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ABSTRACT

Although fusing multiple sensor modalities can enhance object detection perfor-
mance, existing fusion approaches often overlook subtle variations in environmen-
tal conditions and sensor inputs. As a result, they struggle to adaptively weight
each modality under such variations. To address this challenge, we introduce
Vision-Language Conditioned Fusion (VLC Fusion), a novel fusion framework
that leverages a Vision-Language Model (VLM) to condition the fusion process
on nuanced environmental cues. By capturing high-level environmental context
such as darkness, rain, and camera blurring, the VLM guides the model to dy-
namically adjust modality weights based on the current scene. We evaluate VLC
Fusion on real-world autonomous driving and military target detection datasets
that include image, LiDAR, and mid-wave infrared modalities. Our experiments
show that VLC Fusion consistently outperforms conventional fusion baselines,
achieving improved detection accuracy in both seen and unseen scenarios. Code:
https://github.com/aditya-taparia/VLCFusion

1 INTRODUCTION

(a) Multi-modal Fusion (previous)

(b) Multi-modal Fusion with VLM conditions (ours)
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Figure 1: Overview of VLC Fusion. Compared
to (a) standard fusion, (b) our method modu-
lates modality-specific features with environment-
specific meta-information, called conditions, im-
proving the resilience of object detection.

Reliable object detection is critical for many
real-world autonomous systems such as au-
tonomous vehicles and surveillance platforms.
Since different sensor modalities offer distinct
advantages, multi-modal fusion techniques aim
to integrate object detectors trained on these
different modalities. For example, since RGB
images provide high-resolution detail while Li-
DAR offers depth perception despite its sparse
point cloud, sensor fusion can provide a high-
resolution image with some depth information.

A key limitation of current fusion methods
is that they overlook how the performance of
each modality varies with external environmen-
tal conditions. Since object detection models
are optimized individually for specific sensor
modalities, each excels under certain environ-
mental conditions but can exhibit vulnerabili-
ties under others. For instance, even state-of-
the-art RGB-based object detectors such as Detection Transformer (DETR) Carion et al. (2020)

∗Corresponding author: ataparia@asu.edu.

1

https://github.com/aditya-taparia/VLCFusion


Published as a conference paper at ICLR 2026

✅

✅

❌

✅

✅

✅

✅
❌

Figure 2: Comparision of predictions from multi-modal and VLC Fusion: from left to right, raw
LiDAR point clouds and camera views, predictions from a multi-modal fusion baseline, and predic-
tions from our VLC Fusion conditioned on VLM-extracted environmental cues (✓/✗prompts shown
at right). Conditioning on high-level context improves detection performance in recovering occluded
cars (Example 1), detecting more vehicles under nighttime glare (Example 2), and correctly identi-
fying the cyclist (magenta) and pedestrians (orange) (Example 3) where the baseline misclassifies.

perform well in clear, well-lit conditions but degrade considerably in low-light or adverse weather
scenarios such as fog Bijelic et al. (2020); Pathiraja et al. (2024). Conversely, LiDAR-based object
detectors such as PointPillars Lang et al. (2019) and SECOND Yan et al. (2018) provide robust
performance under varied lighting levels but can deteriorate in weather conditions such as rain due
to light scattering and other sensor-specific limitations Delecki et al. (2022). The problem of en-
vironment dependence becomes even more pronounced when the system is deployed in unseen
environments.

To address this challenge, we propose Vision-Language Conditioned Fusion (VLC Fusion), a novel
approach to incorporate environmental meta-information obtained through Vision-Language models
(VLMs) into the fusion process. Since current state-of-the-art VLMs have demonstrated impressive
scene-understanding capabilities Li et al. (2023a); Liu et al. (2023), we use them offline to reli-
ably extract detailed environmental cues. We then proposed an architecture to incorporate the VLM
conditions into the fusion network. At test-time, in addition to raw sensor inputs, the VLM pro-
vides an analysis of the scene, making our method robust to both seen (in-distribution) and unseen
(out-of-distribution) scenarios. Fig. 1 illustrates the difference between (a) standard multi-modal
fusion and (b) our VLC Fusion. Furthermore, Fig. 2 presents qualitative examples where this con-
ditioning on VLM cues leads to better detection. The primary contributions of the paper are:

1. We propose a novel fusion approach, called VLC Fusion, that automatically weighs fusion
of features based on environment-specific meta-information.

2. We introduce an automated framework for offline extraction and integration of relevant
environmental cues from raw datasets.

3. We empirically demonstrate the usefulness of environmental conditions in multi-modal
sensor fusion on two real-world object detection tasks, autonomous driving and military
target detection. We also demonstrate how lightweight, fast, small-scale VLMs can be
used realistically during the online object detection phase.

2 RELATED WORK

Multi-Modal Sensor Fusion for Object Detection. LiDAR-camera fusion methods demonstrated
clear benefits over single-modality approaches by combining precise geometric measurements with
dense visual context. Previous works such as MV3D Chen et al. (2017) and AVOD Ku et al. (2018)
project LiDAR point clouds into the image plane to jointly learn features. Fusion SSD Bijelic et al.
(2020) concatenates feature maps from both modalities and applies convolutional layers for joint
detection, and Learnable Align Li et al. (2022) uses a cross-attention block to align and integrate
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modality-specific features. More recent works such as TransFusion Bai et al. (2022) use cross-modal
attention to further improve alignment at multiple scales. Although these methods achieve good
performance, they generally apply static fusion rules that do not adjust to changing environments
Bijelic et al. (2020). This lack of adaptability leads to degraded performance when encountering
conditions not well-represented in the training data, such as unusual weather patterns Delecki et al.
(2022); Pathiraja et al. (2024).

Condition-Aware Fusion Approaches. To handle diverse lighting and weather scenarios, sub-
sequent work recognized the need for adaptability, introducing condition-aware mechanisms that
adapt fusion weights based on environment estimates. Switchable Branch Networks Zhao et al.
(2019) learn separate experts for day and night. More recently, RGB-X Deevi et al. (2024) proposed
the use of scene agnostic switch to switch between detection heads based on particular scenario.
Despite these advances, most methods rely on a fixed taxonomy of conditions and require annotated
examples for each. This reliance on predefined categories restricts their ability to handle ambiguous
or varying conditions and requires potentially expensive data annotation efforts for every new con-
dition, limiting their flexibility Brödermann et al. (2024). In contrast, we create application-specific
conditions and also provide a way to identify these relevant conditions.

Vision–Language Models for Context-Awareness. Building on condition-aware mechanisms, re-
cent work explores the use of large pre-trained vision–language models (VLMs) for extracting se-
mantic context. Models like CLIP Radford et al. (2021) support matching image regions to text.
More integrated approaches, such as PaLM-E Driess et al. (2023) and RoboFlamingo Li et al.
(2023b), combine vision, language, and robot state for downstream reasoning. These models en-
able systems to understand not just what objects are present, but also how they relate to tasks or
environmental cues. However, leveraging VLMs to infer environmental cues rather than relying on
fixed, discrete categories and using these insights to guide real-time sensor fusion remains an open
challenge and through our work we address this gap.

3 METHODOLOGY

…

……
…

Figure 3: Overview of the 3-step automated
pipeline for extracting env. conditions.

Our methodology comprises two major compo-
nents: 1) identification of application-specific en-
vironmental conditions and querying VLM to ob-
tain the corresponding responses, and 2) integrat-
ing these conditional information into the sensor
fusion architecture.

3.1 OFFLINE
CONDITION EXTRACTION AND GENERATION

Extracting meaningful environmental conditions
is crucial for guiding sensor fusion in our method.
To this end, we explored two ways by which one
can extract (or define) conditions from a dataset.

Human-Defined Conditions: Leveraging prior
domain knowledge and metadata from dataset,
experts can manually define relevant conditions based of the task. While straightforward, this ap-
proach can be subjective and may not generalize effectively across diverse datasets.

Automated Condition Extraction: To overcome limitations associated with manual definitions,
we introduce an automated framework for offline extraction of rich environmental cues from dataset
via VLM. For this purpose, as shown in Fig. 3, we introduce a three step process:

Step 1 (Captioning): Let the training dataset be D with N images, and a randomly selected subset
of that be Dcaptioning with M images. With caption(), we first generate descriptive captions, cx:

cx ← caption(x; pcaptioning), ∀x ∈ Dcaptioning

for text prompt pcaptioning. Specifically, a pre-trained VLM is queried with pcaptioning and a system
prompt described in Appendix D. It gives us M image-caption pairs (x, cx).
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Step 2 (Extraction): After captioning, we use extract() to generate a set of environmental condi-
tions, C, using the M image-caption pairs:

C ← extract({(xm, cxm
)}Mm=1, pextraction)

for prompt pextraction and a system prompt described in Appendix D. This step helps us to derive
structured, application-specific environmental conditions. This automated process robustly captures
both high-level semantics and fine-grained contextual cues.

Step 3 (Generation): Once environmental conditions have been identified, the next step involves
generating condition-specific responses for each data point in training dataset D, by querying a pre-
trained VLM. Specifically, we utilize GPT-4o to query responses, r ∈ {True,False}, for evaluating
the presence of extracted conditions for each image in the full training dataset:

rx,c = gen(x, c) ∀x ∈ D, c ∈ C,

where a condition c, acts as a prompt for generation. We obtain the presence of conditions for a
given image as rx = [True,False, . . . ,True]. We use these N responses to train the fusion model.

3.2 SENSOR FUSION WITH ENVIRONMENTAL CONDITIONS

Integrating environmental conditions, C, into multi-modal sensor fusion is important to improve
the robustness of detection models under real-world distribution shifts. We build on the concept of
Feature-wise Linear Modulation (FiLM) Perez et al. (2018) to condition fusion on environmental
context. The architecture of the proposed method, VLC Fusion, is illustrated in Fig. 1 and consists
of feature-level fusion via the Convolutional Block Attention Module (CBAM) Woo et al. (2018),
followed by conditional feature reweighting using FiLM.

We first fuse the concatenated features from multiple modalities such as LiDAR and RGB camera us-
ing CBAM. CBAM emphasizes significant spatial and channel-wise information from concatenated
multi-modal inputs using two attention operations, channel attention and spatial attention. Formally,
let Fmodality1 ∈ RB×C×H×W and Fmodality2 ∈ RB×C′×H×W be the two modality feature maps.
We first concatenate

F =
[
Fmodality1; Fmodality2

]
∈ RB×C′′×H×W ,

where, C ′′ = C + C ′. These concatenated features are passed through CBAM:

F ′ = Mc(F ) ⊗ F,

F ′′ = Ms(F
′) ⊗ F ′,

where “⊗” is element–wise multiplication, and

Mc(F ) = σ
(
W1 AvgPool(F ) +W2 MaxPool(F )

)
,

∈ RB×C′′×1×1,

Ms(F
′) = σ

(
f7×7

(
[AvgPool(F ′); MaxPool(F ′)]

))
,

∈ RB×1×H×W

where, σ denotes the sigmoid activation, Wi denotes linear layer weights, f7×7 denotes convolution
operation with 7 × 7 kernel, and AvgPool and MaxPool are average and max pooling operations,
respectively.

After fusing the two modalities using CBAM, VLC Fusion leverages FiLM to explicitly modulate
the fusion process based on environmental cues. FiLM dynamically adjusts the multi-modal fea-
ture representations through condition-dependent affine transformations. This enables the model to
adapt to diverse scenarios by tailoring the importance of each modality based on the environmental
context. Formally, we condition F ′′ on the VLM-predicted conditions rx via a FiLM layer:

F̂ =
(
1 + γ(rx)

)
⊙ F ′′ + β(rx),

where γ(rx) and β(rx) are the scale and shift tensors learned from the condition vector rx.
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Figure 4: Qualitative examples of VLC Fusion in both seen and unseen environments. Top row: 3D
detections on the Waymo Open Dataset under seen and unseen conditions, with vehicles (yellow),
cyclists (purple) and pedestrians (red) accurately localized. Bottom row: 2D detection on the ATR
dataset for seen and unseen scenarios. More qualitative examples are provided in App. G.

Table 1: Performance on the Waymo dataset (Seen: Day and Night). VLC Fusion with extracted
conditions outperforms all baselines across most categories under both L1 and L2 difficulties. The
best and second best performance is highlighted with bold and underline, respectively.

Fusion Techniques L1 Difficulty (3D mAP/mAPH) L2 Difficulty (3D mAP/mAPH)
Vehicle Pedestrian Cyclist Overall Vehicle Pedestrian Cyclist Overall

Fusion SSD 19.7/19.3 37.2/31.7 21.5/19.9 26.1/23.6 16.9/16.6 32.4/27.6 19.7/18.2 23.06/20.8
Fusion SSD with
Self-Attention 18.2/17.9 34.5/29.2 12.7/11.7 21.8/19.6 15.5/15.3 29.9/25.3 11.6/10.7 19.07/17.1

Learnable Align 13.1/12.7 33.07/27.5 9.60/8.68 18.6/16.3 11.2/10.9 28.5/23.7 8.81/7.96 16.2/14.2
RGB-X 21.8/21.5 39.04/33.03 20.6/19.2 27.1/24.5 18.7/18.4 34.1/28.8 18.9/17.6 23.9/21.6

VLC Fusion with Human
Defined Conditions (n=3) 25.28/24.9 39.6/34.1 20.7/19.5 28.5/26.2 21.7/21.4 34.7/29.8 19.1/17.9 25.2/23.08

VLC Fusion with Extracted
Conditions (n=10) 25.24/24.8 41.2/35.02 25.3/23.5 30.6/27.8 21.7/21.3 36.2/30.6 23.2/21.6 27.06/24.5

4 EXPERIMENTS

In this section, we empirically evaluate our proposed VLC Fusion methodology using two real-world
datasets: the Waymo Open dataset Sun et al. (2020), where we fuse RGB and LiDAR modalities,
and the Automated Target Recognition (ATR) dataset DSIAC, where we fuse visible and infrared
(IR) imagery. We investigate VLC Fusion’s effectiveness in enhancing detection performance under
both seen (training distribution) and unseen (out-of-distribution) scenarios. As shown in App. C.1.3
and C.2.3, 85% and 76% of data in Waymo and ATR dataset contain at least one active condition.

The experimental setup in described in App. A where we provide details on dataset splits, evaluation
metrics, implementation details, and baseline methods. We also provide ablation studies on the
importance of selecting accurate and semantically consistent environmental conditions, and use of
light-weight VLM at test-time for faster deployment in App. F. Our primary results are as follows,

Waymo Open Dataset: Tables 1 and 2 clearly shows that VLC Fusion with 10 conditions con-
sistently outperforms other baseline algorithms. Specifically, VLC Fusion achieved a 3D mAP of
30.6 in the Day and Night (seen) scenario and 35.2 in the Dawn/Dusk (unseen) scenario. Interest-
ingly, increasing the number of conditions from 3 to 10 notably improved accuracy for underrep-
resented classes such as cyclists by approximately 5% in both the seen and unseen scenarios. This
improvement suggests that incorporating additional environmental context helps the fusion model
more effectively generalize and handle challenging, underrepresented scenarios. Qualitative exam-
ples from Fig. 4 further support these findings, illustrating VLC Fusion’s enhanced capability to
detect vehicles, cyclists, and pedestrians under varied environmental conditions.

ATR Dataset: Tables 3 and 4 reinforce the effectiveness of VLC Fusion. Despite the ATR dataset
presents comparatively simpler environmental variations, VLC Fusion consistently improved perfor-
mance across both seen and unseen scenarios. VLC Fusion with 14 human-defined environmental
conditions performed best on the seen test set, achieving a mAP of 61.04, surpassing Fusion SSD’s
best baseline result of 60.22. Additionally, VLC Fusion utilizing 6 extracted conditions delivered
the highest performance on the unseen test set, achieving a mAP of 10.02. These results emphasize
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Table 2: Performance on the Waymo dataset (Unseen: Dawn/Dusk). VLC Fusion with extracted
conditions outperforms all baselines across most categories under both L1 and L2 difficulties. The
best and second best performance is highlighted with bold and underline, respectively.

Fusion Techniques L1 Difficulty (3D mAP/mAPH) L2 Difficulty (3D mAP/mAPH)
Vehicle Pedestrian Cyclist Overall Vehicle Pedestrian Cyclist Overall

Fusion SSD 21.5/21.1 40.4/34.6 31.1/28.5 31.03/28.08 18.8/18.5 37.4/32.02 29.4/27.01 28.6/25.8
Fusion SSD with
Self-Attention 19.3/19.09 37.0/31.07 16.2/15.2 24.2/21.8 16.9/16.7 34.2/28.7 15.3/14.4 22.2/19.9

Learnable Align 14.3/13.9 36.9/30.5 17.9/16.01 23.08/20.1 12.5/12.1 34.07/28.1 17.01/15.1 21.2/18.5
RGB-X 22.8/22.4 42.4/36.02 27.6/26.04 31.03/28.1 20.04/19.7 39.4/33.3 26.2/24.6 28.5/25.9

VLC Fusion with Human
Defined Conditions (n=3) 27.1/26.7 42.5/36.6 27.4/25.9 32.3/29.7 23.9/23.6 39.4/33.9 26.05/24.5 29.8/27.3

VLC Fusion with Extracted
Conditions (n=10) 26.7/26.3 45.1/38.3 33.6/31.2 35.2/32.0 23.6/23.2 41.8/35.5 31.9/29.6 32.4/29.4

Table 3: Class-wise and overall mAP scores on the ATR dataset (Seen distances). VLC Fusion
performs best compared to other methods when using human-defined conditions. The best and
second best performance is highlighted with bold and underline, respectively.

Fusion Technique Pickup SUV BTR70 BRDM2 BMP2 T72 ZSU23 2S3 MTLB D20 Overall
Fusion SSD 49.95 58.34 67.34 63.10 73.85 71.39 69.04 71.23 58.55 19.36 60.22
Fusion SSD with
Self-Attention 44.43 52.3 61.71 58.11 67.26 64.31 64.59 65.85 48.7 59.69 53.7

Learnable Align 50.38 56.32 67.59 61.67 73.56 73.35 70.96 70.93 56.31 15.51 59.66
RGB-X 42.97 50.06 63.82 58.64 69.94 66.82 66.31 66.80 53.69 5.41 54.45

VLC Fusion with Human
Defined Conditions (n=14) 51.83 59.28 66.86 61.64 71.75 69.14 69.73 70.85 58.05 31.23 61.04
VLC Fusion with Extracted
Conditions (n=6) 46.74 57.94 66.64 62.72 72.31 69.28 67.69 67.86 56.20 20.06 58.75

Table 4: Class-wise and overall mAP scores on the ATR dataset (Unseen distances). VLC Fusion
performs best compared to other methods when using extracted conditions. The best and second
best performance is highlighted with bold and underline, respectively.

Fusion Technique Pickup SUV BTR70 BRDM2 BMP2 T72 ZSU23 2S3 MTLB D20 Overall
Fusion SSD 0.8 7.41 14.89 7.32 17.17 13.44 7.12 21.68 4.51 2.52 9.69
Fusion SSD with
Self-Attention 0.76 5.38 14.51 7.96 16.78 10.46 4.29 20.7 3.69 0.79 8.53

Learnable Align 0.01 0.77 10.38 5.32 19.21 8.54 0.98 13.95 4.41 0.92 6.45
RGB-X 0.38 7.51 13.12 6.25 15.49 15.81 3.05 23.05 2.93 0.86 8.84

VLC Fusion with Human
Defined Conditions (n=14) 0.64 8.16 13.65 8.32 19.07 15.36 6.66 20.97 3.88 3.36 10.01

VLC Fusion with Extracted
Conditions (n=6) 1.71 8.59 14.97 8.76 18.54 16.04 5.69 19.46 4.42 2.02 10.02

that even datasets with less pronounced environmental variation benefit from incorporating context-
specific environmental conditions into the fusion model. Additional results are provided in App. E.

5 CONCLUSION

In this paper, we introduced Vision-Language Conditioned Fusion (VLC Fusion), a novel sensor
fusion framework designed to improve object detection robustness by dynamically conditioning on
environmental context queried from VLMs. Our approach addresses the inherent limitations of con-
ventional fusion methods, which often struggle to adaptively weight sensor modalities under diverse
and previously unseen environmental conditions. By explicitly leveraging high-level information
about the environment, VLC Fusion improves detection accuracy and adaptability.

We demonstrated the effectiveness of VLC Fusion on two distinct real-world datasets: the Waymo
dataset for autonomous driving and the ATR dataset for military target recognition. Empirical re-
sults confirmed that our method consistently outperforms existing fusion baselines on both seen and
unseen scenarios. Our findings underscore the potential of incorporating advanced semantic rea-
soning from VLMs into sensor fusion architectures, paving the way for more reliable autonomous
systems in complex, dynamic environments. Future work includes exploring more sophisticated
techniques for condition extraction, further generalizing VLC Fusion across additional modalities
and environments, and investigating real-time deployment scenarios.
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ETHICAL CONSIDERATIONS

Our work focuses on improving object detection under varying environmental conditions. We do not
foresee any direct ethical concerns of our approach. All experiments were conducted using publicly
available datasets and standard training frameworks, such as Hugging Face and MMDetection3D.
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APPENDIX

A EXPERIMENTAL SETUP

A.1 DATASETS

Table 5: Dataset splits for Waymo and ATR
datasets across seen and unseen scenarios. The
unseen scenarios are used exclusively for evaluat-
ing fusion robustness.

Dataset Variation Train Validation Test

Waymo Open dataset
(RGB + LiDAR)

Seen 73,112 9,139 9,139
Unseen – – 7,052

ATR dataset
(Visible + MWIR)

Seen 45,207 15,075 15,088
Unseen – – 11,952

Waymo Open Dataset: We use the San Fran-
cisco portion of the Waymo Open dataset,
which provides synchronized LiDAR and RGB
imagery captured at 10 Hz in a busy urban
environment with diverse weather (e.g. rainy,
sunny) and lighting conditions (e.g. day time,
night time, dawn/dusk time). Each data point
contains approximately 200 frames across 20
seconds.

For our experiments, we define two scenarios:
a seen scenario, which includes data collected under day and night time, and an unseen scenario,
comprising data from dawn and dusk. The seen scenario was used for both training and testing,
while the unseen scenario was reserved strictly for testing. Prior to training, frames were shuffled to
ensure diversity and robustness. The resulting splits for both scenarios are summarized in Table 5.

ATR Dataset: The ATR dataset contains visible and microwave infrared (MWIR) imagery aimed
at target recognition applications, and comprehensive metadata detailing object distances, viewing
angles, wind speed, and other relevant attributes.

We first synchronized the frames from the two modalities using timestamps and object metadata to
ensure proper alignment. Following synchronization, we partitioned the dataset into seen and unseen
scenarios based on object distance. The seen set includes distances of 1000m, 2000m, 3000m,
4000m, and 5000m, while the unseen set comprises intermediate distances (1500m, 2500m, 3500m,
and 4500m). The resulting splits for both seen and unseen sets are summarized in Table 5.

A.2 METRICS

We evaluated the trained fusion models using dataset-specific metrics, as detailed below:

Waymo Open Dataset: For the Waymo Open dataset, we evaluated the performance of the fused
networks using mean Average Precision (mAP) and mean Average Precision with Heading (mAPH).
Evaluations were conducted for three object classes—Vehicle, Pedestrian, and Cyclist—at IoU
thresholds of 0.7, 0.5, and 0.5, respectively. Performance was reported across two difficulty levels
(L1 and L2), which are defined in the dataset itself based on the number of LiDAR points associated
with each object.

ATR Dataset: For the ATR dataset, we assessed the fusion network’s performance using mean
Average Precision (mAP0.5:0.05:0.95) and mean Average Recall at 100 proposal (mAR100). Evalu-
ations were conducted on both the seen and unseen test splits, and have reported both overall and
per-class scores.

A.3 IMPLEMENTATION DETAILS

Below, we describe training setups for individual object detection models per dataset and modality,
followed by the generation of environmental conditions by querying VLM.

A.3.1 OBJECT DETECTORS

Waymo Open Dataset: For the RGB modality, we trained a DETR-based 2D object detector with
a ResNet-50 backbone using the Huggingface Trainer. The model was trained for 150 epochs with
a batch size of 16 and an initial learning rate of 5 × 10−5. Best checkpoints were saved every 250
steps using validation mAP.
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For the LiDAR modality, we used the SECOND 3D object detection model, trained on Waymo
point-cloud data. Training followed the standard MMDetection3D pipeline, with the point-cloud
range set from [−76.8,−51.2,−2]m to [76.8, 51.2, 4]m, targeting the Car, Pedestrian, and Cyclist
classes. The model was trained for 100 epochs using the AdamW optimizer with a learning rate of
1×10−3 and a batch size of 2. Evaluation was conducted after each epoch using the WaymoMetric
evaluator, and the best-performing checkpoint was selected for downstream use. Additionally, each
fusion model in Waymo dataset was fine-tuned with similar setting as LiDAR but for 40 epochs.

ATR Dataset: We trained two separate DETR-based 2D object detectors with a ResNet-50 back-
bone, one for visible images and the other for MWIR images. Each model was trained for 140
epochs using the AdamW optimizer with an initial learning rate of 5 × 10−5 and a weight decay
of 1 × 10−4. Training used a batch size of 32 with gradient accumulation over 8 steps. Model
checkpoints were evaluated based on validation mean Average Precision (mAP), and the checkpoint
achieving the highest mAP was retained for final evaluation. Additionally, each fusion model in
ATR dataset was fine-tuned with same configuration but for 100 epochs.

A.3.2 VLM-QUERIED ENVIRONMENTAL CONDITIONS

We first generated environmental conditions using the methods described in Section 3.1. Two sets
of conditions were defined: human-defined and automatically extracted. After obtaining these con-
ditions, we queried GPT-4o to generate responses for each data point in the dataset.

A.4 BASELINES

We explored various fusion strategies, including Fusion SSD Bijelic et al. (2020), Fusion SSD with
self-attention, RGB-X Deevi et al. (2024), and Learnable Align Li et al. (2022):

Fusion SSD and Variations: The base Fusion SSD architecture concatenates feature maps from
both modalities and applies convolution to reduce them to the appropriate dimensions before passing
them to the detection head. In the self-attention variant, an additional attention module is applied
after the convolution step to re-weight features based on their importance.

RGB-X: In this approach, feature maps from both modalities are concatenated and passed through a
Convolutional Block Attention Module (CBAM). CBAM first applies channel attention by feeding
global average-pooled and max-pooled descriptors through a shared two-layer MLP. This is followed
by spatial attention, computed using a 7×7 convolution over the concatenated channel-wise max and
average maps. This two-step attention mechanism adaptively emphasizes both the most informative
channels and spatial regions. After attention is applied, the features are passed through a series of
convolutional layers to align the dimensions with the detection head.

Learnable Align: We also evaluated Learnable Align, where a lightweight cross-attention block is
used to fuse features from the two modalities. In this method, each spatial cell in one modality’s
feature map is treated as a query, while the corresponding features from the other modality serve as
keys and values. This end-to-end attention mechanism enables the model to align and highlight the
most relevant information across modalities.

Each fusion method was trained using the standard detection head for its dataset: a DETR-based
2D head for ATR and a SECOND-based 3D head for Waymo. All fusion methods were evaluated
without environmental conditions.

B COMPUTATIONAL RESOURCES

All experiments were conducted on a single NVIDIA H100 GPU (96 GB HBM3e) running Ubuntu
22.04, with CUDA 11.8. For training the detection models, we utilized mixed-precision (FP16) via
PyTorch’s AMP module to reduce GPU memory usage and accelerate kernel execution. Memory
consumption varied depending on the fusion technique and task, reaching a maximum of approxi-
mately 40 GB. Training each model took roughly 4 days. Inference was also performed on the same
NVIDIA H100 GPU, with a maximum memory usage of around 10 GB.
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C AUTOMATIC CONDITION EXTRACTION

In this section, we provide the details on conditions extracted from both the dataset. We also evaluate
the correctness of captions being generated for both dataset in step 1.

C.1 WAYMO OPEN DATASET

C.1.1 SAMPLE IMAGE-CAPTION PAIRS

The Fig. 5 shown below highlights the sample image-caption pairs created during the automated
conditional extraction of Waymo dataset.

Figure 5: Samples of image-caption pairs generated during automatic condition extraction for
Waymo dataset.

C.1.2 LIST OF EXTRACTED ENVIRONMENTAL CONDITIONS

Below, we provide the complete list of extracted environmental conditions extracted from Waymo
dataset.

1. Is the road wet or reflective, possibly due to rain?
2. Are there any visible pedestrians in the image?
3. Is there a visible stop sign in the image?
4. Are there any vehicles parked on the side of the road?
5. Is a traffic light visible in the image?
6. Is the image depicting a rainy day?
7. Are there any tall buildings visible?
8. Is there a dedicated lane for buses or taxis?
9. Is the scene set during nighttime?

10. Is there construction work visible?
11. Is there a vehicle in motion in the image?
12. Are street signs or traffic signs visible?
13. Is there greenery or trees lining the street?
14. Is there any advertisement or commercial sign visible?
15. Are there any bicycles or bicycle lanes visible?
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16. Is there a body of water visible?

17. Are overhead power lines visible?

18. Is public transportation, like a bus, visible?

19. Is a visible crosswalk present?

20. Are there any orange traffic cones visible?

21. Is the sky clear and blue?

22. Are the roads cracked or uneven?

23. Is there a sense of fog or mist in the image?

24. Is there a notable commercial establishment visible?

25. Is a noticeable hill or incline visible?

26. Is the scene from a residential neighborhood?

27. Is there an indication of a scenic viewpoint?

28. Is the scene taking place at an intersection?

29. Are buildings visible in the scene?

30. Is traffic congestion visible?

31. Is a pedestrian bridge or crossing present?

32. Is there traffic light congestion or light signals visible?

33. Is the street scene located in an urban environment?

34. Are there multiple lanes on the road?

35. Is the weather overcast or cloudy?

36. Are there parked cars visible on the street?

37. Is there a visible neon or illuminated sign?

38. Is the image captured from an elevated perspective?

39. Is the overall atmosphere calm and quiet?

40. Is there noticeable lens flare or light artifacts in the image?

C.1.3 ADDITIONAL QUANTITATIVE ANALYSIS

Fig. 6 and 7 shows the activation of conditions over Day-night (seen) and Dawn/dusk (unseen) test
set. We can see that 85% of the test dataset have at least one active environmental condition.
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Figure 6: Fraction of images in the Day–Night (seen) test set for which each condition is true in
Waymo dataset.
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Figure 7: Fraction of images in the Dawn–Dusk (unseen) test set for which each condition is true in
Waymo dataset.
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Figure 8: Average condition response consistency over 5 runs for the Waymo dataset.

C.2 ATR DATASET

C.2.1 SAMPLE IMAGE-CAPTION PAIRS

The Fig. 9 shown below highlights the sample image-caption pairs created during the automated
conditional extraction of ATR dataset.

C.2.2 LIST OF EXTRACTED ENVIRONMENTAL CONDITIONS

Below, we provide the complete list of extracted environmental conditions extracted from ATR
dataset.

1. Is there a vehicle present in the image?
2. Is the terrain mostly flat?
3. Are there hills or mountains in the background?
4. Is the sky overcast or cloudy?
5. Is the image in black and white?
6. Is there sparse vegetation present in the image?
7. Does the landscape appear arid or desert-like?
8. Is there a road or path visible in the image?
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Caption:
The image is a black and white photograph depicting a wide, open 
landscape with sparse vegetation. In the foreground, there is a car 
driving on a dirt path that cuts across the landscape. The area 
appears to be arid, with scattered bushes and small trees. The 
background shows an expansive flat terrain, possibly a desert or 
plain, extending into the distance.

Caption:
The image depicts a black-and-white landscape of a desert-like 
terrain. The foreground is characterized by sparse vegetation and 
flat land, while the background features a series of low-lying hills 
or mountains. The terrain appears arid with patches of shrubs and 
small trees scattered throughout. The sky is overcast, giving the 
landscape a desolate and remote feel.

Caption:
The image depicts a vast, arid landscape with a solitary vehicle at 
the center. The terrain appears barren with sparse vegetation 
scattered throughout. In the background, there are rolling hills 
and a line of trees, suggesting a desert-like environment. The 
overall atmosphere is dry and expansive.

Figure 9: Samples of image-caption pairs generated during automatic condition extraction for ATR
dataset.

9. Does the image convey a sense of desolation or remoteness?

10. Is the landscape devoid of human structures?

11. Is there any evidence of movement, such as tire tracks or dust?

12. Does the scene have a sense of barrenness or isolation?

13. Is there a military vehicle like a tank present?

14. Is there any dust or haze present in the scene?

15. Is the image devoid of visible human presence?

16. Is there a single structure visible?

17. Are there rolling hills or mountains in the background?

18. Is the landscape described as barren?

19. Is the lighting subdued or muted?

C.2.3 ADDITIONAL QUANTITATIVE ANALYSIS

Fig. 10 and 11 shows the activation of conditions over seen distances and unseen distances test set.
We can see that 76% of the test dataset have at least one active environmental condition.
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Figure 10: Fraction of images in the seen distances test set for which each condition is true in ATR
dataset.
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Figure 11: Fraction of images in the unseen distances test set for which each condition is true in
ATR dataset.
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Figure 12: Average condition response consistency over 5 runs for the ATR dataset.

C.3 CLIP-BASED CAPTION QUALITY ANALYSIS

To quantitatively assess the alignment between generated captions and visual content, we compute
the cosine similarity between image and caption embeddings using CLIP (ViT-B/32) Radford et al.
(2021). As detailed in Hessel et al. (2021), CLIP similarity scores between 0.3 and 0.4 indicate
good alignment in open-world captioning tasks. And as shown in table 6, our results indicate that
the generated captions are semantically coherent with the input images, supporting their reliability
in condition generation for VLC Fusion.

Table 6: Average CLIP-based cosine similarity between images and their generated captions.

Dataset Clip Score
Waymo Dataset 0.314 ± 0.020
ATR Dataset 0.335 ± 0.023

D PROMPT TEMPLATES

In this section, we discuss the prompts used for defining our automatic environmental condition
extraction framework. For each step, we use a separate set of system and user prompt defined as:

Captioning: In this step, we prompt the VLM to describe the images to create image-caption pairs.
The prompt template followed is described in Fig. 13.

Extraction: In this step, we prompt the VLM to provide the set of conditions based on image-
caption pairs. The prompt template used is described in Fig. 14.
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System and User prompt template

System Prompt:
“You are an assistant that generates consistent, structured descriptions for the provided image(s). Out-
put should be in the following JSON format:”
{ ‘‘Conditions’’: ‘‘<description>’’}

User Prompt: “Provide a description based on the following image.”
[Image]

Figure 13: System and user prompt templates for the VLM “captioning” stage.

Table 7: Class-wise and overall mAR100 scores on the ATR dataset (Seen distances).

Fusion Technique Pickup SUV BTR70 BRDM2 BMP2 T72 ZSU23 2S3 MTLB D20 Overall
Fusion SSD 79.87 80.58 84.51 85.53 85.0 87.96 86.18 88.87 66.6 77.3 82.24
Fusion SSD with
Self-Attention 78.15 79.87 85.46 84.3 85.68 87.2 86.84 87.38 59.69 74.95 80.95

Learnable Align 81.64 80.01 85.14 85.17 86.73 87.99 84.75 89.27 65.46 78.34 82.45
RGB-X 77.95 80.25 85.46 84.55 86.76 86.44 87.17 86.73 63.09 73.71 81.21

VLC Fusion with Human
Defined Conditions (n=14) 82.06 81.53 85.63 83.7 86.98 86.85 85.12 87.75 66.87 76.16 82.27

VLC Fusion with Extracted
Conditions (n=6) 76.89 81.77 87.17 85.34 88.0 88.05 85.94 88.53 65.84 76.51 82.41

Generation: In this step, we query the VLM to generate the responses based on the presence and
absence of the extracted conditions. The prompt template followed is described in Fig. 15.

E ADDITIONAL RESULTS FROM ATR EXPERIMENT

In this section, we provide additional results of VLC Fusion and other fusion techniques on ATR
dataset. Specifically, we provide the overall and per-class mAR100 scores in table 7 and 8. As
shown, VLC Fusion with extracted conditions performed best and second best in seen and unseen
test scenarios, respectively.

F ABLATION STUDY

To better understand the influence of VLM-based environmental conditions on the performance of
our VLC Fusion, we performed ablation studies investigating two critical factors: the scale (capac-
ity) of the VLM used for querying conditions, and the quantity/consistency of the queried conditions.

F.1 EFFECT OF USING SMALL-SCALE VLMS FOR QUERYING CONDITIONS

In this section, we investigate how the scale and capacity of the Vision-Language Model (VLM) used
for querying environmental conditions affect detection performance. Intuitively, we expect larger-
scale VLMs to produce more accurate and semantically richer environmental condition predictions,
thus enhancing the performance of the fused network. Conversely, smaller-scale VLMs are more
practical but provide limited semantic reasoning capabilities and less accurate condition predictions,
thus potentially reducing fusion performance.

We compared two smaller-scale VLMs (Moondream2 vik (2024) and SmolVLM Marafioti et al.
(2025)) against larger-scale VLM (GPT-4o). As shown in Fig. 16, use of small VLMs slightly
reduced the performance compared to the GPT-4o. Specifically, the performance for the “Day-
Night (seen)” scenario dropped from the 30.6 to 30.14 with Moondream2 and further to 27.31 with
SmolVLM. Similarly, for the “Dawn-Dusk (unseen)” scenario, performance decreased from the 35.2
to 33.91 (Moondream2) and 30.22 (SmolVLM). These results confirm our hypothesis that the scale
of VLM influences the accuracy of environmental condition predictions and the overall performance
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Table 8: Class-wise and overall mAR100 scores on the ATR dataset (Unseen distances).

Fusion Technique Pickup SUV BTR70 BRDM2 BMP2 T72 ZSU23 2S3 MTLB D20 Overall
Fusion SSD 11.19 21.89 28.54 45.73 32.39 39.23 36.77 52.36 8.12 19.14 29.54
Fusion SSD with
Self-Attention 14.42 19.46 25.38 34.55 35.43 36.68 22.86 52.58 5.57 18.53 26.54

Learnable Align 2.72 20.64 25.01 31.37 39.41 30.76 18.39 39.26 7.3 12.52 22.74
RGB-X 10.5 18.18 26.14 31.07 34.86 39.68 34.37 44.83 6.88 14.68 26.12

VLC Fusion with Human
Defined Conditions (n=14) 4.09 20.88 28.76 40.64 42.39 43.31 27.22 51.16 9.42 22.08 28.99

VLC Fusion with Extracted
Conditions (n=6) 17.02 19.51 28.44 42.12 39.84 37.36 38.99 45.24 8.56 16.2 29.33

System and User prompt template

System Prompt:
“You are an assistant that generates consistent, structured conditions for the given image. These con-
ditions are based on various aspects of the image and its description. The conditions should be in the
form of questions. Generate as many unique conditions as possible. The questions should be in the
form of yes/no questions. Do not include any specific information about the image or description while
generating the conditions. Output should be in the following JSON format:”
{ "Conditions": [
"<condition 1>",
"<condition 2>"
]}

User Prompt: “Provide conditions based on the following images and their captions.”
[Images, Captions]

Figure 14: System and user prompt templates for the “extraction” stage.

of VLC Fusion. On a bright side, both the small-scale VLMs achieved performance comparable to
large-scale VLM (GPT-4o) making the method useful in practical applications.

F.2 EFFECT OF CONDITION QUANTITY AND CONSISTENCY

We further analyze how varying the number and consistency of queried environmental conditions
impacts the fusion model’s performance. Fig. 17a and 17b clearly shows the trend observed in
our experiments. Initially, increasing the number of conditions leads to improvement in detection
performance. However, beyond a certain point, as the number of conditions increases further, we
observe a performance decline. This trend can be attributed to incorporating less consistent and
potentially noisy conditions. Indeed, we observed that conditions ranked higher in consistency
contributed positively to performance, whereas adding less consistent conditions diminished model
accuracy.

Thus, our results underscore the critical importance of selecting a carefully curated set of highly
consistent conditions, balancing richness of contextual information with the risk of introducing noise
or irrelevant context.

G EXTENDED QUALITATIVE EXAMPLES

In Fig. 18 we provide an extended qualitative examples on object detection performance of VLC
Fusion in both dataset, Waymo dataset and ATR dataset, for seen and unseen scenarios.
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System prompt and Input prompt template

System Prompt:
“You are a highly specialized assistant that provides concise answers to specific questions about
images, responding to each with either True or False only and returning a JSON object with keys 1
through N corresponding to the question numbers, without any additional context or descriptions.”

User Prompt: “Answer the following questions based on the given image by returning a
JSON object with exactly N keys (the strings “1” through “N”), each mapped to a boolean (True or
False) corresponding to its question and nothing else; the image is provided after these questions.”
[Question List]

Figure 15: System and user prompt templates for the “generation” stage.

Model Param Time Condition
in Billions (sec/image) Accuracy

GPT-4o (baseline)† > 100 2 sec 100%
Moondream2 1.9 0.7 sec 79.8%
SmolVLM-Instruct 2.2 1 sec 56.3%

†Parameter count is based on public estimates.
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Figure 16: (a) As shown in the table, smaller VLMs, such as Moondream2 and SmolVLM-Instruct,
deliver faster inference, but yield lower condition-generation accuracy compared to GPT-4o. (Here
the accuracy is calculated by considering the response from GPT-4o as ground truth.) (b) In zero-
shot testing, the corresponding drop in 3D mAP on the Waymo Day-Night and Dawn/Dusk scenarios
highlights the importance of condition quality for our method.

3 6 10 198
Number of Conditions (Sorted based on consistency)

0

20

40

60

80

m
AP

mAP vs Number of Conditions
Consistency > 95%
Consistency < 95%
Seen Distance
Unseen Distance

(a) ATR dataset

3 10 20 3015
Number of Conditions (Sorted based on consistency)

20

25

30

35

40

45

50

m
AP

mAP vs Number of Conditions
Consistency > 95%
Consistency < 95%
Day-Night
Dawn-Dusk

(b) Waymo dataset

Figure 17: Performance of VLC Fusion vs. number of environmental conditions. (a) ATR dataset:
accuracy peaks at 6 conditions, then declines as less consistent conditions are included. (b) Waymo
dataset: accuracy peaks at 10 conditions, followed by a similar decline (see Appendix for condition
consistency analysis).
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Figure 18: Additional qualitative examples of VLC Fusion for both dataset in seen and unseen
scenarios.
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