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Figure 1. YOLO-World detections of different approaches across modalities: LLVIP and FLIR datasets (infrared) and NYUv2 (depth).
Each column corresponds to a different approach: (a) Ground Truth (GT): Shows in yellow the GT bounding boxes for objects. (b)
Zero-Shot (ZS): Displays detections (in red) from a zero-shot model. It has missed several detections and some inaccurate boxes without
tuning. (c) Visual Prompt: Illustrates detections with a visual prompt added to the image. It shows improvements over ZS, with more
accurate detection in certain areas, but still misses some objects. (d) ModPrompt (Ours): Detections from our model. ModPrompt
generates artifacts on the image to enhance objects and suppress the background, facilitating detection.

Abstract

The zero-shot performance of object detectors degrades
when tested on different modalities, such as infrared and
depth. While recent work has explored image translation
techniques to adapt detectors to new modalities, these meth-
ods are limited to a single modality and traditional detec-
tors. Recently, vision-language detectors (VLDs), such as
YOLO-World and Grounding DINO, have shown promis-
ing zero-shot capabilities; however, they have not yet been
adapted for other visual modalities. Traditional fine-tuning
approaches compromise the zero-shot capabilities of the de-
tectors. The visual prompt strategies commonly used for
classification with vision-language models apply the same
linear prompt translation to each image, making them less
effective. To address these limitations, we propose Mod-
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Prompt, a visual prompt strategy to adapt VLDs to new
modalities without degrading zero-shot performance. In
particular, an encoder-decoder visual prompt strategy is
proposed, further enhanced by the integration of inference-
friendly modality prompt decoupled residual, facilitating a
more robust adaptation. Empirical benchmarking results
show our method for modality adaptation on YOLO-World
and Grounding DINO for challenging infrared (LLVIP,
FLIR) and depth (NYUv2) datasets, achieving performance
comparable to full fine-tuning while preserving the model’s
zero-shot capability. Our code is available at https:
//github.com/heitorrapela/ModPrompt.

1. Introduction

Object detection (OD) is a key challenge in computer vi-
sion, aiming to localize and classify objects in images [57].
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Figure 2. Strategies to adapt object detectors to new modalities: (a) Full Fine-tuning: Both the backbone (the part of the model
responsible for feature extraction) and the head (responsible for the final output, like object detection) are updated with new training data.
(b) Head Fine-tuning: Only the head is fine-tuned while the backbone remains frozen. (c) Visual Prompt: Uses a visual prompt added to
the input. The backbone and head remain unchanged, but the visual prompt guides the model to better interpret the new modality. (d) Our
Modality Prompt. Similarly to a visual prompt, the input image is added to a visual prompt. The main difference is that here the prompt
is not static; it is a transformation of the input image.

Recent OD advancements, driven by applications like au-
tonomous driving [35, 44], surveillance [10, 40], and
robotics [11, 19, 38], have improved real-world systems sig-
nificantly. Although traditional detectors like YOLO [21]
or DINO [52] perform well, they are limited to fixed vo-
cabularies, such as the 80 categories in the COCO [29]
dataset, and exhibit poor zero-shot performance [2]. These
detectors are trained on predefined categories, restricting
their adaptability to varying scenarios. In contrast, Vision-
Language Models (VLMs) combine visual representations
and semantic text embeddings, allowing them to dynami-
cally understand pixel-level features in context [39]. VLMs
enhance accuracy and flexibility by recognizing unseen ob-
jects through the integration of language, paving the way
for open-vocabulary detection [49], such as Grounding
DINO [30] and YOLO-World [7].

Generally, these open-vocabulary detectors are pre-
trained on large-scale RGB datasets, making them capable
of zero-shot detection [30, 51]. However, their performance
degrades if the domain shift is large, as in a different modal-
ity, such as infrared or depth. A common approach to mit-
igate this is by fine-tuning the VLMs on the downstream
modality dataset. However, it makes the VLMs lose their
zero-shot capabilities due to catastrophic forgetting [24].
Some techniques have been explored to adapt the VLMs
to downstream tasks for image classification. These include
text prompt tuning (TPT) [54, 55] and visual prompt tun-
ing (VPT) [1, 20]. Unlike traditional fine-tuning, prompt
tuning involves adding learnable prompts to the model’s in-

put, allowing it to remain unchanged and preserve its zero-
shot capability. VPT methods for classification learn visual
prompt tokens to adapt the classifier of transformer-based
models to the downstream tasks. Visual prompts are ef-
fective when adapting VLMs to a downstream task of the
same modality (normally RGB). However, these methods
are also less effective if the downstream data is from an-
other visual modality with a large modality shift between
pre-trained and downstream data, as shown in Table 1.

In addition to incorporating language into detectors, an-
other major driver of advancements in real-world applica-
tions is the integration of diverse visual modalities, such as
infrared [26, 34, 45] and depth [27, 46, 47]. These modal-
ities provide additional spatial information, enhancing vis-
ibility in low-light and obstructed conditions, resulting in
more robust and accurate object detectors [4]. Adapting
detectors for different modalities unlocks their potential in
specialized contexts by combining the efficiency of trans-
fer learning with modality-specific enhancements. This ap-
proach bridges the gap between general-purpose detectors
capable of zero-shot detection and the nuanced demands of
novel modalities, where labels are still scarce compared to
RGB data.

Therefore, to overcome limitations in modality adap-
tation, image translation [16, 36] methods have been ex-
plored for traditional detector-based models. However,
these approaches primarily optimize the image translation
loss rather than directly focusing on improving detection
performance. More recent approaches, such as Hallu-
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ciDet [33] and ModTr [32], have demonstrated improve-
ment by emphasizing detection loss optimization during
adaptation. However, these methods are limited to tradi-
tional detectors without language mechanisms, and they did
not explore more challenging modalities such as depth. For
HalluciDet, the prior pre-trained knowledge is lost during
the adaptation phase. In ModTr, the COCO pre-trained
knowledge is preserved, but it lacks the zero-shot power-
ful capability of VLMs. In contrast, our work leverages re-
cent vision-language detectors, incorporating textual infor-
mation and allowing for adaptation to different modalities,
exploring the benefits of both visual and text information
for improving modality adaptation.

In this paper, we propose ModPrompt, a visual prompt
strategy to adapt vision-language ODs in the input space
to new visual modalities without sacrificing zero-shot
knowledge of the vision-language detector. ModPrompt is
a detector-agnostic encoder-decoder visual prompt strategy
that can easily be integrated with any VLM detector, re-
gardless of the detector’s backbone type. We also introduce
an inference-friendly residual mechanism named Modality
Prompt Decoupled Residual (MPDR) capable of adapting
the learnable text embeddings with the ModPrompt loss,
while preserving full knowledge of the model due to the
decoupled embedding parameters. We demonstrate that
the combination of MPDR with ModPrompt improves the
performance of the detector across different modalities
while retaining the original zero-shot knowledge, both in
the vision and language components. To the best of our
knowledge, this is the first work that focuses on adapting
state-of-the-art VLM-based OD models to new modalities.
Furthermore, ModPrompt is validated on two state-of-the-
art VLM ODs, Grounding DINO and YOLO-World, and
across four widely used visual modalities, infrared, depth,
event-based, and LiDAR.

Our main contributions can be summarized as follows.
(1) We introduce ModPrompt, a novel pixel-level prompt
adaptation strategy based on input translation. Our method
is backbone-agnostic, leading to improved adaptability of
vision-language detectors across different modalities and
preserving the vision encoder knowledge. Additionally, we
introduce MPDR, a text-embedding modality prompt de-
coupled residual mechanism, which preserves full knowl-
edge of the text-embedding while increasing the perfor-
mance of the model for the novel modality.
(2) We conduct a detailed investigation of various pixel-
level visual prompt techniques, offering insights into why
traditional prompt methods struggle with adapting object
detectors to new modalities. Our analysis demonstrates how
ModPrompt overcomes these limitations to significantly en-
hance detection performance.
(3) We provide a comprehensive benchmark on the vi-

sual prompts for modality adaptation across two primary
open-vocabulary OD models, YOLO-World and Ground-
ing DINO. We evaluate our method across infrared, depth,
even-based, and LiDAR datasets, achieving in some cases
a level of performance comparable to full fine-tuning while
preserving the model’s zero-shot capability.

2. Related Works
Open-Vocabulary Object Detection. Recent advances
in open-vocabulary OD exploit vision-language models
(VLMs) with region-level multimodal alignment to rec-
ognize novel concepts. RegionCLIP [53] uses pseudo
labels for contrastive pretraining, while Gu et al. [14]
employ knowledge distillation with CLIP-based region
embeddings. Lin et al. [28] leverage bipartite matching
for image-text alignment. GLIP [25] and GLIPv2 [51]
enhance zero-shot detection via multimodal fusion and
region-grounded pretraining. Grounding DINO [30]
introduces multiphase image-text fusion, and YOLO-
World [7] enables efficient open-vocabulary detection with
reparametrizable fusion.

Downstream Adaptation of Large Vision Models.
Recent work has focused on parameter-efficient adaptation
of large vision models without erasing prior knowledge.
Co-op [55] learns continuous text prompts for downstream
tasks. Visual Prompt Tuning [20] adds tunable parameters
at various network stages. Bahng et al. [1] propose
image-space linear probing. CLIP-Adapter [12] introduces
feature-space adaptation via bottlenecks and residuals. Yu
et al. [48] use task residuals to decouple new parameters
for classification. While these methods seem effective, they
are not suitable for detection.

Image Translation for Detection. Image translation meth-
ods adapt images across domains by modifying domain-
specific characteristics while preserving content [37], often
using generative models [13, 23]. Pix2Pix [18] leverages
paired supervision, while CycleGAN [56] enables unpaired
translation. For OD, HalluciDet [33] performs a two-step
adaptation using RGB fine-tuning and translation, whereas
ModTr [32] employs zero-shot COCO-trained detectors
with fusion strategies to preserve prior knowledge. In con-
trast, we adapt large VLM-based ODs (e.g., YOLO-World,
Grounding DINO) to novel modalities (e.g., IR, depth)
while retaining their zero-shot capabilities.

3. Proposed Method
3.1. Preliminary Definitions
Vision Language Object Detection. The training dataset
for traditional object detectors can be represented as D =
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Dataset Method
YOLO-World Grounding DINO

AP50 AP75 AP AP50 AP75 AP

Zero-Shot (ZS) 81.00 ± 0.00 57.80 ± 0.00 53.20 ± 0.00 85.50 ± 0.00 62.70 ± 0.00 56.50 ± 0.00
Head Finetuning (HFT) 93.57 ± 0.05 73.83 ± 0.19 64.80 ± 0.08 87.53 ± 0.06 65.57 ± 0.23 58.10 ± 0.20
Full Finetuning (FT) 97.43 ± 0.05 77.93 ± 0.21 67.73 ± 0.09 97.17 ± 0.31 79.93 ± 0.83 67.83 ± 0.96

Visual Prompt (Fixed) 70.30 ± 7.89 45.67 ± 6.97 43.53 ± 5.79 83.83 ± 0.06 61.53 ± 0.23 55.13 ± 0.15
LLVIP - IR Visual Prompt (Random) 60.13 ± 0.29 38.73 ± 0.17 36.87 ± 0.12 83.87 ± 0.06 61.37 ± 0.06 55.03 ± 0.06

Visual Prompt (Padding) 79.87 ± 1.00 51.77 ± 0.90 49.30 ± 0.83 82.73 ± 0.31 60.00 ± 0.35 55.13 ± 0.15
Visual Prompt (WM) 82.00 ± 1.59 53.90 ± 1.06 50.90 ± 0.94 69.57 ± 0.93 41.37 ± 1.27 40.77 ± 0.87
Visual Prompt (WMv2) 74.10 ± 0.43 46.47 ± 0.62 44.70 ± 0.22 69.87 ± 1.12 41.77 ± 1.30 41.13 ± 0.96

ModPrompt (Ours) 92.80 ± 0.29 70.73 ± 1.02 62.87 ± 0.63 93.13 ± 0.15 67.17 ± 0.78 60.10 ± 0.50

Zero-Shot (ZS) 04.80 ± 0.00 03.10 ± 0.00 03.00 ± 0.00 08.30 ± 0.00 05.60 ± 0.00 05.30 ± 0.00
Head Finetuning (HFT) 21.03 ± 0.12 12.03 ± 0.37 12.00 ± 0.14 18.24 ± 0.85 13.23 ± 0.46 12.10 ± 0.21
Full Finetuning (FT) 49.90 ± 0.08 36.40 ± 0.29 33.57 ± 0.26 51.60 ± 2.09 39.17 ± 1.88 35.77 ± 1.70

Visual Prompt (Fixed) 04.67 ± 0.05 03.07 ± 0.05 02.90 ± 0.00 08.27 ± 0.06 05.57 ± 0.06 05.27 ± 0.06
NYUv2 - Depth Visual Prompt (Random) 04.23 ± 0.12 02.63 ± 0.05 02.53 ± 0.05 08.33 ± 0.06 05.53 ± 0.06 05.27 ± 0.06

Visual Prompt (Padding) 03.97 ± 0.05 02.50 ± 0.00 02.43 ± 0.05 07.63 ± 0.06 05.17 ± 0.06 04.63 ± 0.06
Visual Prompt (WM) 10.67 ± 0.12 06.90 ± 0.22 06.57 ± 0.05 04.87 ± 0.06 02.97 ± 0.06 02.97 ± 0.06
Visual Prompt (WMv2) 10.63 ± 0.12 06.67 ± 0.12 06.50 ± 0.08 05.00 ± 0.10 03.07 ± 0.06 03.03 ± 0.06

ModPrompt (Ours) 37.17 ± 0.57 27.50 ± 0.64 24.93 ± 0.50 21.70 ± 0.20 15.03 ± 0.29 14.13 ± 0.21

Table 1. Detection performance (APs) for YOLO-World and Grounding DINO for the two main datasets evaluated: LLVIP-IR
and NYUv2-Depth. The different visual prompt adaptation techniques are compared with our ModPrompt, and the zero-shot (ZS), head
finetuning (HFT), and full finetuning (FT) are also reported, where the full finetuning is the upper bound.

{(X,Y )}Mj=1. Here, X ∈ RW×H×C represents an im-
age with dimensions W × H and C channels, and Y =
{(bi, ci)}Ni=1 consist of bounding boxes bi and object cate-
gory ci. For the visual language model, the annotations are
reformulated as a region-text pair Y = {(bi, ti)}Ni=1, where
ti corresponds to the text for the region bi. Specifically,
ti is the name of the object category in bi. The objective
of the object detection task is to accurately identify all ob-
jects in a given image. The average precision (AP) metric
across classes is used as the standard evaluation protocol.
An object detector is formally represented as the mapping
fθ : RW×H×C → Ŷ , where θ denotes the parameter vector.
The detection cost function Cdet(θ), a differentiable proxy
for the AP metric, is computed as an average loss of the de-
tection loss Ldet over the entire dataset D, described math-
ematically as:

Cdet(θ) =
1

|D|
∑

(x,Y )∈D

Ldet(fθ(x), Y ). (1)

Visual Prompt for OD. Given a frozen pre-trained detector,
the objective of the Visual Prompt method is to learn a task-
specific visual prompt vϕ, parametrized by ϕ, which can be
combined with the input x to improve the final detection
performance. During test time, this visual prompt is added
to the test images to adapt them for the desired detection
task. As described in the following equation:

Cvp(ϕ) =
1

|D|
∑

(x,Y )∈D

Ldet(fθ(x+ vϕ), Y ). (2)

3.2. ModPrompt
The visual prompt methods discussed above learn simple
linear transformations, like adding a fixed patch to each im-
age. These transformations are learned during the training
process and are not conditioned on the input image at in-
ference, making them less effective. In ModPrompt, we in-
corporate a function hϑ, an encoder-decoder inspired by U-
Net [41], dependent on the input image x, which is trained
conditioned on labels Y . Our encoder-decoder is flexible in
terms of the encoder backbone initialized from pre-trained
weights. We adapt the last layer of the decoder to constrain
it to be 3-channels with values ranging between 0 and 1 to
simulate a pseudo-RGB image. Note that this mechanism
is completely different from traditional U-Nets, which are
trained to reconstruct and generate c-channels for semantic
segmentation tasks, requiring both input and ground truth
segmentation map during training. However, ModPrompt
requires access only to the pre-trained RGB detector and
final target modality data, so it is based on guidance detec-
tion loss instead of reconstruction. The ModPrompt training
cost is defined by the following equation:

Cmp(ϑ) =
1

|D|
∑

(x,Y )∈D

Ldet(fθ(x+ hϑ(x)), Y ). (3)

This translation function (fθ) is responsible for adapt-
ing the input image to a modality representation optimally
suited to address detection in the target modality. Our
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idea of a visual ModPrompt is inspired by text conditional
prompt [54] work, which incorporates a small network for
the text encoder conditional adaptation. In our approach,
the visual prompt depends on the input image.

3.3. Modality Prompt Decoupled Residual with
Knowledge Preservation (MPDR)

The vision-language models take both text and image as
input. ModPrompt aims to transform the input image to
adapt to the new modality. For the adaptation of the tex-
tual part, text prompt tuning methods [54, 55] have been
explored for classification. But these methods require back-
propagating through the whole text backbone, making them
computationally expensive. Recently, task residual [48]
was proposed that tunes the precomputed text embedding
of the vision-language classifiers. Inspired by this, we de-
sign a strategy to efficiently tune the embedding of the
vision-language detectors. As illustrated in Figure 3, of-
fline text embeddings are generated for each object cate-
gory. Then, the MPDR, which are learnable embedding to-
kens, are tuned to adapt to a specific modality end-to-end
with ModPrompt loss. The MPDR is crucial for decou-
pling the knowledge from the original embedding, which
preserves prior text-embedding knowledge and is able to in-
corporate new knowledge during the adaptation stage. Dur-
ing the training, the loss of ModPrompt and MPDR work
in synergy to adapt to any new modality. In the test phase,
the MPDR can be deactivated easily by zero-masking its
parameters, which is the same as full zero-shot embedding
knowledge, or enabled, which is the adapted embedding for
this modality (that’s why decoupling the knowledge is im-
portant) and doesn’t introduce any inference overhead. The
following equation describes the final training cost:

Cmp-tp(ϑ, ϕ) = Cmp(ϑ) + Ctp(ϕ), (4)

where Cmp(ϑ) is the optimization of parameters ϑ of the
encoder-decoder function, and Ctp(ϕ) is the text-prompt
adaptation on the embedding space by training new param-
eters ϕ for the class embeddings in the offline vocabulary.

3.4. Training Summary
For training the ModPrompt with MPDR, we first pre-
compute the text embeddings for the target classes, using
the text encoder. Then, we sum the learnable embedding
residuals with the frozen embeddings and train them to-
gether with the ModPrompt. Note that, different from other
embedding adaptation approaches, our MPDR can be used
with ModPrompt for full zero-shot knowledge preservation
due to the residual decoupled embedding learning strategy.
The cost function is based on Equation 4, but instead of the
online cost function for text Ctp(ϕ), we work on the text em-

Figure 3. Our proposed strategy for text-prompt tuning: an
inference-friendly and knowledge-preserving decoupled em-
bedding tuning method. An offline embedding is generated for
each object category, and then a novel decoupled residual trainable
parameters and the ModPrompt are integrated into the detector to
adapt it to new modalities.

bedding space, which is better suited for efficient training
and inference.

4. Results and Discussion
4.1. Experimental Methodology
(a) Datasets: LLVIP: LLVIP is a surveillance dataset
composed of 12, 025 IR images in the training set and
3, 463 IR images in the test set with only pedestrians anno-
tated. FLIR ALIGNED: We used the sanitized and aligned
paired sets provided by Zhang et al. [50]. It has 4, 129 train-
ing IR images and 1, 013 IR test images. FLIR images are
captured from the perspective of a camera in the front of a
car, with a resolution of 640 by 512. It contains the bicycles,
dogs, cars, and people classes. Following Cao et al. [5], we
decided to remove “dog” objects because the number of an-
notations is inadequate for training with the FLIR dataset;
results of FLIR can be seen in the supp. material due
to space constraints. NYUv2:. The NYU-Depth V2 [43]
dataset provides a valuable collection of indoor video se-
quences captured with a Microsoft Kinect camera. In this
dataset, we used the depth information, which is composed
of 795 training images and 654 test images with a resolution
of 640 by 480. The dataset comprised 19 different classes,
such as bathtubs, beds, bookshelves, boxes, and chairs. In
all our experiments, only IR and depth images were used.
(b) Implementation Details: The YOLO-World models
were trained on an A100 NVIDIA GPU, and Grounding
DINO on V100, and were implemented using PyTorch.
For YOLO-World, we used the original work [7], which is
based on MMDET [6], and for Grounding DINO, we used
the open-source version from the MMDET library. For the
YOLO-World, we use both YOLO-World-S-v1 and YOLO-
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Detector Method
LLVIP-IR NYUv2-DEPTH

AP50 AP75 AP AP50 AP75 AP

Fixed 86.60 ± 0.00 (+16.3) 63.53 ± 0.05 (+17.8) 57.67 ± 0.05 (+14.1) 12.47 ± 0.05 (+7.80) 07.50 ± 0.00 (+4.43) 07.37 ± 0.05 (+4.47)

YOLO-World

Random 86.43 ± 0.05 (+26.3) 63.40 ± 0.08 (+24.6) 57.50 ± 0.00 (+20.6) 12.23 ± 0.05 (+8.00) 07.30 ± 0.08 (+4.67) 07.20 ± 0.00 (+4.67)

Padding 83.57 ± 0.12 (+3.70) 59.03 ± 0.05 (+7.26) 54.23 ± 0.05 (+4.93) 10.63 ± 0.09 (+6.66) 05.60 ± 0.08 (+3.10) 05.97 ± 0.05 (+3.54)

WeightMap 87.47 ± 0.17 (+5.47) 62.23 ± 0.31 (+8.33) 57.43 ± 0.05 (+6.53) 13.43 ± 0.09 (+2.76) 08.07 ± 0.12 (+1.17) 07.90 ± 0.08 (+1.33)

ModPrompt 96.60 ± 0.37 (+3.80) 77.27 ± 0.33 (+6.54) 67.37 ± 0.05 (+4.50) 44.67 ± 0.17 (+7.50) 32.53 ± 0.66 (+5.03) 29.93 ± 0.12 (+5.00)

Fixed 88.70 ± 0.66 (+4.87) 67.73 ± 0.50 (+6.20) 60.13 ± 0.45 (+5.00) 10.00 ± 0.00 (+1.73) 06.40 ± 0.28 (+0.83) 06.40 ± 0.28 (+1.13)

Grounding DINO

Random 88.80 ± 0.95 (+4.93) 68.00 ± 1.21 (+6.63) 60.37 ± 0.90 (+5.33) 09.90 ± 0.14 (+1.57) 06.50 ± 0.00 (+0.97) 06.15 ± 0.07 (+0.88)

Padding 86.93 ± 0.55 (+4.20) 65.23 ± 1.24 (+5.23) 58.07 ± 1.10 (+4.17) 09.27 ± 0.15 (+1.64) 06.00 ± 0.17 (+0.83) 05.57 ± 0.15 (+0.87)

WeightMap 74.90 ± 0.92 (+5.33) 46.80 ± 0.70 (+5.43) 45.77 ± 0.46 (+5.00) 06.17 ± 0.12 (+1.30) 03.53 ± 0.15 (+0.56) 03.60 ± 0.10 (+0.63)

ModPrompt 93.73 ± 0.25 (+0.60) 68.27 ± 0.40 (+1.10) 60.87 ± 0.50 (+0.77) 26.63 ± 0.38 (+4.93) 18.53 ± 0.32 (+3.50) 17.27 ± 0.46 (+3.14)

Table 2. Detection performance (APs) for YOLO-World and Grounding DINO on LLVIP-IR and NYUv2-Depth datasets. Each
visual prompt adaptation strategy is compared with the learnable MPDR (results in parentheses are the gain with the MPDR module),
which is responsible for updating the new modality embeddings and not changing the original embedding knowledge.

World-S-v2, with the YOLOv8 backbone and CLIP [39]
as the language model. For Grounding DINO, we use
Swin-Transformer Tiny [31] as the detector backbone and
BERT [9] for the language encoder. Our models are evalu-
ated in terms of AP performance using COCO API [29].
The batch size for YOLO-World models was 8, and the
models were trained with a single GPU. For Grounding
DINO, the batch size was 16, and 2 GPUs were used for
training using DDP. Yolo-World and Grounding Dino were
trained with the maximum training epoch of 80 and 60,
respectively. For offline embedding extraction, we used
CLIP-ViT-base-patch32 and Bert-base-uncased for YOLO-
World and Grounding DINO, respectively. Additional de-
tails are provided in the supp. materials.

(c) Baseline Methods:
- Zero-shot Model. The zero-shot model refers to per-
forming the inference with the original pre-trained open-
vocabulary detector model, but on our final detection
modality. Normally, these models are trained with large
RGB datasets, such as Object365 [42] or GoldG [22].
- Finetuning. The finetuning strategy refers to adapting a
pre-trained model by changing its parameters directly for
the final task, but it destroys the pre-training knowledge of
the model. The most common strategies for adapting de-
tectors are the head finetuning, which adapts only the head
of the detector, and full finetuning, which adapts all the
weights of the detector.
- Visual Prompt. For this baseline, we define a family
of different visual prompt strategies explored in our work.
Specifically, we have fixed, random, padding, and weight
map. In fixed, we add a fixed patch in a fixed position for
all training. In random, we have a random padding that is
sampled per image. In padding, we add a padding prompt
and combine it with the image. In weight map, we consider
the learnable weights to be a mask with the dimensions of
the input image.

- Modality Prompt. Here, we refer to our proposed
encoder-decoder visual prompt, in which we learn how to
translate the input, guided by the final detection loss, and
then we combine its output with the original input.

Method Variation
LLVIP - IR

AP50 AP75 AP

Fixed 30 61.60 ± 0.75 39.93 ± 0.52 37.97 ± 0.56

300 70.30 ± 7.89 45.67 ± 6.97 43.53 ± 5.79

Random 30 60.13 ± 0.29 38.73 ± 0.17 36.87 ± 0.12

300 56.27 ± 0.46 33.73 ± 0.62 33.13 ± 0.42

Padding 30 79.87 ± 1.00 51.77 ± 0.90 49.30 ± 0.83

300 39.53 ± 2.36 15.90 ± 1.02 19.07 ± 1.18

ModPrompt MB 92.80 ± 0.29 70.73 ± 1.02 62.87 ± 0.63

RES 91.03 ± 0.12 68.40 ± 1.10 61.43 ± 0.58

Method Variation
NYUv2 - Depth

AP50 AP75 AP

Fixed 30 04.67 ± 0.05 03.07 ± 0.05 02.90 ± 0.00

300 03.43 ± 0.05 02.00 ± 0.08 02.10 ± 0.00

Random 30 04.23 ± 0.12 02.63 ± 0.05 02.53 ± 0.05

300 01.53 ± 0.17 00.77 ± 0.12 00.87 ± 0.12

Padding 30 03.97 ± 0.05 02.50 ± 0.00 02.43 ± 0.05

200 00.37 ± 0.12 00.10 ± 0.08 00.17 ± 0.05

ModPrompt MB 35.37 ± 0.12 25.20 ± 0.24 23.27 ± 0.17

RES 37.17 ± 0.57 27.50 ± 0.64 24.93 ± 0.50

Table 3. Detection performance (APs) for YOLO-World un-
der the two main datasets evaluated: LLVIP-IR and NYUv2-
Depth. We compared the main visual prompt strategies fixed, ran-
dom, padding, and ModPrompt. The variations consist of the num-
ber of prompt pixels (ps = 30, 200, or 300) and for ModPrompt,
the MobileNet (MB) or ResNet (RES).
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Figure 4. Detection performance on LLVIP dataset of different
SOTA Modality Translation OD methods in terms of APs.

4.2. Visual Modality Adaptation

This section explores two main open-vocabulary detectors,
YOLO-World and Grounding DINO, for the input space
visual prompt adaptation on IR and depth modalities. In
the Table 1, we tabulate the results using YOLO-World
and Grounding DINO. We compare zero-shot (ZS), full-
finetuning (FT) of the visual backbone, visual prompt
with fixed patch, random patch, padding patch, weight
map (WM) on all pixels, and weight map with scale
shift (WMv2), and our ModPrompt. Every visual prompt
strategy adapts at the input level, so we keep all other
parameters frozen to avoid catastrophic forgetting. In
this setup, the YOLO-World with LLVIP-IR dataset, we
observe that ModPrompt outperforms the other prompt
strategies with AP50 92.80 and the second best was WM
with 82.00, similar trends for the AP75 with ModPrompt
reaching 70.73 and WM with 53.90. Additionally, in
terms of AP, our method has 62.87 AP, while the second-
best approach has 50.90 AP. For Grounding DINO, in
LLVIP-IR, our ModPrompt had an 93.13 AP50, 67.17
AP75, and 60.10 AP, and the second best (fixed patch)
had an AP50 of 83.87, but close to random and padding
prompts. We observe that ModPrompt performs better
when objects are well-defined in the image and when
objects are not too small, otherwise, like all other input-
level pixel strategies it struggles, especially on refined
bounding-box localization, which can be seen with AP75

and AP, whereas in AP50 it shows good results. Perfor-
mance on the FLIR dataset is reported in the supp. material.

Comparison with SOTA Modality Translation OD
methods. Our ModPrompt technique is compared with
recent works on modality translators for ODs: Hallu-
ciDet [33] and ModTr [32]. In Fig. 4, we observe that
our results are better in all APs for the LLVIP dataset.
Additional results for the FLIR-IR dataset are presented in
the supplementary material.

Comparison of the number of Train Parameters and
Knowledge Preservation. In Table 4 we compare the

(a) GT (b) ZS (c) VP (d) MP

Figure 5. Detections for YOLO-World for the different ap-
proaches: First two rows for LLVIP (infrared), and last two rows
for NYUv2 (depth). Each column corresponds to a different ap-
proach: (a) GT (Ground Truth): Shows in yellow the ground-
truth bounding boxes for objects. (b) Zero-Shot (ZS): Displays
detections (in red) from a zero-shot model. (c) Visual Prompt
(VP): Illustrates detections with a visual prompt added to the im-
age. (d) ModPrompt (MP) (Ours): Detections from our pro-
posed model.

number of training parameters and show the catastrophic
forgetting in the compared baseline methods. As we can
see, ModPrompt preserves the zero-shot performance on the
COCO dataset, while the performance drops significantly in
HFT and FT. Other visual prompt strategies, such as WM
and WM2, can preserve the zero-shot performance, but our
average performance is much better than theirs while requir-
ing fewer trainable parameters.

Method Params (M) LLVIP COCO Avg.

ZS 0.00 81.00 ± 0.00 51.90 ± 0.00 66.45 (00.00)
HFT 2.31 93.57 ± 0.05 00.66 ± 0.04 47.12 (-19.33)
FT 76.81 97.43 ± 0.05 00.10 ± 0.00 48.77 (-17.68)

WM 3.93 87.47 ± 0.17 51.90 ± 0.00 69.69 (+3.24)
WMv2 7.86 85.00 ± 0.08 51.90 ± 0.00 68.45 (+2.00)

ModPrompt 3.08 95.63 ± 0.04 51.90 ± 0.00 73.77 (+7.32)

Table 4. AP50 of YOLO-World on LLVIP-IR and COCO data.
We compare the number of trainable parameters and show the
catastrophic forgetting in HFT and FT baselines.

4.3. Ablation Studies
Visual Prompts. We evaluate different variations of
the visual prompt adaptation methods introduced in our
paper. Specifically, we compare the performance when
different input patch sizes are used; for instance, ps = 30
refers to a patch size of 30 pixels. In this study, we
tested various patch sizes for each of the visual prompt
methods and reported the performance in Table 3. We
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evaluate ModPrompt using two different translators with
U-Net based backbones- MobileNet (MB) [17] and ResNet
(RES) [15]. Empirically, we observe minimal variation in
results when increasing the prompt patch size. In some
cases, a larger prompt could even degrade the performance
of the detector on the new modality, as seen with ps = 200
on NYUv2 datasets. A similar trend can be observed with
ModPrompt, where sometimes the MB version, with far
fewer parameters, can outperform the RES version. This
finding suggests that a lighter MB translator can be a viable
choice over a heavier RES translator, making it better
suited for real-time performance, with minimal degradation
in detection metrics.

MPDR Knowledge Preservation mechanism. Table 2
shows that MDPR can be beneficial for improving the
majority of the visual prompt strategies while preserving
the original knowledge of the detector. For the text
adaptation setting, we pre-compute the embeddings for
the target classes using our language model, avoiding
forward/backpropagation on it. In this setting, we also tried
performing adaptations directly on the embeddings without
using MPDR parameters, similar to text/embedding prompt
tuning; in this case, the performance on the final target
modality was close to MDPR. However, the zero-shot
knowledge of the model was lost; thus, we opted to report
only the MDPR in the main manuscript.

Broader Modality Generalization. To further demon-
strate the effectiveness of ModPrompt, we extended our
evaluation to include Event-based (PEDRo) [3] and LiDAR
(STCrowd) [8] modalities. As shown in Table 5, Mod-
Prompt achieves strong performance, outperforming HFT
and the visual prompt baseline. These results demonstrate
that our method generalizes effectively across four distinct
modalities (IR, Depth, Event-based, and LiDAR), confirm-
ing its robustness beyond the original experimental scope.

Method Event-based (PEDRo) LiDAR (STCrowd)

AP50 AP75 AP AP50 AP75 AP

ZS 23.9 08.9 11.4 00.0 00.0 00.0
HFT 62.1 27.7 31.4 56.8 21.8 27.0
FFT 94.1 78.7 66.9 88.5 61.2 55.7

WM 49.9 21.3 24.7 34.8 10.0 14.6
ModPrompt 92.9 74.2 63.8 85.7 54.8 51.2

Table 5. Results on PEDRo (event-based) and STCrowd (Li-
DAR) datasets on YOLO-World (YW).

Study on Computational Cost. Our MPDR module is ex-
plicitly designed for inference-friendliness. Since text em-
beddings are precomputed, no forward pass through the text
encoder is required either during inference or training. As
shown in Figure 6, the MPDR module reduces the train-
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Figure 6. Comparison of Training Time and Inference Speed
vs. Detection Performance on NYUv2. Left: shows training
time per epoch (in seconds) vs. AP50. Right: presents inference
time (FPS) vs. AP50. Each point is a method, with HFT, FFT,
WM, Modality Prompt (MP), and MP with Decoupled Residuals
(MPDR) variants shown in distinct colors. Higher values in both
FPS and AP50 indicate better runtime and accuracy trade-offs.

ing time and increases the inference FPS. Although MPDR
and MPDR WM require less computation, our MPDR Mod-
Prompt achieves substantially higher detection performance
while maintaining reasonable efficiency.

4.4. Qualitative Results
Figure 5 shows the visualization of ModPrompt on YOLO-
World compared with zero-shot and the best visual prompt
baseline. Thus, we can see that visual prompt-based meth-
ods, in general, struggle a bit to provide attached bound-
ing boxes, but they do a good job of adapting. The VP
method could not detect people in the LLVIP image well,
while ModPrompt did a good job. Additional visualizations
are provided in the supplementary material.

5. Conclusion
In this work, we presented ModPrompt, a visual prompt
strategy that adapts open-vocabulary object detectors to
new modalities (e.g., infrared, depth, event-based, and
LiDAR) while preserving zero-shot capabilities. Our
encoder-decoder design yields strong performance across
challenging benchmarks. We also introduced MPDR, a
decoupled text-prompt mechanism that retains language
knowledge during adaptation and can match full fine-tuning
performance. ModPrompt outperforms prior pixel-level
prompts and generalizes across both CNN and transformer
backbones, offering a robust and efficient solution for
modality-adaptive object detection. By expanding the
potential of vision-language models in different applica-
tions, ModPrompt offers a compelling solution for future
advancements in adaptable object detection frameworks, es-
pecially in settings that require full knowledge preservation.
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