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Abstract

Large Vision Language Models (LVLMs) have shown strong
capabilities in understanding and analyzing visual scenes
across various domains. However, in the context of au-
tonomous driving, their limited comprehension of 3D en-
vironments restricts their effectiveness in achieving a com-
plete and safe understanding of dynamic surroundings. To
address this, we introduce V3LMA, a novel approach that
enhances 3D scene understanding by integrating Large
Language Models (LLMs) with LVLMs. V3LMA leverages
textual descriptions generated from object detections and
video inputs, significantly boosting performance without
requiring fine-tuning. Through a dedicated preprocessing
pipeline that extracts 3D object data, our method improves
situational awareness and decision-making in complex traf-
fic scenarios, achieving a score of 0.56 on the LingoQA
benchmark. We further explore different fusion strategies
and token combinations with the goal of advancing the in-
terpretation of traffic scenes, ultimately enabling safer au-
tonomous driving systems.

1. Introduction
For autonomous agents to navigate effectively in intricate
scenarios, complete environmental understanding and inter-
pretation are crucial. As a result, autonomous driving con-
tinues to be an unresolved research challenge, with much
of the focus directed toward the fields of computer vision
and natural language processing. An accurate understand-
ing of complex scenes is essential for the development of
autonomous vehicles, traffic monitoring systems, and smart
city infrastructure. It involves not only detecting and in-
terpreting objects, but also understanding the intricate re-
lationships between them, the context, and the continuous
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Figure 1. 3D information is essential for accurate and safe scene
understanding in autonomous driving. While LVLMs can extract
rich semantic information from images, they struggle to capture
3D spatial cues. To address this limitation, we propose enhancing
visual scene understanding by incorporating textual descriptions
of 3D detections. These descriptions are processed by an LLM,
which is better equipped to handle textual input than an LVLM.

changes in traffic dynamics.
LLMs have recently shown impressive capabilities in un-

derstanding and reasoning over textual representations of
the natural world. These strengths extend to multimodal
settings, where LLMs are augmented with visual inputs.
Such models excel at extracting information from images
when guided by textual queries and can even reason about
visual scenes and predict the outcomes of actions depicted
in them [22] [15]. However, these models are constrained
by the data they are trained on, meaning their performance
can significantly decline in specialized fields or when faced
with unfamiliar data formats. To improve their reason-
ing abilities in a specific domain, these models are of-
ten fine-tuned using domain-specific data. Notable exam-
ples include medicine and biology, with ongoing efforts to
fine-tune models to reason effectively in driving scenarios
[20][8][40][33]. Yet, such fine-tuning demands consider-
able computational resources and access to high-quality, la-
beled datasets.

Recent developments in Multimodal Large Language
Models (MLLMs), which integrate inputs from various sen-
sory modalities such as images, video, text, and sensor data,
have opened new opportunities for improving scene under-

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

4778



standing in traffic environments [7][38]. These models are
capable of fusing diverse input types to generate context-
aware insights that can adapt to real-time, dynamic sce-
narios. Nevertheless, challenges remain as MLLMs often
struggle to understand the relationships between heteroge-
neous data types and interpret ambiguous or incomplete in-
puts, especially in complex traffic scenes.

In this work, we explore the use of video-based LVLMs
in combination with LLMs for scene understanding in au-
tonomous driving. Our objective is to advance the capabili-
ties of artificial intelligence (AI) systems in interpreting and
responding to the diverse and unpredictable nature of traffic.
By fusing visual and textual data, we aim to enhance situa-
tional awareness, support more informed decision-making,
and contribute to the development of safer, more efficient
transportation systems. Previous work has explored the use
of textual representations alongside visual input to reduce
hallucinations in LVLMs outputs, often relying on fine-
tuning to ensure accurate reasoning about the textual input
[33].

In contrast, we introduce Visual 3D-enhanced Language
Model for Autonomous Driving (V3LMA), a novel ap-
proach that integrates textual descriptions of object de-
tections with visual video inputs into a combined LLMs-
LVLM architecture. Notably, while significantly boost-
ing the performance of the base models, no fine-tuning is
required. The textual detections are generated by a pre-
processing pipeline that includes object detection and track-
ing modules. This pipeline is modular and easily adaptable,
allowing for seamless integration of alternative models and
modalities. Furthermore, by incorporating 3D detection in-
formation, V3LMA enables a deeper understanding of spa-
tial relationships among traffic participants, contributing to
a safer and more precise interpretation of complex traffic
scenes. To summarize, the main contributions of this work
are:
• Proposal and evaluation of V3LMA, a novel method that

combines the strengths of LLMs and LVLMs to enhance
3D scene understanding in traffic scenarios—without re-
quiring model training or fine-tuning.

• Design of a modular preprocessing pipeline that converts
3D object detections into textual input suitable for LLMs,
enabling flexible integration of different detection and
tracking models.

• A systematic study of fusion strategies for combining
LVLMs and LLMs, analyzing the impact of fusion lay-
ers, weight distributions, and token configurations.

2. Related work

2.1. Datasets

To train and evaluate scene understanding models for au-
tonomous driving, several datasets are available. Some of

them extend existent datasets with novel captions describ-
ing the scenes [6, 11, 11, 12, 14, 36]. Besides, there are
datasets which present question and answer pairs closely re-
lated to the driving task; some focus on image-level granu-
larity [2, 21, 24] or in video-level captioning [19, 32, 37]. A
detailed description is given in appendix Table 11. The only
available dataset with Video annotations was LingoQA[19],
which we then use for our evaluation. It comprises approx-
imately 28,000 unique short video scenarios captured in
central London, accompanied by 419,000 question-answer
pairs, facilitating the assessment of vision-language mod-
els in understanding and reasoning about real-world driv-
ing situations. Additionally, they introduce Lingo-Judge, a
learned text classifier that serves as an evaluation metric,
achieving a Spearman correlation coefficient of 0.95 with
human evaluations, thereby providing a reliable measure of
model performance.

2.2. Scene understanding models

The authors of LingoQA published a baseline model along-
side its dataset. This model uses a similar way of incor-
porating visual information into the LLM as LLaVA. In-
stead of using a linear projection layer to project the Con-
trastive Language-Image Pre-Training (CLIP) features into
the language feature space, it uses Querying Transformer
(Q-Former) modules to retrieve a constant number of to-
kens per image. Similarly, the WiseAD model [39] utilizes
a mobile vision-language model architecture using a frozen
CLIP model, a learnable projector layer and the MobileL-
LaMA [4] language model. Despite its small size of around
2B parameters, it is capable of achieving a similar LingoQA
score to the LingoQA baseline using less than a third of its
parameters. Zhous et al. [42] approach leverages multiple
visual and textual inputs to handle understanding: The fu-
sion of these inputs is achieved through various methods:
Concatenation, where the hints are combined with CLIP to-
kens; Self-cross-attention, which applies self-attention to
CLIP tokens and cross-attention between the output and
the hints; Joint cross-attention, where visual tokens act as
queries, with both visual tokens and hints serving as keys
and values. DriveMM [10] is a multimodal model designed
to reason across different input modalities, including im-
ages and videos. Specifically, it aims to enable a LVLM to
process and understand birds-eye view (BEV) images de-
rived from LiDAR point projections and multi-view videos.
The Video Token Sparsification [17] model aims to reduce
computational effort, by selecting a subset of visual features
based on their salience. The salience is determined using a
lightweight Convolutional Neural Network (CNN) model,
called proposal model, which identifies the most relevant
features while discarding less informative ones. Finally,
Jain et al.[12] propose an approach, where object detec-
tion and tracking is performed on LiDAR point clouds to
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retrieve accurate spatial locations for objects in the environ-
ment of the ego-vehicle. This information is added to the
visual question answering (VQA) prompt to reduce hallu-
cination, however, their results show that a single LVLM
cannot process a complex prompt based on the information
of the detections.

In addition, some models are trained to solve the End-
to-End planning task, but indirectly must also achieve cer-
tain understanding of the environment to be able to plan
for it. For instance, DriveLM [30] proposes a Graph Vi-
sual Question Answering pipeline in which a BLIP-2 Visual
language model (VLM) is tasked with answering questions
about a scene from perception to prediction to planning to
behaviour to motion. SimpleLLM4AD [41] extends the
DriveLM baseline by adding a 2D object detection model
and passing the bounding boxes, class and color of objects
directly into the input of the baseline to extend the infor-
mation available to the model. LLM-Assist [29] combines
rule based planning using PDM-closed [5] with dynamic
planning using a LLM for high uncertainty scenarios. PDM
generates 15 trajectories at each planning step. The LLM
is only used when the PDM planner has a high level of
uncertainty for the generated trajectories. DriveVLM [33]
fine-tunes a Qwen-VL 10B model to perform driving scene
understanding and planning. It retrieves a driving condi-
tion description from the LVLM using ”Describe the driv-
ing condition” and the driving video as input. The obtained
driving condition description, the textual description of 2D
object detection results and the driving video are then used
as input to the same LVLM to obtain a scene description fo-
cused in the critical objects in the scene and their influence
on the ego-vehicle.

3. Approach
A key question is how to integrate the advanced reason-
ing capabilities of LLMs with the visual understanding of
LVLMs. One approach is to combine the textual outputs of
the two individual models as input to a third model. This
requires three models which leads to increasing computa-
tional demands and the data used for processing. Addition-
ally, the output of the models have decreased representa-
tional power compared to the internal features of the mod-
els. This is a result from the textual output being a mapping
from a high dimensional internal feature space to a much
smaller discrete output space, allowing to represent one to-
ken per position. This process looses a large amount of in-
formation about the models internal state.

Another option is to combine the output scores for tokens
from both models by merging the score distributions for
each output token. This keeps the feature space much richer
than relying on the textual output of the models. However,
during our experiments it became clear that this is not the
ideal way to merge the models as their output distributions

Description of
objects

LLM

Vision encoder

Projection

Feature
Combination

LVLM

Object
detection + 

tracking

Question

LLM

Question

Answer

Figure 2. Overview of the approach of this work. At the left side a
pre-trained base LLM is getting a textual description of surround-
ing objects and a question as input. On the right side, a pre-trained
LVLM with the same base LLM as on the left-hand side uses the
video and the question as input to reason about the visual content
of the scene. The information of both models is combined to en-
hance the overall scene understanding.

differ significantly: LLMs typically have a broader distribu-
tion of scores across different tokens, while LVLMs have a
more concentrated distribution with higher scores for fewer
tokens, leading to a bias towards LVLM output in token se-
lection.

In our approach the features per token from both models
are merged after individual transformer layers to enable the
models to process and modify the combined features. The
approach is displayed in Figure 2. This enables the models
to exchange more detailed information opposed to the ap-
proaches presented above. However, it can not be expected
that a combination of arbitrarily chosen LLMs and LVLMs
perform good results due to their feature space being differ-
ent. Here, a different feature space between the LLM and
LVLM means that similar features from both models cor-
respond to different concepts. Two aspects which ensure
model’s features to correspond to similar concepts are:
1. Models must have similar architectures such that at sim-

ilar points inside both models, their internal representa-
tion corresponds to similar concepts. If this is not the
case, features can differ significantly, compromising the
feature fusion. Additionally, when the internal dimen-
sionality differs, a mapping mechanism to match both
models dimensions needs to be found, which would re-
quire additionally tuning. This can be ensured when us-
ing a LVLM and its base LLM in the combination as
both have the same LLM architecture.

2. Both models should have a similar output space. In the
case of LLMs this corresponds to the models sharing the
vocabulary and tokens being mapped to the same index
in the output. This is important as it ensures that features
close to the output layer correspond to similar concepts,
as a result of them being mapped to the same outputs.
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Figure 3. Pipeline for obtaining locations and descriptions for traf-
fic signs, trafic lights and moving objects in the scene.

3.1. Models
To comply with the forementioned aspects for the feature
fusion, the following combinations were tested:
1. LLaVA-Video-7B-Qwen2+Qwen2.5-7B-Instruct

(V3LMA-L) [14B parameter]
2. Qwen2-VL-7B-Instruct+Qwen2.5-7B-Instruct

(V3LMA-Q) [14B parameter]
3. Qwen2-VL-2B-Instruct+Qwen2.5-1.5B-Instruct

(V3LMA-Q-mini) [3.5B parameter]
V3LMA-Q, V3LMA-Q-mini and V3LMA-L use the Qwen-
LLM as base model, fullfillyng the first condition. More-
over, the Qwen-LLM model uses a vocabulary of size
151665, so together with the Qwen-VL they share the same
vocabulary and index assignment to tokens. The V3LMA-
L model has a modified vocabulary of size 151647 which
uses the same vocabulary and index to token assignment as
the Qwen-LLM model. However, it discards the last to-
kens which are used in Qwen-LLM as special tokens. This
might negatively influence the performance when combin-
ing V3LMA-L with Qwen-LLM.

3.2. 3D Understanding module
The integration of LLMs and LVLMs has been well estab-
lished. This raises a crucial question: what additional infor-
mation could enhance the visual processing capabilities of
LVLMs? For autonomous driving, 3D information may be
the key to improve the reasoning capabilities.

Accurate scene understanding is essential for tasks like
trajectory planning, which rely on precise 3D localization of
traffic participants. Since vehicle interactions occur in 3D
space, depth information is critical. However, images inher-
ently lack depth cues, and LVLMs struggle with 3D scene
comprehension as they are not explicitly provided with this
data.

Therefore, we enhance the LVLM understanding of the
scene through 3D information that is collected through a
preprocessing pipeline based on segmentation with Ground-

edSam [26], detection with YOLOV5 [13] monocular depth
estimation with MiDas [25]. The main structure is pre-
sented on Figure 3.

Object detection and tracking We begin by focusing on
traffic participants, detecting and tracking objects in 2D us-
ing Grounded SAM [26]. To enhance segmentation, we in-
tegrate a YOLOv5 detector for specific categories of inter-
est. In this work, key objects that significantly influence the
ego-vehicle’s driving behavior include trucks, motorbikes,
cars, pedestrians, bicycles, traffic lights, and traffic signs.

Nonetheless, extracting 3D information from a monoc-
ular image remains essential. To achieve this, we employ
the MiDAS depth estimator [25]. Depth is assigned to each
object by extracting the depth value from the middle pixel
of the detection. This results in a final output consisting
of a list of detected objects, each labeled with its class and
3D localization relative to the ego-vehicle. A more detailed
explanation of this module is provided in the Appendix Sec-
tion 8.

Apart from traffic participants, we also notice that
LVLMs can understand the presence of traffic lights and
signs, but have issues extracting the exact meaning of some
signs specific to the context and the exact state of the traf-
fic light. To handle this, we propose a module to prepro-
cess this information using a CLIP model and appending the
output directly to our textual description of the surrounding
objects. The description of those modules is shown in the
appendix Section 9.

3.3. Merging parameters

The approach is to combine a LLM and a LVLM to ob-
tain the reasoning capabilities on long language inputs of
the LLM to support the visual reasoning of the LVLM. The
features of both models will be added together at different
stages inside the models and with different weightings. The
summing approach keeps the size of the features constant
which enables the results to being directly usable in the fol-
lowing model stages. The input to both models differs and
therefore, typically does not have the same length, which
makes it not possible to combine tokens at the same posi-
tion. Therefore, only the features of the last produced token
will be considered for combination with the feature tokens
of the other model. The combination can either be applied
pairwise between both models last token or between one
models last token and all of the tokens of the other model.
This might be interpreted as adding the last tokens infor-
mation of one model to all the tokens information of the
other model, resulting in more substantial modification of
the other models features. The following components con-
tribution to the performance of the combined model will be
investigated:
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Head Weights The classification heads of the LVLM and
the LLM have different weights. They are each optimized to
operate correctly on the features that they expect in their in-
put as a result of their individual training. When the features
of both models are merged before the classification head,
the input to the classification head is modified compared to
the input observed during training. This is typically referred
to as a change in the feature distribution. To investigate
how the weights of the head should idealy be adjusted to
be able to deal with the changed input features, differently
weighted sums of the head weights are considered. The dif-
ferent configurations are displayed in Table 1. The mathe-
matical formulation of obtaining the combined head weight
Wcombined ∈ Rmodel dimension×vocabulary size is displayed in
equation 1. pheadLVLM corresponds to the head weighting to-
wards the LVLM and pheadLLM to the head weighting of the
LLM.

Whead
combined = pheadLLM ·Whead

LLM + pheadLVLM ·Whead
LVLM (1)

Table 1. The tested head weightings for the merging

LLM Head Weight
pheadLLM

LVLM Head Weight
pheadLVLM

0.1 0.9
0.3 0.7
0.5 0.5
0.7 0.3
0.9 0.1

Weight of feature merging In our approach, features of
the LLM and the LVLM will be merged by weighted sum-
mation. The weights determine the level of contribution of
the different models towards the combined features. The
weighting factors can be interpreted as the amount of infor-
mation which is used of each model in consecutive steps.
This can lead to conclusions about which models features
are more important for a strong performance. The different
configurations which are considered in this work are dis-
played in Table 2.

Table 2. Tested feature weights for the merging.

LLM Feature Weight
piLLM

LVLM Feature Weight
piLVLM

0.1 0.9
0.3 0.7
0.5 0.5
0.7 0.3
0.9 0.1

LLM decoder
block

LVLM decoder
block

…

Classification 
head

…

LLM only processing of combined features LLM and LVLM process combined features

Classification 
head

LLM decoder
block

LLM decoder
block

LVLM decoder
block

LVLM decoder
block

LLM decoder
block

LLM decoder
block

LLM decoder
block

LVLM decoder
block

LVLM decoder
block

LVLM decoder
block

Figure 4. Two different strategies to process the combined fea-
tures. On the left, the LVLM receives only its own features from
the previous layers (False). The LLM processes the combined in-
put of both models. On the right, both models receive the com-
bined features of the previous layer as input (True).

Layers after which feature merging is applied The
layer at which features are merged is crucial, as features
from different transformer decoder blocks capture varying
levels of abstraction. When both the LLM and the LVLM
share the same output vocabulary, merging closer to the out-
put tends to produce better alignment between the modali-
ties. In contrast, merging features too early may impede the
models’ abilities to extract meaningful representations inde-
pendently. In our work, features are considered for merging
after each transformer decoder block. Using Qwen 2 as the
base LLM, which comprises 28 transformer decoder blocks,
we evaluate three different configurations: merging the fea-
tures from layers 20 to 28, from layers 25 to 28, or solely
from layer 28. This analysis allows us to assess the impact
of merging at various depths on overall model performance.

Branches processing combined data The independent
branches of the LLM and the LVLM initially process
their features separately, enabling each model to ex-
tract modality-specific information aligned with its original
training objectives. Replacing these distinct features with a
combined representation may dilute or obscure some of this
individual information. Consequently, it may be advanta-
geous to merge the features into only one branch while al-
lowing the other branch to continue processing its modality-
specific information. In our work, we hypothesize that the
LLM, given its superior capability to handle long input se-
quences, is better suited for reasoning about the more com-
plex, merged features. Thus, we evaluate whether it is bene-
ficial for the LLM to exclusively process the combined fea-
tures, while the LVLM processes its visual information in-
dependently and later contributes to the combined represen-
tation that feeds into the LLM. The branch merging strategy
can be seen in Figure 4.
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Sum features with weight 1.0 before last layer In addi-
tion to the feature weights displayed above, it might be ben-
eficial to sum the entire features of the two models. For the
QwenLLM architecture, the normalization of feature vec-
tors is applied in each layer after the skip connection, which
leads to different magnitudes of features that are summed
to the output of the self-attention compared to weights of
[0.5,0.5].

We avoided adding a weight of [1.0,1.0] to the list of
feature weight configurations because experiments showed
it to be beneficial to weight the features after layer 28 ac-
cording to the configurations in Table 2 while applying the
weights of [1.0,1.0] to those before that layer. Therefore, an
additional binary parameter Sum All is added.

3.4. Prompt design
The input prompts for the LVLM and the LLM are differ-
ent. As mentioned above, LVLMs are not able to reason
correctly about long and complicated textual inputs. There-
fore, the prompt containing the objects in the surrounding of
the ego-vehicle are only being used as input to the LLM. On
the one side. LVLM receives for each task only the ques-
tion and corresponding video data. On the other side, the
LLM receives a prompt composed of three blocks: First,
the description and structure of the object data and the gen-
eral task. Second, the question for the specific task. Lastly,
the prompt resulting from the concatenation of the textual
information for each object in the scene. in the appendix
Figure 7 the design of a prompt for a sample scene is shown.

3.5. Experiment
We compare the different methods of combining the LLM
and LVLM to each other on a subset of the LingoQA evalu-
ation set with 200 samples. Consequently, the most promis-
ing combinations will be then evaluated in the complete
dataset. Inference is performed on a single H100 GPU. In
the initial experiments, a random seed of 42 is set and next
tokens will be selected based on maximum score, to ensure
that the experiments are reproducible.

As the approach is tested with the LingoQA dataset, their
proposed metric, the Lingo Judge [19] is used as main eval-
uation. This metric is the output of a DeBERTa-V3 lan-
guage model fine-tuned using LoRA [9] to assign a score
to the quality of model answers on VQA tasks on the Lin-
goQA dataset. For that, it uses the question, the reference
answer and the models answer to output a score between 0
and 1 with 1 being a perfect answer. The LingoQA dataset
provides for each question two reference answers and the
maximum of the two LingoQA-Judge scores determines the
score per question. In addition, the ROUGE metric is also
presented, to have a result which does not depend on a ex-
tra LLM. However, their focus on recall and exact matches,
respectively, could not represent correctly the performance

Table 3. Results of isolated models with LLM and LVLM prompts.

LLM Prompt LVLM Prompt
LLaVA-VL 7B 0.419 0.408
Qwen-VL 7B 0.419 0.399

Qwen-LLM 7B 0.385 0.286

of the models on their tasks, where several answers and for-
mulations can be correct at the same time.

4. Results

As a baseline, we present the results of using only the pre-
pared LLM or LVLM prompt for the isolated models, as
seen in Table 3. For all the models, the more complete
LLM prompt provides the best scores, suggesting that the
LVLM models can benefit also from longer and more com-
plex prompts. For the Qwen-LLM the case is similar, but
the performance is lower than for the Visual models, in-
dicating that the visual information is still the key for the
general scene understanding. In the following paragraphs,
the results for the LVLM+LLM combination approach are
presented.

The best results for the three proposed models on the se-
lected subset of the Lingo Dataset are presented in Table 4.
The pure V3LMA-Q combination achieved a 60% Lingo
Score, marking a nearly 5% improvement over V3LMA-L.
This difference may be attributed to the modified vocabu-
lary used in LlaVA, as discussed in Section 3. Meanwhile,
V3LMA-Q-mini achieved a 49% score. Notably, despite
using only 25% of the parameters, it performed just 10%
below the larger Qwen model. This result highlights the
efficiency of our LVLM+LLM combination in processing
information while maintaining strong comprehension per-
formance.

Next, in Table 5 we present the results of evaluating the
three architectures with the best configuration parameters
in the complete Lingo Evaluation dataset, together with the
current state of the art (SotA) and other models in the liter-
ature. Our approach Lingo score is 0.56. It is worth men-
tioning that all the models in the literature were fine tuned
with the training dataset of the Lingo benchmark. We at-
tempted to improve the performance of a given architecture
without the possibility of retraining the model, to see how
well was the performance of an approach which cannot have
access of labeled data of the target domain source. Fur-
thermore, comparing with the results of Table 3 there is an
improvement of 15% with respect to the best isolated zero
shot models, showing there is actually a large benefit of us-
ing the combined information of both architectures. More-
over, comparing with the Lingo model without fine tuning,
we show an improvement of 23%, which shows that our
merging architecture effectively takes advantage of general
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Table 4. The best Lingo Scores for each tested model with their respective configuration evaluated on 20% of the LingoQA dataset.

Model Name Isolate
LVLM Features

Head
Weights

Feature
Weights

Merge
Layers

Sum
Weight Rouge Lingo

Mean

V3LMA-L False [0.5, 0.5] [0.9, 0.1] [25, 26, 27, -1] True 0.66 0.55
V3LMA-Q True [0.9, 0.1] [0.9, 0.1] [25, 26, 27, -1] True 0.68 0.60
V3LMA-Q-mini True [0.1, 0.9] [0.3, 0.7] [25, 26, 27, -1] False 0.56 0.49

knowledge to understand specific data distributions.

Table 5. Model performance scores on the whole LingoQA Eval-
uation dataset using the mean of the Lingo-Judge scores.

Name Fine-tuned Score
LLaVA 1.5 Yes 0.51
InternVL Yes 0.58
LingoQA Yes 0.61
Drive-OV Yes 0.70
LingoQA No 0.33
V3LMA-Q (Ours) No 0.56
V3LMA-L (Ours) No 0.50
V3LMA-Q-mini (Ours) No 0.45

4.1. Ablation study
In our search for the optimal parameters, we evaluated all
possible combinations presented in Section 3.3. To do this,
we aggregated the results for each specific parameter con-
figuration and computed the mean metrics. This approach
allowed us to isolate the effects of each parameter under
evaluation.

For the head weights, the results are shown in Table 6.
For the bigger models, the best performance is obtained
when using a balanced weighting between the LLM’s and
LVLM’s head features. Nevertheless, the drop in perfor-
mance is greater when the LLM features are weighted above
the LVLM ones. On the other side, for the smaller Qwen
combination the results indicate that the compressed visual
features have a greater impact than the textual ones. In this
case, for a heavier weighted LVLM features the difference
is 21% with respect to heavier LLM features.

Results for feature weighting are shown in Table 7. It can

Table 6. Lingo Score in the validation set for different Head
weights combinations

Head weights
Model

[0.1,
0.9]

[0.3,
0.7]

[0.5,
0.5]

[0.7,
0.3]

[0.9,
0.1]

V3LMA-L 0.40 0.38 0.41 0.39 0.33
V3LMA-Q 0.38 0.40 0.42 0.40 0.38
V3LMA-Q-mini 0.36 0.30 0.22 0.18 0.15

Table 7. Lingo Score in the validation for different feature weights
combinations

Feature weights
Model

[0.1,
0.9]

[0.3,
0.7]

[0.5,
0.5]

[0.7,
0.3]

[0.9,
0.1]

V3LMA-L 0.36 0.40 0.41 0.39 0.36
V3LMA-Q 0.38 0.40 0.41 0.40 0.38
V3LMA-Q-mini 0.33 0.24 0.24 0.22 0.22

Table 8. Lingo Score for different sets of layers’s output that where
fused

Layers 2 merge
Model 28 [20:28] [25:28]

V3LMA-L 0.38 0.33 0.44
V3LMA-Q 0.39 0.35 0.44
V3LMA-Q-mini 0.26 0.25 0.28

be seen that the story is similar as for the head weights: The
best performance for larger models is achieved with a bal-
anced weighting of the features. However, in this case the
influence of the feature combinations is smaller, with only
6% between the best and worse case and also decreases si-
metrically with respect to both LVLM and LLM weighting.
Similarly to the head weights as well, for V3LMA-Q-mini
a stronger priority for the LVLM weights resulted in better
performance, which supports the idea that for smaller mod-
els the visual features contribute more for the performance.

Regarding the feature layers which should be merged,
the results are similar for the three tested models. The best
performance was found by combining the last four layers of
the LVLM and LLM, followed by combining only the last
layer before the classification head, and in last place com-
bining the last eight layers. In general combining too many
earlier layers can hurt the performance, because those layers
are not abstract enough so that the features are well aligned.
For V3LMA-Q-mini, the difference is not as pronounced as
for the larger models, which could mean that the abstraction
capability difference between early and late features is not
significant enough to be an issue for the merging.

In Table 9 can be seen that it is better to process the com-
bined features through the LLM (Figure 4 left) and input the
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Table 9. Lingo Score for whether only the LLM process the fea-
tures (False), or both LLM and LVLM process them (True)

Isolate LVLM Features False True
Model

V3LMA-L 0.36 0.40
V3LMA-Q 0.36 0.44
V3LMA-Q-mini 0.21 0.30

Table 10. Lingo Score for whether all the layers are summed with
weight [1,1] but the last one or not

Sum all False True
Model

V3LMA-L 0.40 0.37
V3LMA-Q 0.40 0.39
V3LMA-Q-mini 0.30 0.22

LVLM layers only with the previous visual features (Fig-
ure 4 right). It is then better to not overload the LVLM with
more text information than it can handle, with similar be-
havior for the three tested models.

The last parameter to test, is if summing all the layers
with weights [1,1] improves the performance of the mod-
els. According to the results in Table 10, is not the case,
but the difference is less than 1% for the bigger models,
which could indicate that it may be also statistical noise in
the measurement. For V3LMA-Q-mini, the difference of
8% shows a clear benefit of not combining the features with
a [1,1] weighting vector.

5. Discussion
The most notable insight from our results is the apparent
inconsistency between the optimal parameters of the best-
performing models and the trends observed in the abla-
tion study. For instance, for both head weights and feature
weights we found in the ablation studies that a balanced
weighting for LLM and LVLM should yield the best re-
sults. However, in Table 4, the top-performing models con-
sistently favor an unbalanced weighting toward the LLM
head. Moreover, in two of these models, the unbalanced set-
ting for feature weights also outperforms the balanced con-
figuration. A similar contradiction is observed for the ”Sum
All” parameter. We attribute these inconsistencies to cross-
correlations between parameters, meaning that the impact
of one parameter is influenced by the values of others. Such
interdependencies are not captured when analyzing ablation
results in isolation, as these results are marginalized over all
other settings.

In contrast, for the remaining parameters, the findings
are more conclusive. For the ”Isolate LVLM features” pa-

rameter, we demonstrate that it is beneficial to process both
LLM and LVLM features solely within the LLM decoder
blocks while isolating the LVLM decoder blocks to han-
dle only visual features. This configuration leverages the
LLM’s superior ability to process complex prompts en-
riched with 3D information, while allowing the LVLM to
focus on semantic visual understanding derived from cam-
era input, thereby complementing theLLM’s reasoning with
perceptual data. Furthermore, we prove that late fusion of
the features enhances the alignment between the LLM and
LVLM’s encoder output, improving the synergy between
text and visual features. Fusing only the final layer proves
insufficient, indicating that the last four layers contain valu-
able information for the general understanding task.

Although our primary objective was to develop a zero-
shot approach that eliminates the need for fine-tuning, fu-
ture work could explore how retraining on the target data
distribution may further enhance performance. Moreover, a
deeper investigation into the cross-dependencies of fusion
parameters could provide valuable insights into how spe-
cific settings influence one another—potentially enabling a
more systematic and optimized fusion strategy for combin-
ing LLMs and LVLMs.

Finally, while our evaluation focused on the LingoQA
dataset, our method is designed without any dataset-specific
training, suggesting potential generalization capabilities.
Nonetheless, validating this assumption through quantita-
tive evaluation on other VQA datasets would be essen-
tial. Unfortunately, as detailed in Appendix Table 11, no
other publicly available datasets currently offer the neces-
sary characteristics to allow for a direct comparison.

6. Conclusion
We introduce a novel zero-shot multimodal approach for 3D
scene understanding in traffic scenarios. Our method en-
hances the reasoning capabilities of a LLM by integrating
3D information distilled from object detectors. This en-
riched spatial data is fused with visual features extracted
from a LVLM, enabling the model to simultaneously inter-
pret the semantic content of images and the spatial structure
of the 3D environment.

We further examine various feature fusion configura-
tions, providing practical insights into optimizing the inter-
play between LLMs and LVLMs for improved scene com-
prehension. To the best of our knowledge, our approach
achieves the highest LingoQA score for zero-shot multi-
modal scene understanding. Importantly, our framework
generalizes well and delivers robust performance without
the need for fine-tuning on the target domain, making it an
adaptable solution for a wide range of real-world applica-
tions.
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