascaded diffusion decoder layers. Following the design
of DiffusionDrive [31], we adopt a truncated diffusion policy operating on 1,024
object anchors, categorized into 900 agent anchors, 100 map anchors, and 24
planning anchors. During training, the diffusion schedule is truncated at 50 out
of 1,000 steps to diffuse the anchors. For inference, we use 2 denoising steps with
step size m of 10 and select the top-1 scoring trajectory as the final prediction.
The confidence threshold 7 for each task is detailed in the Appendix. The model
is trained on 8 NVIDIA L40 GPUs with a total batch size of 64. We use the
AdamW optimizer with an initial learning rate of 4 x 10~% and train for 100
epochs to ensure convergence across benchmarks.
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Table 1: Performance comparison with other state-of-the-art methods on the
NAVSIMv1 benchmark. All compared methods utilize ResNet-34 as the CNN back-
bone. The best results are highlighted in bold. The second best is underline, and the
third best is in ¢talics. Dis and Gen denote discriminative and generative formulations,
respectively. Sep and Uni indicate whether perception and planning are formulated
separately or in a unified manner. C and L denote Camera and LiDAR modalities.

, Nl ‘ Planning Metrics ‘Overall
Method Paradigm Modahty‘ NCT DACT EPT TTCT COMFT‘PDMST
VADvV2 |5 Dis-Sep C 97.2 89.1 76.0 91.6 100.0 | 80.9
UniAD |17] Dis-Sep C 97.8 91.9 78.8 929 100.0 | 83.4
TransFuser |9] Dis-Sep  C+L [97.7 928 79.2 92.8 100.0 | 84.0

Hydra-MDP |28] Dis-Sep  C+L [983 96.0 78.7 94.6 100.0 86.5
Hydra-MDP++ [25]| Dis-Sep C 97.6 96.0 80.4 93.1 100.0 86.6
WoTE |27 Dis-Sep C 98.5 96.8 81.9 94.9  99.9 88.3

DiffusionDrive [31] | Gen-Sep C+L [98.2 96.2 822 94.7 100.0 | 88.1
GaussianFusion 34| | Gen-Sep  C+L |98.3 97.2 83.0 94.6 100.0 | 88.8
DiffRefiner [48] Gen-Sep 98.4 97.4 834 953 100.0 89.4

C
PARA-Drive |46] Dis-Uni C 97.9 924 79.3 93.0 99.8 84.0
HiP-AD |21] Dis-Uni C 98.9 96.7 81.2 96.3 99.9 88.6

UniTeD |Gen-Uni  C  [98.9 97.2 84.1 96.6 100.0 | 90.2

Table 2: Performance comparison with other state-of-the-art methods on the
NAVSIMv2 benchmark. The best results are highlighted in bold. The second best
is underline, and the third best is in italics.

‘ Basic Planning 1 Safety 1 ‘Comfort T‘ Overall
| NC DACDDC TL | EP TTC LK | HC EC |EPDMS?t
TransFuser (9] 96.9 89.9 97.8 99.7|87.1 95.4 92.7|98.3 87.2| 76.7

Method

Hydra-MDP++ [25]|97.2 97.5 99.4 99.6|83.1 96.5 94.4/98.2 70.9| 81.4
DriveSuprim [47 " |97.5 96.5 99.4 99.6|88.4 96.6 95.5|98.3 77.0| 83.1
DiffusionDrive [31] [98.2 96.2 98.6 - |87.6 97.3 97.4|984 - | 84.0
GaussianFusion [34]|98.3 97.8 99.0 - |87.5 97.4 97.4|98.3 - | 85.0
DiffRefiner [48] 98.5 97.4 99.6 99.8|87.6 97.7 97.7|98.3 86.2| 86.2
UniTeD [99.1 97.2 99.6 99.9|86.9 98.5 98.4/99.9 87.3| 90.1

4.2 Main Results

Results on NAVSIM v1. To ensure a fair comparison, all baseline models are
evaluated using a ResNet-34 backbone. Methods based on reinforcement learn-
ing or Vision-Language Models (VLMs) are excluded from the main analysis,
with detailed comparisons provided in the Appendix. As summarized in Tab. [T
our proposed UniTeD achieves state-of-the-art performance on the NAVSIM vl
benchmark, yielding a PDMS of 90.2. UniTeD consistently outperforms existing
approaches across different methodological paradigms. Specifically, UniTeD sur-
passes the best discriminative-separate models, including WoTE [27] (88.3) and
Hydra-MDP++ [25] (86.6), by margins of +1.9 and +3.6 PDMS, respectively.
These improvements highlight the advantage of generative modeling over de-
terministic regression in capturing complex and diverse driving behaviors. Com-
pared with the diffusion-based DiffRefiner [48] (89.4), which adopts a generative-
separate pipeline, UniTeD still achieves a further gain of +0.8 PDMS. In compar-
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Table 3:

Comparison
Bench2Drive online leaderboard.

on

the

Table 4: Perception and Prediction perfor-
mance on the nuScenes validation set.

Method Training Data DS 1 SR(%) 1

VAD |23] B2D (200K) 422 15.0 Method | Detection | Map | Track | Motion
UniAD [17] B2D (200K) 45.8 16.4 i |[mAPt NDST[mAPF|AMOTAT|minADE}
SparseDrive |42 B2D (200K) 44.5 16.7 UniAD [17] 0.380 0.359| - _
DriveTransformer [21| B2D (200K) 63.5  35.0 VAD [23] 0.276 0.397 | 0.476 - -
HiP-AD [43] B2D (200K) 86.8  69.1 SparseDrive-S [12]| 0.418 0.525|0.551 | 0.386 0.62
TF++ [52 TF++ (500K) 84.2  67.3 DiFSD J41] 0.410 0.52810.560 | - -
DiffusionDrive [B1]  TF-+ (500K) 77.7 527 HiP-AD [43] 0.424 0.535|0.571| 0.406 0.61
DiffRefiner [48 TF++ (500K) 87.1 71.4 UniTeD [0.424 0.537 0.596| 0.419 | 0.58
UniTeD B2D (200K) 87.3 70.0

ison to the unified discriminative counterpart HiP-AD [43] (88.6), our method
delivers a +1.6 improvement, demonstrating the effectiveness of formulating both
perception and planning queries within a unified diffusion framework. Notably,
relying solely on camera (C) inputs, UniTeD outperforms all competitive LIDAR-
based (C+L) approaches, demonstrating its efficacy and robustness.

Results on NAVSIM v2. As shown in Tab. 2] UniTeD maintains its supe-
rior performance under the more challenging NAVSIM v2 benchmark, achieving
a state-of-the-art EPDMS of 90.1. In particular, our method outperforms the
strongest generative baseline, DiffRefiner [48] (86.2), by a substantial margin of
+3.9 points. Such consistent and significant gains over all major competitors fur-
ther validate the enhanced planning capability and robustness of our framework
in complex, real-world driving scenarios.

Results on Bench2Drive. To evaluate the closed-loop planning capability of
our model in reactive environments, we conduct experiments on the Bench2Drive
leaderboard. As reported in Tab. [3] UniTeD achieves a state-of-the-art Driving
Score (DS) of 87.3, outperforming all existing approaches. When trained on the
standard Bench2Drive |20] 200K dataset, UniTeD consistently surpasses con-
temporary unified methods, including HiP-AD [43] (86.8 DS) and DriveTrans-
former [21] (63.5 DS), achieving improvements of +0.5 and +23.8 DS, respec-
tively. Notably, even compared with models trained on the substantially larger
and higher-quality TF++ [52] (500K) dataset, UniTeD maintains its advantage.
It outperforms the recent generative model DiffRefiner [48] by 40.2 DS and Dif-
fusionDrive [31] by +9.6 DS. These results highlight the strong robustness and
generalization capability of UniTeD.

Results on nuScenes. We further evaluate the perception capability of UniTeD
on nuScenes [1]. As shown in Tab. 4] the results demonstrate that UniTeD is
not only a strong planner but also a versatile framework capable of maintaining
high-fidelity environmental understanding. Specifically, UniTeD achieves 0.596
mAP on map segmentation, outperforming HiP-AD [43| by 4+2.5% in map mAP.
For 3D object detection, it attains a leading 0.537 NDS. In motion prediction,
UniTeD achieves the lowest minADE of 0.58. Compared with SparseDrive-S [42],
it reduces motion prediction error by 6.4% (from 0.62 to 0.58). Moreover, UniTeD
reaches 0.419 AMOTA, surpassing HiP-AD by +1.3% and SparseDrive-S by
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Table 5: Ablation study of different paradigms and task components. Perc and Plan
denote perception and planning modules. Sep and Uni indicate whether perception
and planning are formulated separately or in a unified manner. Regr and Diff denote
regression-based and diffusion-based approaches, respectively.

Paradigm NAVSIMv1 Metrics
1D Perc Plan

Sep Uni NC DAC EP TTC C PDMS
0| v Regr Regr|97.8 91.9 79.2 92.8 100.0 84.1
1| v Regr Diff | 97.6 96.0 80.4 93.1 100.0 86.7
2 v |Regr Regr|98.8 96.7 81.1 963 99.9 88.5
3 v |Regr Diff | 98.8 97.0 82.7 96.7 99.9 89.5
4 v Diff Diff |99.0 97.2 84.1 96.6 100.0 90.2

Table 6: Ablation study of TTM in unified paradigm. Regr and Diff are defined the
same as in Tab. E} Memory denotes the Memory Queue.

D Unified Paradigm Memory TTM NAVSIMv1 Metrics

Regr Diff . NC DAC EP TTC C PDMS
0| v X 989 96.0 81.0 964 99.9 88.2
1 v v 98.8 96.7 81.1 963 99.9 88.5
2 v X X 98.8 96.8 822 964 99.9 89.0
3 v v X 99.0 97.1 825 96.5 99.9 89.4
4 v v v 199.0 97.2 84.1 96.6 100.0 90.2

Table 7: Ablation study on the Anchor Refresh Strategy.

o | Ars \ NAVSIMv1 Metrics

| NC DAC EP TTC C PDMS
0 X 984 968 817 952 99.9 88.2
1 v 99.0 97.2 84.1 96.6 100.0  90.2

+3.3%. These results collectively confirm that UniTeD serves as a comprehensive
and unified framework for perception, prediction, and planning.

4.3 Ablation Study

Effect of Unified Diffusion. We conduct a comprehensive ablation study to
validate the effectiveness of each design component, as reported in Tab. [l By
progressively incorporating the unified architecture and diffusion-based model-
ing, performance steadily improves, ultimately reaching a peak PDMS of 90.2.
Specifically, using the diffusion-based planning module, comparing the separate
perception—planning setup to the unified perception—planning framework (ID 1
vs. ID 3) shows that transitioning to a unified paradigm yields a substantial
gain of +2.8 PDMS. This result confirms that joint learning across perception
and planning alleviates the information bottleneck and mitigates error accumu-
lation commonly observed in sequential pipelines. Under the separate paradigm
(ID 0 vs. ID 1), introducing diffusion-based planning improves PDMS from 84.1
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to 86.7 (42.6). Similarly, within the unified paradigm (ID 2 vs. ID 3), diffu-
sion modeling provides an additional +1.0 gain. These findings highlight the
advantage of diffusion processes over deterministic regression in modeling the
inherently multi-modal nature of human driving behavior. Finally, extending
diffusion modeling to both perception and planning (ID 4) achieves the best
overall performance, surpassing the variant with diffusion-based planning only
(ID 3) by +0.7 PDMS. This demonstrates that diffusion-based perception yields
more robust and high-fidelity feature representations, which in turn establish a
stronger foundation for downstream planning. Overall, the synergy introduced
by the Unified Diffusion framework enables the model to achieve both precise
environmental understanding and safe, human-like trajectory generation, out-
performing conventional regression-based unified approaches.

Effect of TTM. We systematically analyze the components of TTM in Tab. [6]
The results confirm that both temporal context modeling and timestep align-
ment are critical for robust planning. Under the regression paradigm (ID 0 vs. ID
1), incorporating Memory Queue yields a +0.3 PDMS improvement. A consis-
tent gain is also observed in the diffusion paradigm (ID 2 vs. ID 3), where PDMS
increases from 89.0 to 89.4 (40.4). The results show that historical information
provides essential temporal continuity for both perception and planning, regard-
less of the underlying framework. Notably, even without temporal memory, the
diffusion-based model (ID 2, 89.0) already outperforms the memory-enhanced
regression counterpart (ID 1, 88.5) by +0.5 PDMS, further highlighting the
superior capacity of generative modeling in capturing complex driving distri-
butions. The most significant improvement arises from the full TTM design.
Comparing ID 3 and ID 4, introducing TTM increases PDMS from 89.4 to
90.2. While the Memory Queue supplies raw historical context, TTM addresses
feature—denoising misalignment by synchronizing latent representations with the
current diffusion timestep ¢, thereby enabling more coherent temporal reasoning.
Effect of Anchor Refresh Strategy. We examine the impact of ARS in Tab.[7}
The results show that ARS is crucial for maintaining consistency within the
sparse diffusion architecture. Without this mechanism (ID 0), the model relies
solely on the initial trunk anchors, leading to a noticeable training—inference
discrepancy. Introducing ARS improves PDMS from 88.2 to 90.2 (ID 0 vs. ID
1). These findings indicate that ARS is a fundamental component for ensuring
stable and consistent input distribution.

5 Conclusion

In this paper, we introduced UniTeD, a unified diffusion framework that seam-
lessly integrates perception and planning within a shared generative denoising
process. By enabling bidirectional interaction and mutual refinement, UniTeD
alleviates error propagation and strengthens multi-modal reasoning. We further
extend the framework to a streaming setting through a Temporal Transition
Module that resolves inter-frame noise mismatch, together with an Anchor Re-
fresh Strategy to mitigate training—inference distribution shift. Extensive exper-
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iments on challenging benchmarks demonstrate that UniTeD achieves state-of-
the-art performance, surpassing both discriminative end-to-end and planning-
only diffusion approaches.
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