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Abstract

Generative AI—particularly video diffusion models—offer a scalable alternative to
traditional data collection for autonomous navigation. However, current models are not
optimized for navigation-specific tasks, often resulting in inaccuracies in physics model-
ing and scene dynamics. We present SPARTAN (Spatiotemporal Pose-Aware Retrieval
for Text-guided Autonomous Navigation), an open-source framework that delivers sig-
nificant advancements to video diffusion components. At its core, SPARTAN features
a novel spatiotemporal encoder that converts per-frame camera pose data into contin-
uous spatiotemporal feature embeddings, enhancing representation and modeling effi-
ciency. We also propose a camera pose-conditioned training pipeline and loss function
that tightly integrate spatiotemporal features with text annotations to support more accu-
rate retrieval and generation. In addition, we present DrivingScenePTX, a comprehensive
driving video dataset that includes both frame-wise camera poses and rich textual scene
descriptions. We benchmark SPARTAN against state-of-the-art contrastive language-
image pretraining (CLIP) models using standard retrieval tasks, and introduce a novel
evaluation method inspired by visual simultaneous localization and mapping (vSLAM)
to assess performance in cross-domain trajectory retrieval. Our results show that SPAR-
TAN retrieves driving videos with 15% higher spatial and temporal accuracy compared to
the strongest fine-tuned models on SLAM-based metrics, offering a critical step forward
in adapting generative AI for autonomous navigation. We release the code and dataset at
https://github.com/ostadabbas/SPARTAN.

https://github.com/ostadabbas/SPARTAN
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Figure 1: An overview of our SPARTAN pipeline. We start by encoding input videos, text
and camera pose to obtain corresponding feature embeddings and then contrastively align
them to obtain similarity scores. We leverage the score to identify and retrieve the output
video that most accurately aligns with the given text and pose information.

1 Introduction
The success of autonomous vehicles relies heavily on robust navigation and control models
that are trained and evaluated using accurately annotated data [20]. Recent advancements in
multi-modal generative foundation models, particularly video diffusion models, have signif-
icantly accelerated research in autonomous navigation by acting as scene simulators capable
of generating valuable, hard-to-obtain data—especially for edge cases and rare driving sce-
narios [4]. When guided by text prompts, state-of-the-art generative models can synthesize
high-resolution driving videos with impressive visual realism [5]. However, the lack of ac-
curate ground truth annotations (such as depth, segmentation, and ego-motion) along with
physically incorrect or inconsistent scene dynamics, limits the reliability of generated videos
for autonomy-related tasks. This ultimately reduces their effectiveness in simulation-based
training and evaluation for real-world deployment [37, 40].

To address the limitations of current generative models, particularly their failure to pro-
duce videos that are both text-aligned and physically consistent, it is essential to develop
architectures that not only adhere to text prompts but also respect the spatial and temporal
dynamics of real-world scenes. While some approaches seek to redesign the full diffusion
pipeline, this paper focuses on the contrastive language-image pretraining (CLIP) model, a
critical component within video diffusion models. CLIP plays a key role in aligning prompts
with visual outputs, ensuring coherence between prompts and generated images [17]. How-
ever, CLIP’s reliance on text-only supervision makes it insufficient for autonomous naviga-
tion tasks, where understanding the egocentric spatial and temporal context is crucial.

To bridge this gap, we develop a powerful contrastive learning framework by incorporat-
ing ego vehicle pose information with textual annotations and RGB video frames. We intro-
duce Spatiotemporal Pose-Aware Retrieval for Text-guided Autonomous Navigation (SPAR-
TAN), a joint text-camera pose-video retrieval model that improves alignment accuracy and
introduces missing spatial cues into the retrieval process. By grounding the generation in
both textual and physical contexts, SPARTAN enhances the spatiotemporal awareness of
generative models, enabling downstream autonomous evaluation and decision-making tasks.

As illustrated in Figure 1, our proposed framework builds on the limitations of current
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text-only CLIP models by introducing a retrieval pipeline specifically tailored for autonomy-
focused video generation and evaluation. The architecture comprises three main compo-
nents: First, we introduce a temporal camera pose transformer that encodes the egocentric
motion dynamics of the vehicle. This module takes per-frame timestamps along with camera
translation and rotation matrices and projects them into a unified video-level pose embed-
ding, capturing both spatial transitions and temporal evolution across frames. Second, we
design a co-projection layer that tightly aligns the pose-aware video embeddings with tex-
tual scene descriptions. This fusion enriches the joint representation with contextual scene
semantics and motion cues, enabling more accurate and physically consistent retrieval and
generation. Lastly, to effectively balance the influence of textual and spatial information dur-
ing training, we introduce a conditioned loss function alongside a dedicated training pathway.
By leveraging singular value decomposition (SVD), we extract core features from both video
content and camera pose trajectories, allowing the model to balance between salient dynam-
ics and text features to avoid overfitting. Together, these components enable a retrieval model
that is both text-aligned and spatiotemporal-aware, addressing a core limitation of existing
video diffusion systems in autonomous applications.

To thoroughly train SPARTAN and to further advance diffusion models for autonomy,
we introduce a driving scene annotation approach that utilizes vision-language foundational
models (VLMs) and large language models (LLMs) with a special focus on context temporal
stability. With this method, we curated DrivingScenePTX, a comprehensive driving video
dataset with frame-wise camera Poses, TeXtual scene descriptions. Using CARLA simulator
[11], we collected 184K RGB frames from 11 diverse environments such as urban and rural
areas with varied weather and time settings. Samples of our dataset can be found in Figure 3.

We assess SPARTAN’s performance using standard retrieval tasks, reporting top-k re-
trieval accuracy. A demonstration is included in the supplementary materials. We further
analyze the significance of the camera pose embeddings by comparing the alignment of the
generated frames with provided camera poses via vSLAM metrics, which has yet been ex-
plored before. Finally, we perform ablation experiments to evaluate incorporating additional
components on the accuracy of the retrieved frames.

To this end, we introduce a novel framework that advances video diffusion modeling for
autonomous driving by embedding spatial and temporal scene understanding directly into
the retrieval process. Our key contributions are as follows:

• We propose SPARTAN, a pose-aware, spatiotemporally grounded video retrieval model
that jointly encodes textual scene descriptions, RGB videos, and frame-wise camera
pose trajectories. This joint representation improves retrieval accuracy and makes the
model suitable for autonomy-related tasks that require precise egocentric context.

• We introduce a camera pose-conditioned loss function that guides the training process
to preserve temporal coherence and spatial consistency across video frames. This
loss dynamically balances the influence of pose and text information, enabling more
semantically and physically grounded retrieval.

• We present DrivingScenePTX, a large-scale, synthetic driving video dataset built in
the CARLA simulator, containing 184K RGB frames with aligned frame-wise camera
poses and textual scene annotations. This dataset supports downstream tasks such as
video diffusion, retrieval, and evaluation in autonomous driving scenarios, particularly
for rare and edge cases.
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We are committed to open-source research and will make SPARTAN and DrivingScenePTX
fully accessible, benefiting researchers in advancing the generative autonomy simulation.

2 Related Works
2.1 Diffusion Models for Autonomy Simulations
Using generative models for autonomy simulations has become a popular research area due
to the surge in AI technologies. Researchers have built video diffusion models like SORA
[30], CogVideo [42], Veo-2 [35], Hunyuan [34] and Lavie [39] to create videos and manipu-
late their context through text prompts. This approach has been extended to the autonomous
vehicle field and further applied to various downstream tasks, such as traffic control [26],
autonomous policy design [24, 31] and scene modeling [1, 12]. The majority of the existing
research focuses on improving the architecture of the U-Net, which has a significant effect
on the generation results in terms of quality and consistency [23]. Despite noteworthy over-
all progress, the inconsistency of features in spatial and temporal dimensions hinders a series
of critical autonomy tasks such as visual simultaneous localization and mapping (vSLAM),
object tracking and continuous depth estimation which rely on the stability of tracked fea-
tures [6, 21, 43]. The proprietary nature of cutting-edge video diffusion models poses further
challenges for academic researchers, limiting their ability to innovate and apply these models
to downstream tasks.

2.2 Image-Text Retrieval Models
Image-text retrieval models are designed to bridge the gap between visual and textual data,
allowing users to search for relevant vision data based on text queries or vice versa. CLIP-
based architectures play a central role in retrieval tasks and serve as text-image encoders
in video diffusion models, ensuring that generated images accurately match the context of
text prompts [5, 29, 38, 44]. To extend these models from image domains to video, re-
searchers integrate domain-specific components into the structure, allowing researchers to
retain pre-trained weights and fine-tune on video datasets [19]. Despite the effectiveness
of this approach, ensuring spatial and temporal stability in encoded text prompts remains an
open challenge. While extensive research focuses on leveraging CLIP for semantic encoding,
relatively few studies explore improvements through additional components and input data.
Spatial-Temporal Auxiliary Network (STAN) by Liu et al. aims to improve temporal mod-
eling by extending CLIP models to diverse video tasks [25]. Another approach, ST-CLIP,
enhances temporal relationship modeling between video frames for dense video captioning
[7]. These approaches enhance the usability of text-image encoders by integrating interactive
mechanisms to generate high-quality, realistic generic videos, yet they remain insufficient for
autonomy-focused applications. To address this gap, we introduce an optimized joint cam-
era pose-text-video retrieval model designed for precise autonomous simulation. A critical
aspect of ensuring retrieval accuracy in autonomy tasks is evaluating spatial and temporal
stability. Conventional metrics, such as top-k retrieval rate and cosine similarity, primarily
assess frame accuracy and fail to capture these essential dynamics [9, 14]. To overcome these
limitations, we propose a new evaluation approach inspired by autonomous odometry tasks,
ensuring a more comprehensive assessment of retrieval performance in autonomy scenarios.

2.3 Datasets for Autonomy Simulation
Synthetic data has proven effective in addressing data scarcity and imbalance challenges [4,
16, 18], offering a scalable and cost-efficient alternative to collecting real-world data in the
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autonomy domain. Open-source driving simulators such as CARLA [11], GTAV-TeFS [28],
and AirSim [33] have gained wide adoption for this purpose. These synthetic datasets, along
with real-world datasets like KITTI [15], nuScenes [13], ApolloScape [27], and Cityscape
[8], have served as benchmarks for training foundational models in autonomous driving re-
search. However, despite their diversity and availability, current datasets used to train gen-
erative AI models for autonomy simulation still lack essential components–particularly text
annotations with logically ordered temporal descriptions of scene content. This limitation
hinders the ability to model event progression and causality, which are critical for reliable
simulation and evaluation in autonomous navigation tasks.

3 Methodology
To overcome the limitations of the existing text-based retrieval algorithms in autonomous
navigation, we present a unified framework that integrates camera pose data to capture crit-
ical spatial and temporal context. Our approach introduces a spatiotemporal encoder that
transforms raw pose inputs into meaningful embeddings, which are then jointly aligned with
text and video features to support more accurate and context-aware retrieval (see Figure 1).

Figure 2: The implementation
of spatiotemporal encoder in our
model. We apply a fast Fourier
transform to the input camera pose
sequence and concatenate with the
input sequence before applying
linear projection to the data. The
transformer block repeats by N = 4
times. Both text encoders in this
illustration refer to the same encoder
in the training process.

Problem Formulation: Given a first-person
driving video, each frame is associated with a six
degree-of-freedom (6-DoF) camera pose and a times-
tamp. Let the 6-DoF camera pose for the ith frame be
represented as p(i)

6 = [x(i), y(i), z(i), φ (i), χ(i), ψ(i)]T ,

where x(i),y(i),z(i) denote the 3D position, and
φ (i),χ(i),ψ(i) correspond to the Euler angles (yaw,
pitch, and roll, respectively) that define the camera’s
orientation. Each frame is also tagged with a times-
tamp t(i) relative to the initial frame. In addition, we
are given a text prompt r(i) that describes the scene’s
composition and visual appearance. The objective is
to retrieve the most relevant video clip f that is con-
sistent with the spatiotemporal context (p6, t) and the
narrative provided by r. To achieve this, we propose
a joint feature embedding approach: (1) a pose-text
encoder Epr generates a joint embedding Ipr from the
camera pose and text prompt with a pre-trained vi-
sion transformer Ev extracts visual features Iv from
the video; (2) the retrieval model aligns the joint
embedding Ipr with the video feature embeddings
Iv with the supervision of (3) a joint camera pose-
text CLIP loss to accurately identify the video clip f
that best matches the specified pose, timestamp, and
scene description. This framework leverages both
the physical displacement in three-dimensional space
and the orientation dynamics, as defined by a specific
Euler angle convention, to enable robust spatiotem-
poral retrieval in dynamic driving scenarios.
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3.1 Spatiotemporal Encoder
Existing text encoders struggle to handle numerical data effectively, which is particularly
relevant since camera poses consist entirely of numerical data. Additionally, each element
in the p(i)

6 array has correspondence to the elements at the same position in the previous
and next frames. This intrinsic relationship cannot be captured due to the tokenization steps
and limited token lengths typically associated with CLIP models. To address this issue,
we propose a novel sequence-aware spatiotemporal encoder to process per-frame camera
pose data to continuous feature embeddings, the details of which can be found in Figure 2.
To model temporal relationships, we employ the Fast Fourier transform (FFT) algorithm,
converting time-dependent camera poses in the frequency domain:

Pk, j =
N

∑
n=1

p6 j,n · e
−2πikn/N ; j = 1, ...,b (1)

N is the number of elements in each camera pose input array and b is the batch size. For our
scenario, each frame contains seven input elements: a timestamp and a 6DoF camera pose,
thus N = 7. This approach captures long-term dependencies between elements while effec-
tively filtering out high-frequency noise caused by hardware jitter or external vibrations. We
adopt a pad-and-crop approach to the transformed data and apply a normalization afterwards
to avoid gradient overflowing (see Algorithm 1). A copy of the raw data is then concatenated
with converted signals and passes through a linear projection layer, where positional encod-
ing is applied to capture spatial relationships within the video frames. This data then goes
through repeated attention blocks to obtain the embedding of the camera poses E(i)

p .

Algorithm 1 Fast Fourier Transform
1: procedure APPLYFFT
2: Poses← a batch of raw camera pose
3: F ← length of video in frames
4: SP← FFT(Poses)
5: IP← [Re(SP), Imag(SP)]
6: if IP.shape(1)< F then
7: Ip← Pad(Ip,Poses.shape,0) ▷ Pad Ip with zeros to match the shape of Poses
8: else
9: Ip←Crop(Ip,Poses.shape) ▷ Crop Ip to match the shape of Poses

10: Ip←
Ip−µ[Ip]

σ [Ip]
▷ Normalize Ip

11: return [Poses, Ip]

3.2 Joint Pose-Text Embedding
We first tackle the issue of effective input token length. Our experiments indicate that the
77-token limitation of the pre-trained CLIP model reduces critical information, making it
inadequate for our driving video retrieval tasks. To comprehensively describe the driving
scenes, events, and objects in chronological order, we require lengthy text prompts. Taking
design inspiration from Long-CLIP [45], we extend the effective input token length to 248.

For camera pose information, after we obtain the pose embeddings E(i)
p from the spa-

tiotemporal encoder, we employ a fully connected layer to merge the embeddings with the
text prompt embeddings E(i)

t to obtain joint text-camera pose embedding E(i)
j . We initialize
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the layer by constraining all the weights related to text input to sum up to 1.0 and randomly
initializing all pose-related weights wp << 1.0. This process compresses the information
during training and distills both types of input while retaining pre-trained CLIP weights,
which were trained on a large corpus of data.

3.3 Joint Camera Pose-Text Retrieval Loss
To ensure that camera pose information is preserved during merging, we propose a distinct
training loss with a novel paradigm that uses core video (E(i)

vc ) and pose features (E(i)
pc). We

apply the Singular Value Decomposition (SVD) algorithm to both the input videos and cam-
era pose data to extract the essential features of the scene, including motion dynamics. These
features are then contrastively aligned to train both text and spatiotemporal encoder, keeping
pose information relevant. This training scheme allows us to balance the input information,
ensuring that the model does not prioritize one over the other.

To better guide the training process, the loss function is designed as a weighted combi-
nation of Joint camera pose-text CLIP loss ljoint and core pose-video feature loss lcore:

loss = (1−α)ljoint +αlcore (2)

ljoint is defined as:

ljoint =−
1

2N

N

∑
i=1

log
e(sim(Ej

(i),Ev(i)/τ)

∑
N
j=1 e(sim(Ej

(i),Ev( j))/τ)
+ log

e(sim(Ev(i),Ej
(i))/τ)

∑
N
j=1 e(sim(Ev(i),Ej

( j))/τ)

 (3)

Ev
(i) and Ej

(i) are the image and joint text-camera pose embeddings for the ith sample.
sim(·, ·) is the cosine similarity between two embeddings. τ is a learnable temperature pa-
rameter that scales the logits. For lcore, we substitute Ev

(i) with Evc
(i) and Ej

(i) with Epc
(i). α

is a parameter that determines the intensity of the influence of core pose and video features.

4 Experiments
In this section, we provide insights into evaluations and comparisons of SPARTAN against
various state-of-the-art retrieval models on both widely recognized retrieval metrics and
novel odometry-inspired tasks for autonomous evaluation. We also detail the properties and
annotation procedures of DrivingScenePTX dataset.

4.1 Datasets and Settings
Our model is trained for approximately one week using four 32GB NVIDIA V100 GPUs,
with a batch size of 12 and FP16 mixed precision. All of the training data is collected from
eleven distinct scenes in CARLA simulator with varying time and weather conditions, fea-
turing 184K RGB images at 720p resolution. We convert them into 2.4 seconds videos at
10 frames per second (fps) with a sliding window of random length to prevent fixed depen-
dency between image and pose pairs. To extend image-based models to video domains, we
adopt frame mixer, which is a function that reshapes video batch from (batch, f rames,−1) to
(batch× f rames,−1). This approach of adapting image-based transformers for video inputs
has been proven effective in [32]. Samples can be found in the supplementary materials.

For text annotation, we adopt state-of-the-art VLM Florence2 [41] and LLM Grok-2 [10]
to perform scene understanding and video summarization. By utilizing pre-trained VLMs,
we use the grounding capabilities to generate detailed scene descriptions for each frame
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Figure 3: Frames extracted from videos in the DrivingScenePTX dataset. Each image rep-
resents a distinct driving environment. The sample text annotation corresponds to the video
from which the bottom-right images are taken.

of the dataset. We then enhance per-frame annotations into comprehensive per-video text
generation instructions by summarizing the frame annotations with an emphasis on the tem-
poral dynamics of the frame sequence in the instruction prompt to the LLM. Our approach
specifically highlights the logical progression in which events are triggered by providing the
(relative) timestamp of the annotation of each frame. For pose data, we extract the ground
truth 6DoF camera pose along with its timestamp from the simulator. During training, we
identify the corresponding poses within the video sequences and normalize them relative to
the first frame. Frame and text annotation samples are provided in Figure 3.

4.2 Retrieval-based Evaluation
We evaluate SPARTAN’s retrieval ability on our validation dataset. Following common prac-
tice in [22, 30, 36, 45], we examine on both text-pose-to-video and video-to-text-pose tasks
and report top-k accuracy. As seen in Table 1, SPARTAN excels in both tasks, exceeding
previous CLIP models by a large margin. The original, untuned image-based CLIP model
performs the worst, followed by ViFi-CLIP, which is optimized for video classification with
limited numbers of classes. This outcome is expected, as our dataset focuses on vehicle
driving scenarios, characterized by similar patterns that cannot be effectively distinguished
using a short sentence. For this very reason, tuning these models does not boost performance
significantly as both original CLIP and ViFi-CLIP restrict input length to 77 tokens.

As the effective token length increases, Long-CLIP demonstrates superior out-of-the-
box performance compared to tuned CLIP and ViFi-CLIP. Fine-tuning Long-CLIP further
enhances accuracy, enabling the model to leverage the additional information provided by
longer text. Fine-tuned Long-CLIP achieved a high top-5 accuracy compared to our model
but exhibited a noticeable gap in top-1 accuracy. This is because certain videos are distin-
guishable only through subtle movements, such as scenes that start from the same position
but feature slight variations in acceleration. The incorporation of camera pose and a temporal
transformer effectively resolves this issue, thereby improving our model’s top-1 accuracy.

4.3 SLAM-based Evaluation
To further demonstrate SPARTAN’s camera-pose-aided retrieval ability and highlight the
benefits of merging spatial-temporal information with text prompts, we evaluate our model
using common odometry metrics [2, 3, 6]. Specifically, we approach the Video-to-Text-Pose
retrieval task as a visual SLAM problem, and compute the Absolute Pose Error (APE) and
Relative Pose Error (RPE) of the retrieved trajectory (camera pose) against the provided
trajectory. To the best of our knowledge, this is the first instance of these metrics being used
to evaluate CLIP-based models. We report our results in Table 2: our model achieved an
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Table 1: Comparison of our model’s performance on text-to-image and image-to-text tasks
on DrivingScenePTX against CLIP (2021), ViFi-CLIP (2023) and Long-CLIP (2024). To
ensure fairness, we adapted image-based models to the video domain using the same tech-
nique as our model. We then analyzed each model’s pre-trained weights (where available) as
well as weights fine-tuned on our dataset. For both tasks, we utilize top-1 and top-5 retrieval
accuracy to assess the model’s capability to identify the most relevant video corresponding
to a given text prompt and camera pose within a batch of 100 videos. The evaluation spans
13 batches, and we report the mean and standard deviation across these batches.

CLIP Models Text-Pose-to-Video Video-to-Text-Pose
Acc@1↑ Acc@5↑ Acc@1↑ Acc@5↑

CLIP [17] 9.33%±8.49% 32.98%±18.26% 11.46%±13.15% 30.73%±18.64%
CLIP (Fine-tuned) 16.87%±17.04% 41.33%±16.29% 17.80%±22.09% 47.07%±14.65%

ViFi-CLIP [32] (Fine-tuned) 11.57%±2.40% 14.28%±3.50% 30.00%±3.86% 37.28%±2.87%
Long-CLIP [45] 16.87%±11.88% 42.93%±15.90% 16.87%±12.07% 40.87%±16.47%

Long-CLIP (Fine-tuned) 75.22%±7.50% 98.53%±0.96% 77.01%±9.17% 98.53%±1.25%
SPARTAN (Ours) 81.53%±5.89% 99.06%±1.12% 80.40%±6.37% 99.40%±0.61%

Table 2: Evaluation results of our model’s performance using common SLAM metrics. We
calculate the APE and RPE between retrieved trajectory (camera pose) and provided trajec-
tory in each retrieval across 13 batches. We also express the percentage of errors relative to
the average trajectory length to provide a more intuitive representation of accuracy.

CLIP Models Metrics
APE(m)↓ APE(%)↓ RPE(m)↓ RPE(%)↓

CLIP 13.41±8.89 98.97% 0.98±1.60 7.23%
CLIP (Fine-tuned) 11.80±9.69 87.09% 0.61±1.27 4.50%

ViFi-CLIP (Fine-tuned) 12.92±9.33 95.35% 0.52±1.19 3.83%
Long-CLIP 12.30±8.36 90.78% 0.49±0.75 3.61%

Long-CLIP (Fine-tuned) 3.45±7.87 25.46% 0.26±0.96 1.91%
SPARTAN (Ours) 1.34±3.82 9.89% 0.19±0.78 1.40%

average APE of 1.34 meters, approximately 10% of the average trajectory length of 13.59
meters, outperforming other models by a significant margin. Furthermore, this evaluation
approach uncovers insights that are overlooked in the retrieval task. Despite only a 6%
difference in top-1 accuracy and a 0.5% difference in top-5 accuracy between Long-CLIP
and our model, Long-CLIP’s absolute pose error is nearly three times higher than that of our
model, further showing the improved retrieval ability of our model.

4.4 Ablation Study
We perform an ablation study to assess the effectiveness of our proposed architecture (Ta-
ble 3), demonstrating that incorporating temporal and spatial information enhances accuracy
in driving video retrieval tasks. We observe significant improvement in terms of accuracy
when extending input token length despite limited training, demonstrating that for driving
datasets, a model’s ability to process extended textual information is crucial for correctly
identifying visual data. Adding spatiotemporal encoder also contributed to performance in
a non-trivial way, allowing the model to better differentiate videos with highly similar text
annotations by leveraging camera pose information. Our results also reveal that the model
benefited from both the FFT module and the guided loss pipeline, improving its ability to ex-
tract and utilize spatial and temporal information from camera pose data. We also highlight
that our model achieved a greater performance gain in the odometry (vSLAM) evaluation
compared to traditional retrieval tasks (e.g., 1.8% improvement in APE versus 0.66% in
top-1 accuracy), making it a more suitable candidate for potential autonomy applications.
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Table 3: An ablation study of SPARTAN’s components in various configurations. We trained
each configuration with our dataset for one epoch for evaluation.

CLIP Models Text-Pose-to-Video Video-to-Text-Pose Odometry
Acc@1↑ Acc@1↑ APE(m)↓ RPE(m)↓

Base CLIP Model (B) 3.13% ± 4.54% 11.60%± 23.71% 15.65±9.91 1.10±1.09
B + Extended Text Length (E) 56.13%±12.04% 53.00%±13.03% 5.34±8.88 0.59±1.15

BE + Spatiotemporal Encoder (T) 57.33%±12.33% 53.66%±13.42% 3.61±6.43 0.45±1.19
BET + FFT (F) 58.47%±12.16% 55.67%±12.29% 3.36±6.34 0.40±1.07

BETF + Guided Loss (SPARTAN) 61.67% ±10.89% 60.60%±10.88% 3.26±6.27 0.43±1.15

5 Conclusion
This paper presents SPARTAN, a novel open-source video-based CLIP architecture designed
to support joint camera pose and text retrieval, specifically tailored for driving scenes. To fa-
cilitate effective training, we introduce our curated video driving dataset, DrivingScenePTX,
which includes text annotations and camera pose data. Through innovative evaluation meth-
ods comparing several other CLIP-based approaches, we validate SPARTAN’s superior re-
trieval performance. Furthermore, SPARTAN has the potential to assist generative vision
models in producing accurate and cohesive driving videos for autonomy simulations, align-
ing with our future vision.
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