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LMM-Det: Make Large Multimodal Models Excel in Object Detection

Jincheng Li**  Chunyu Xie?!"

1360 AI Research

Ji Ao!

Dawei Leng'"  Yuhui Yin®

2Beihang University

Specialist Detector LLaVA*

Ground-Truth

LMM-Det (Ours)

Figure 1. Visualizations of a specialist detector and large multimodal models for object detection on the validation set of COCO. For clarity,
the green bounding boxes indicate the correctly predicted boxes, the red boxes represent the prediction errors, and the blue boxes denote the
ground truth labels. Specifically, we employ Salience-DETR [13] as the specialist detector. Following the prompt style of RefCOCO, we
query the trained LLaVA-7B [23] with a sequence of questions, each targeting a single class category, which is called LLaVA*. In addition,
a predicted box is deemed correct if it meets the following criteria: (1) The intersection over union (IoU) between the predicted box and the
ground truth (GT) box is greater than 0.5; (2) The predicted class label matches the GT class label. As illustrated in the figure above, our
approach (LMM-Det) enables a large multimodal model to perform object detection, achieving comparable results with state-of-the-art
specialist detection methods. It is noteworthy that LMM-Det exhibits outstanding object detection capabilities without relying on additional
specialist modules within its architecture. The detailed predicted labels of all images can be referred to the Figure A in Appendix.

Abstract

Large multimodal models (LMMs) have garnered wide-
spread attention and interest within the artificial intelli-
gence research and industrial communities, owing to their
remarkable capability in multimodal understanding, reason-
ing, and in-context learning, among others. While LMMs
have demonstrated promising results in tackling multimodal
tasks like image captioning, visual question answering, and
visual grounding, the object detection capabilities of LMMs
exhibit a significant gap compared to specialist detectors.
To bridge the gap, we depart from the conventional meth-
ods of integrating heavy detectors with LMMs and propose
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LMM-Det, a simple yet effective approach that leverages a
Large Multimodal Model for vanilla object Detection with-
out relying on specialized detection modules. Specifically, we
conduct a comprehensive exploratory analysis when a large
multimodal model meets with object detection, revealing that
the recall rate degrades significantly compared with special-
ist detection models. To mitigate this, we propose to increase
the recall rate by introducing data distribution adjustment
and inference optimization tailored for object detection. We
re-organize the instruction conversations to enhance the ob-
Jject detection capabilities of large multimodal models. We
claim that a large multimodal model possesses detection
capability without any extra detection modules. Extensive
experiments support our claim and show the effectiveness of
the versatile LMM-Det. The datasets, models, and codes are
available at https://github.com/360CVGroup/LMM-Det.



1. Introduction

Large multimodal models (LMMs) [1, 8, 18, 23, 38, 47, 53]
have recently attracted substantial attention due to their ex-
ceptional capabilities in comprehending and processing mul-
tiple forms of data, such as texts, images, speech, and videos.
LMMs have shown notable effectiveness in bridging the
gap between different modalities, enabling more efficient
human-machine interaction. In particular, LMMs have ex-
hibited strong performance in various multimodal tasks like
image captioning [19], visual question answering (VQA)
[56], and visual grounding [7]. In the case of image caption-
ing, a GPT assistant generates detailed textual descriptions
for user-input images. Moreover, the goal of VQA and visual
grounding is to produce detailed and contextually appropri-
ate responses that meet the user’s requirements. These tasks
demonstrate that large multimodal models are capable of
aligning images and text at a fine-grained level, which holds
significant potential in fine-grained image-text understand-
ing tasks like object detection and segmentation.

Generally, object detection is a fundamental task in com-
puter vision, serving as an extension of classification and a
foundation for segmentation. Furthermore, it is essential for
effective visual understanding to acquire the location and
category of objects. Despite the impressive performance of
large multimodal models in various multimodal tasks, their
object detection capabilities remain underexplored in recent
research. Compared to traditional state-of-the-art detection
methods, there is a significant gap in LMMs.

To bridge this gap, existing methods [27, 42] attempt to
integrate additional modules into LMMs, such as a special-
ized detection model [25, 34] or a region proposal network
(RPN) [33]. While these approaches can achieve detec-
tion capabilities in user dialogues, they are limited by the
performance of the extra modules and introduce additional
latency during inference. More importantly, they do not
fully explore the potential of LMMs to perform object detec-
tion tasks independently. On the other hand, some studies
[7,21,30, 32,49, 52] make LMMs directly output object cat-
egories and bounding box coordinates, demonstrating detec-
tion abilities in visual grounding tasks such as the referring
expression comprehension (REC) and phase grounding. For
instance, KOSMOS-2 [30] integrates grounding capabilities
into downstream applications and provides the correspond-
ing bounding boxes. Shikra [7] designs a simple architecture
without the need for pre-/post-detection modules and exter-
nal plug-in models to unlock LMMSs’ grounding abilities.
However, it is non-trivial for these works to finish vanilla
object detection, which requires localizing and classifying
all objects within an image.

The observation that large multimodal models exhibit
fine-grained image-text alignment capability and possess
preliminary detection capabilities (e.g., REC), motivates us
to further investigate this phenomenon. Our goal is to explore
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the capability of LMMs in performing object detection tasks
without relying on additional dedicated detection modules.
To this end, we highlight the following inherent challenges
when large multimodal models meet with object detection.

Most existing large multimodal models [7, 27, 30]
evaluate their detection capabilities on RefCOCO [16]
instead of specialist detection benchmarks like COCO [22],
despite using large-scale object detection datasets
(e.g., Object365 [35], LVIS [10], Openlmages [17] or
COCO) for pre-training. Moreover, customized instruction
data for vanilla object detection is often ignored during
the instruction tuning stage, leading to poor localization
and identification of objects within images. This hinders
practical applications in fields such as robotics, autonomous
driving, and augmented reality [27].

On the other hand, large multimodal models typically
generate a small number of proposal bounding boxes, re-
sulting in poor object detection performance. For instance,
LLaVA [23] shows suboptimal performance in detecting all
objects as illustrated in Figure 1, using the following prompt:
“Provide the bounding box coordinate of the region this sen-
tence describes if region exists in the image: <category>".
For each query, LLaVA generates only a few bounding boxes,
and most of them are inaccurate, resulting in a low recall
rate for the object detection task.

In this paper, a comprehensive analysis is conducted to
investigate the performance gap between specialist object
detection models and LMMs. Specifically, we evaluate the
large multimodal models on COCO, a specialist object de-
tection benchmark. Through sample visualization and dis-
tribution comparison, we claim that the root cause of under-
performance in the object detection task is the low recall
rate. To address this, we present LMM-Det, a simple yet
effective approach to make large multimodal models excel
in object detection. We propose to increase the recall rate
by adjusting the training data distribution since we observe
that the trained model tends to approximate this distribu-
tion. Moreover, we introduce inference optimization and
present an instruction-tuning dataset. To summarize, our
main contributions are as follows:

* We focus on exploring the detection ability of large mul-
timodal models to unlock their full potential in practical
applications. To this end, we provide a comprehensive
analysis to facilitate the detection performance improve-
ment for large multimodal models.

* We propose a simple yet effective approach named LMM-
Det without any extra detection modules. We introduce
data distribution adjustment and inference optimization to
increase the inherent recall rate when large multimodal
models meet with object detection.

* Extensive experiments demonstrate that LMM-Det not
only exhibits detection capability but also preserves inher-
ent multimodal capabilities like captioning and VQA.



Ground-Truth

Predictions (AP=38.7)

Figure 2. Visualizations of ground-truth and predicted bounding
boxes, generated by the model in the Sth row of Table 1.

2. Examination of LMMs in Object Detection

To evaluate and analyze the detection performance of large
multimodal models (LMMs), we first design a series of
experiments from the perspective of data scale and image
resolution. We then provide an in-depth analysis to facilitate
better adaptation of LMMs to object detection. In this sec-
tion, we use the standard large multimodal model LLaVA-7B
[23] for all experiments. We choose RT-DETR [55] as the
representative specialist detector for comparison.

2.1. Exploratory Experiments

This section conducts exploratory experiments to assess the
detection capabilities of LMMs and the implementation de-
tails are provided in Section A of Appendix.

Zero-shot on COCO. A straightforward way to examine
the detection performance of LMMs is through zero-shot
evaluation. Thus, we first perform zero-shot experiments on
COCO using LLaVA [23]. The qualitative results are shown
in Figure 1, while the quantitative results are provided in
the first row of Table 1. The experimental results reveal that
LLaVA exhibits poor detection performance on the COCO
dataset in a zero-shot setting, likely due to the absence of
COCO data during its training.

Supervised Fine-tuning with COCO. To verify the
above claim, we then leverage COCO for supervised fine-
tuning. As illustrated in the second and third rows of Table 1,
the incorporation of detection data (i.e., COCO) yields a no-
table enhancement in AP, although there remains scope for
further improvement. Inspired by the fact that expanding
the data scale in conventional object detection methods is
an effective technique to improve detection accuracy, we
attempt to augment with additional detection data to make
large multimodal models excel in object detection.
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Figure 3. Bounding box (Bbox) distribution of ground-truth and
predictions. We employ the model (AP=38.7) in the 5th row of
Table 1 to generate boxes. In addition, we provide the loss curve to
confirm that the model is not overfitting.

Method SFT data COCO Object365 Res. ‘ AP AP;y AP7;; ARQ@100
v x x 336 | 02 06 02 11.2
v v X 336 | 145 295 127 24.3
x v x 336 | 160 312 144 26.7

LLavA x v v 336 | 156 285 151 21.5
x v x 644 | 17.7 303 175 26.9
X v v 644 | 38.7 558 413 50.5

Specialist Detector x v v 640 | 492 666 535 70.9

Table 1. Examinations of LLaVA-7B on the validation set of COCO.
“SFT data” denotes the 665K instruction data during supervised
fine-tuning (SFT) in LLaVA. “Res.” is image resolution.

Expand Detection Data. As aforementioned, we expand
the detection data by incorporating Object365 during train-
ing. From the fourth row of Table 1, the addition of more
data fails to provide a substantial boost in performance. The
possible reasons are: (1) the low input image resolution is
insufficient to perform object detection; (2) the instruction
organization of COCO data needs to be improved.

Upsample Image Resolution. To ensure a fair compari-
son with the specialist detector, we employ interpolation to
increase the image resolution from 336 to 644, thus align-
ing it with the detector’s native resolution. As shown in
rows 5-6 of Table 1, the integration of Object365 using a
higher input resolution of 644x644 indeed leads to a no-
ticeable improvement in detection performance. However,
LLaVA'’s performance remains significantly inferior to that of
the traditional specialist model, despite training on a similar
resolution and an identical scale of detection data.

2.2. Phenomenon Analysis

To narrow the performance gap between LMMs and special-
ist detection models, we investigate the underlying causes.



Visualizations of Predictions and GT. We visualize the
generated bounding boxes with the corresponding categories
and the ground-truth (GT) in the bottom row of Figure 2.
The visualization results are surprisingly satisfactory despite
being 10.5% lower than the specialist model on AP. Accord-
ing to the criteria specified in Figure 1, we plot boxes of
different colors and provide the results in the top row of
Figure 2. We observe that the red bounding boxes, deemed
as false positives, are actually with correct predicted labels.
Meanwhile, the labels for ground truth (GT) are not fully
annotated, e.g., “book”. Furthermore, our statistical results
(as shown in Table A in Appendix) indicate that the average
number of bounding boxes per image in both the training
and validation sets of COCO is approximately 7, which
also matches the average number of boxes produced by the
trained model. One possible reason is that the trained model
has adapted to the data distribution of the COCO dataset.

Distribution Comparison. We provide the box distri-
bution for predictions and ground truth to further analyze
the above observations. From Figure 3, the predicted box
distribution approximates the training set of COCO. How-
ever, incomplete ground-truth annotations lead to premature
truncation of predictions, resulting in a small number of
generated bounding boxes. In addition, the current simple
auto-regressive training recipe results in predicting fewer
bounding boxes than specialist detection models.

Actually, traditional object detection methods maintain an
appropriate recall rate on proposals (candidate regions), such
as 300 proposals in Faster RCNN [33] or 900 proposals in
H-Deformable-DETR [15] to balance detection performance
and computational costs. In this case, an insufficient recall
rate can substantially degrade the detection performance.
However, it is challenging for a large multimodal model
to function as a Region Proposal Network (RPN) [33] and
generate a large number of high-quality proposals due to the
inherent limitations of LMMs’ next-token prediction loss
under incomplete GT annotations. Therefore, increasing
the recall rate is crucial for improving the overall detection
performance of large multimodal models.

3. LMM-Det

This section introduces LMM-Det, which enhances LMMs’
detection capabilities by increasing the recall rate. We first
introduce the model architecture in Section 3.1. The advance-
ments of LMM-Det consist of data distribution adjustment
(Section 3.2) and inference optimization (Section 3.3).

3.1. Preliminary: Model Architecture

As illustrated in Figure 4 (c), LMM-Det consists of a visual
encoder, a projector, and a large language model.

Visual Encoder. LMM-Det employs the OWLv2-ViT
model [28] as the visual encoder, which supports high-
resolution image input (1008 x 1008) and captures detailed
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Figure 4. Overview of the proposed LMM-Det. Compared to the
other LMMs with extra modules like region proposal generators (a)
or specialist detection models (b), LMM-Det (c) enables LMMs to
unlock the detection capability in a straightforward manner.
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information for object detection. We do not compress the
sequence of visual tokens and feed them directly into LMMs.

Projector. LLaVA [23] demonstrates that a linear projec-
tor is sufficient for vision language alignment. Additionally,
Honeybee [4] shows that a linear projector can retain all the
local context of visual features through a one-to-one projec-
tion without loss. Therefore, we use the linear projector to
map visual features into the embedding space of text tokens.

Large Language Model. We utilize Vicuna-1.5-7B with
a max sequence length of 16,000 as the large language model.
LMM-Det is trained to perform token prediction using a
paradigm of language modeling loss. Formally, given an
image and the well-organized instruction text tokens, we
maximize the following optimization problem:

L
1 Ni vy ) 1i—1) 1
meaXZ 0g po(¥ilXv, Xts Y1:i-1) (D

i=1

where 6 is the trainable parameters, x, is the visual to-
kens from the visual encoder and the projector, x; is the
instruction text tokens from the tokenizer of the large lan-
guage model, y1.;—1 is the answer tokens in the instruction
data before the current prediction token y;, and L is the
length of the output sequence.

3.2. Data Distribution Adjustment

As aforementioned in Section 2, the incomplete ground-truth
annotations in the training set may lead to premature trunca-
tion of predictions in large multimodal models. To mitigate
this issue, we adjust the data distribution of the training
set since the trained large multimodal model tends to ap-
proximate this distribution. Moreover, the process of data
distribution adjustment should achieve the goal of increasing
the recall rate to enhance the detection performance of large
multimodal models. To this end, a possible way is to use a
self-training strategy, i.e., generating pseudo labels by large
multimodal models and training them with ground-truth la-
bels iteratively. However, the generation of high-quality
pseudo labels may face challenges in large multimodal mod-
els that do not possess strong object detection abilities. In



this work, we use a semi-supervised learning strategy to
adjust the training data distribution, increase the recall rate,
and thus improve LMMSs’ detection accuracy.

Specifically, the data distribution adjustment of LMM-
Det comprises three steps: 1) Pseudo Label Generation. This
step aims to prepare more high-quality data for incomplete
ground-truth annotations in the training set. 2) Data Merging
and Design. The crafted pseudo labels and original ground-
truth labels are merged and then designed to apply object
detection to LMMSs. 3) Token Representation Verification.
We investigate different token representations to represent
coordinates and confidence scores.

Pseudo Label Generation. We augment the ground-truth
labels with high-quality pseudo-labels, thereby enhancing
the annotation diversity. Concretely, we craft several pseudo-
labels using a pre-trained specialist detector (i.e., Salience-
DETR [13]). In this sense, we develop substantial proposals
to improve the overall detection performance of large mul-
timodal models. Notably, our modification only involves
scaling the data, while the architecture of our LLM-Det does
not rely on additional detection modules throughout both the
pre-training and supervised fine-tuning stages.

Data Merging and Design. To remove the redundant
boxes and further improve the data quality, we merge the gen-
erated pseudo-labels and the original ground-truth labels by
performing Non-Maximum Suppression (NMS). Moreover,
the existing data organization is non-trivial to compute aver-
age precision on COCO due to the absence of the confidence
score of each predicted box. In practice, we empirically
observe that the confidence score computed by the average
probability of each coordinate token (after softmax) is not
distinguishable. To address this, we make a large multimodal
model output both the coordinates and the corresponding
confidence score instead of only the coordinates. We assign
a confidence score of 1 to the ground-truth labels, whereas
the confidence scores of the pseudo-labels are determined
by the pre-trained specialist detector.

Token Representation Verification. We examine how to
represent the coordinates and their corresponding confidence
scores. We explore two alternatives: directly outputting
token predictions and expanding the vocabulary with extra
tokens. The first approach increases the length of the model’s
output tokens without requiring additional training of vocab-
ulary embeddings, whereas the second approach achieves
the opposite, necessitating extra training of vocabulary em-
beddings but resulting in shorter output tokens. Experiments
in Section 4.5 show that the first approach achieves better
detection accuracy. Thus, it is adopted for all experiments.

By adjusting the training data distribution, LMM-Det
can generate more accurate and numerous bounding boxes,
which can increase the recall rate and then improve the over-
all detection performance. In addition, we empirically show
that LMM-Det can not only approximate the detection data
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distribution but also maintain the original capabilities to ap-
proximate other data distributions like image captioning and
visual question answering, as shown in Section 4.4.

3.3. Inference Optimization Tailored for Detection

At the inference stage, a straightforward approach for detect-
ing all objects within an input image in large multimodal
models is to predict all bounding boxes simultaneously, such
as InternVL 2.5 [8]. However, we empirically observe that
this approach is non-trivial to generate enough proposals
with a fixed sampling strategy of LMMs. One possible rea-
son is that current LMMs are hard to process all fine-grained
image details in a single prediction step. We attempt to opti-
mize this solution to make LMM-Det output more proposals
to increase the recall rate at inference.

Specifically, we compromise on computational cost to
obtain better detection accuracy of LMM-Det. Instead of
outputting all bounding boxes in a single step, we make
LMM-Det output all objects that belong to only one category
in a single step and repeat this step several times. That is,
LMM-Det predicts the bounding boxes for each category
independently. To maintain consistency between inference
and training, we re-organize the instruction conversations to
adopt a class-specific prediction strategy. We illustrate the
re-organized data in Figure B of Appenddix.

4. Experiments

4.1. Implementation Details

Training Recipe. We train LMM-Det in three consecutive
stages. Table B in Appendix summarizes the hyperparame-
ters of all stages. We use 595K image-text pairs and 1.86M
images to train LMM-Det in total. Training LMM-Det takes
176 hours on a cluster of 6 nodes, each equipped with 8
Nvidia H800 GPUs. Below are the details of each stage.

Stage 1. We align the vision and language modules by
pre-training the projector while freezing the visual encoder
and the large language model. Specifically, we leverage the
595K image-text pairs employed in LLaVA [23].

Stage II. We utilize a large-scale object detection dataset
(i.e., Object365 [35]) to pre-train the proposed LMM-Det.
In this stage, we train the projector and the large language
model while freezing the visual encoder.

Stage III. We re-organize an object detection instruction
dataset (as shown in Figure B of Appendix) built upon the
COCO dataset, a widely-used benchmark for the object de-
tection task. Then we fine-tune the projector and the large
language model using this instruction data to further improve
the detection capability of LMM-Det.

(Optional) Stage IV. In this stage, the projector and large
language model are trained with the visual encoder frozen,
using the 665k LLaVA [23] dataset alongside our proposed



Method Visual Backbone LLM w. Specialist AP APsy AP;s APs APy APL AR@100
LLaVA [23] CLIP-L Vicuna-7B X 0.2 0.6 0.2 0.0 0.1 0.7 11.2
Shikra [7] CLIP-L Vicuna-7B X 04 0.8 04 0.0 0.4 1.0 18.7
KOSMOS-2 [30] CLIP-L MAGNETO-24-layers X 7.6 13.7 7.3 0.8 6.7 158 18.2
InternVL-2.5 [8] InternViT-300M Internlm2.5-7B X 11.8 184 120 3.6 13.0 234 27.5
Groma [27] DINOv2 Vicuna-7B v 128 17.0 138 33 128 242 22.5
LMM-Det (Ours) OWLv2-L Vicuna-7B X 245 347 263 154 274 373 46.6

Table 2. Zero-shot results on COCO compared with state-of-the-art large multimodal models. We do not report the zero-shot results of
VisionLLM v2 [42] since they do not release the pre-trained checkpoints. “w. Specialist” represents “with specialist detection model”.

Method Visual Backbone LLM w. Specialist AP APsg AP;s APs APy AP AR@100
Faster R-CNN [33] RN50-FPN - v 40.2 61.0 438 242 435 520 54.0
Cascade R-CNN [3] RN101-FPN - v 42.7 61.6 46.6 238 462 574 -
Deformable-DETR [57] RNS50 - v 43.7 63.0 47.6 267 47.0 58.0 63.2
RT-DETR [55] RNS50 - v 55.3 734 60.0 380 599 716 74.4
H-Deformable-DETR [15] Swin-L - v 56.1 75.1 61.3 392 604 724 73.1
Salience-DETR [13] FocalNet-L - v 57.3 755 624 409 61.8 745 75.4
Groma [27] CLIP-L Vicuna-7B v 324 - - - - - -
Groma [27] DINOv2 Vicuna-7B v 43.6 - - - - - -
VisionLLM v2 [42] Swin-T Vicuna-7B v 56.3] 743 616 - - - -
Grounding DINO [25] Swin-T - v 57.2 - - - - - -
Griffon-13B [51] CLIP-L LLaMA2-13B X 24.8 40.6 251 59 255 487 -
Griffon v2 [50] EVA2-CLIP-L  LLaMA2-13B X 38.5 543 412 194 432 576 -
LLaVA* [23] CLIP-L Vicuna-7B X 38.7 558 413 20.1 43.6 573 50.5
LMM-Det (Ours) OWLv2-L Vicuna-7B X 47.5 66.5 51.1 347 51.8 603 63.6
LMM-Det! (Ours) OWLV2-L Vicuna-7B X 47.1 66.2 50.5 350 51.6 60.1 63.1

Table 3. Fine-tuned results on COCO compared with traditional state-of-the-art detection models and large multimodal models relying on
extra specialist detection models (w. Specialist). VisionLLM v2 employs Grounding DINO as the additional specialist module for object
detection, yet this integration compromises the original detection performance of Grounding DINO. LLaVA* denotes that we retrain LLaVA
with Object365 and COCO. LMM-Det' means that we apply the optional Stage IV to obtain a versatile LMM-Det.

re-organized instruction data and adopting the same hyper-
parameters as Stage ITI. We denote it as LMM-Det'.
Inference and Evaluation. We evaluate the detection
capability of LMM-Det on the validation set of COCO. For
each category of the validation set, we construct the corre-
sponding prompt for questioning. We gather all the predicted
outputs and regard them as the final proposals. We evaluate
the mean average precision (mAP) to obtain quantitative
results. For simplicity, we denote AP as mAP. We take AP,
APsg, AP7s, APs, APy, AP, and AR@100 as metric.

4.2. Zero-shot Experiments

In this section, we compare LMM-Det with state-of-the-art
LMMs in a zero-shot setting. We adopt their official trained
models and test them in a zero-shot way. The implementation
details are given in the Appendix. LMM-Det only employs
two stages as described in Section 4.1 and discards Stage III.

From Table 2, LMM-Det achieves the best results on
COCO in a zero-shot manner, demonstrating its potential for
detection after training on detection data. LLaVA, without
training on detection data, only achieves 0.2 AP on COCO.
Models like InternVL-2.5, which utilizes a large amount
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of detection data, show better performance than those with
limited data. Groma, which incorporates a specialist detec-
tion model, also performs well. Without extensive detection
data and the specialist model, LMM-Det significantly out-
performs other LMMs, validating our phenomenon analysis
and the effectiveness of our proposed approach.

4.3. Fine-tuned Experiments

We further fine-tune LMM-Det on COCO. We compare
LMM-Det with traditional detection models and LMMs re-
lying on extra detection experts that can perform the object
detection task (i.e., Groma [27] and VisionLLMv2 [42]).
Specifically, VisionLLMv2 uses Grounding DINO as the
extra specialist detection model. For a comprehensive com-
parison, we also report the results of Grounding DINO.

As shown in Table 3, traditional state-of-the-art detection
models outperform Groma, even when Groma is augmented
with specialist detection models. Similarly, VisionLLMv2,
despite incorporating Grounding DINO, exhibits a perfor-
mance decline. We also retrain LLaVA using both COCO
and Object365 datasets. The experimental results highlight a
significant performance gap between traditional state-of-the-
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Figure 5. Visualizations of LMM-Det on COCO.

Model | coco Image Captioning VQAV2
ode

AP BLEU@4 METEOR CIDEr SPICE Accuracy
LLaVA 0.2 29.4 29.3 108.9 23.6 78.5
LMM-Det! 47.1 26.7 28.1 99.0 224 74.1

Table 4. Quantitative results for versatile LMM-Det!.

art detection models and large multimodal models. LMM-
Det, however, narrows this gap, supporting the argument that
LMMs can inherently perform object detection without the
need for additional specialist detection models.

4.4. Versatile LMM-Det

We provide visualizations of LMM-Det on the COCO vali-
dation set in Figure 5, showcasing its detection performance
without extra specialist detectors. Furthermore, the qualita-
tive and quantitative results (as given in Figure 6 and Table 4,
respectively) demonstrate LMM-Det’s versatility, supporting
that LMM-Det' not only unlocks the detection capabilities
but also maintains high performance in image captioning
and VQA. We provide more results in Table D in Appendix.

4.5. Ablation Study

Visual encoder. We first replace the CLIP-ViT [31] with
OWLv2-ViT [28] to further increase the input resolution in
ablation study. As shown in the first row of Table 5, this
strategy achieves a 3.4% gain in AP. We further investigate
the effectiveness of DINOv2 [29] in Table E of Appendix.
Data Distribution Adjustment. This approach aims
to address the challenge of the insufficient recall rate. In
Table 5, it effectively improves the recall rate and enhances
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OWLv2-ViT DDA INO | AP APs; AP;; AR@100
x x x | 387 558 413 50.5
v X x | 421 578 458 51.3
v v x | 442 613 475 56.0
v v v | 475 665 51.1 63.6

Table 5. Ablation Study. The baseline experiment in the first row
is LLaVA* [23], which uses the CLIP-ViT as the visual encoder.
DDA: data distribution adjustment; INO: inference optimization.

overall detection performance . We also draw the adjusted
bounding box distribution in Figure C of Appendix.

Inference Optimization. We further investigate the ef-
fectiveness of the inference optimization. From Table 5, this
strategy results in a significant increase in AP from 44.2%
to 47.5% and AR@100 from 56.0% to 63.6%. To better
visualize the enhancement of recall rate, we extend Figure 2
and show the qualitative results in Figure D of Appendix.

Effectiveness of extra vocabularies. We investigate dif-
ferent token representations to represent coordinates and
confidence scores. From Table F in Appendix, directly out-
putting token achieves better performance than extra vocab-
ularies, which aligns with the findings of Shikra [7].

Effectiveness of sampling strategy and inference cost.
We conduct ablation studies using greedy decoding, beam
search, and top-p sampling during inference. As shown in
Table G in Appendix, beam search with beam=2 achieves the
best results but requires more inference time. In particular,
LMM-Det requires a computational time of approximately
4.0 seconds to process a single image.



Visual Input Example

User: Detect all the objects in the image that belong to the category set {orange}.

LMM-Det: [0.388, 0.722, 0.601, 0.891], 0.773; [0.298, 0.465, 0.322, 0.539], 0.183; [0.130, 0.446,
0.306, 0.637], 0.758; [0.310, 0.443, 0.493, 0.620], 0.751; [0.130, 0.446, 0.402, 0.779], 0.147; [0.311,
0.138, 0.527, 0.290], 0.771; [0.130, 0.446, 0.602, 0.893], 0.136; [0.130, 0.138, 0.528, 0.638], 0.179;
[0.130, 0.138, 0.874, 0.893], 1.000; [0.298, 0.242, 0.518, 0.465], 0.791; [0.594, 0.521, 0.831, 0.763],
0.848; [0.480, 0.352, 0.690, 0.578], 0.781; [0.210, 0.286, 0.344, 0.468], 0.729; [0.402, 0.535, 0.587,
0.767], 0.791; [0.522, 0.192, 0.739, 0.386], 0.780; [0.298, 0.242, 0.690, 0.580], 0.137; [0.685, 0.337,
0.874, 0.562], 0.838; [0.174, 0.542, 0.402, 0.775], 0.790; [0.298, 0.138, 0.739, 0.466], 0.167; [0.300,
0.242,0.874,0.766], 0.156; [0.497, 0.281, 0.554, 0.373], 0.324

User: Detect all the objects in the image that belong to the category set {apple}.

LMM-Det: There are no objects in the image that belong to the required category set.

User: Describe the image in detail.

LMM-Det: The image features a clear glass bowl filled with a variety of oranges. There are at least 13
oranges in the bowl, with some of them being closer to the edge of the bowl and others being more
centrally located. The oranges are arranged in a way that allows for a clear view of their vibrant colors
and textures. The bowl is placed on a table, which is covered with a grey tablecloth. The oranges are
arranged in a way that showcases their unique shapes and sizes, creating an appealing and visually

pleasing display.

User: What color are oranges in the image?
LMM-Det: The oranges in the image are orange.

Figure 6. Chat example demonstrates that LMM-Det not only enables detection but also retains its intrinsic multimodal capabilities.
The left-upper image represents the input, while the left-lower image illustrates the visualization of the output coordinates. For better
visualization, we apply post-processing for the output coordinates by employing NMS with a threshold of 0.5.

5. Related Work

5.1. Large Multimodal Models

Pioneering works [5, 6, 9, 11, 19, 26, 36, 44-46, 48, 56]
about large multimodal models (LMMs) primarily focus on
vision-language alignment and support fundamental multi-
modal tasks such as image captioning and visual question
answering. In this case, LMMs have demonstrated their
considerable potential to perform multimodal tasks.

To further demonstrate the comprehensive capabilities of
vision-language tasks, subsequent large multimodal mod-
els support resolution-sensitive tasks such as visual ground-
ing and optical character recognition (OCR). These models
leverage meticulously curated pre-training and instruction
datasets, showcasing an effective strategy that highlights
their robust capabilities. This type of LMMs encompass
a broad range of models [2, 7, 8, 12, 14, 18, 20, 24, 30,
37, 39-41, 43, 47, 54], such as Shikra, KOSMOS-2, Fer-
ret v2, MiniCPM-V 2.6, DeepSeek-VL2, InternVL-2.5 and
Qwen2.5-VL. Compared to the coarse-grained visual ques-
tion answering, the object localization capabilities of these
LMMs are a crucial prerequisite for the effective deployment
of LMMs in real-world applications such as agent, robotics,
autonomous driving, and security surveillance. In this paper,
we examine the detection potential of LMMs.
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5.2. Detection Capability Exploration for LMMs

While LMMs show remarkable success on most vision-
language benchmarks, they struggle to achieve compara-
ble performance on object detection tasks. Existing ap-
proaches [8, 21, 27, 42, 50, 51] attempt to achieve ob-
ject detection over large multimodal models. For example,
VisionLLM-v2 [42] introduces Grounding-DINO [25] into
LMMs and uses a special token <DET> to perform object
detection. Groma [27] employs a region proposer to dis-
cover regions of interest to unlock the detection capabilities
of LMMs. Instead, this paper aims to investigate the object
detection capability of large multimodal models without the
help of specialist detection models or proposal networks.

6. Conclusion and Limitations

LMM-Det has addressed the detection performance gap be-
tween LMMs and specialist detectors without relying on
extra modules. Specifically, we provide a comprehensive
exploration analysis and summarize that the key challenge
is the insufficient recall rate. We enable LMM-Det to excel
in object detection while preserving its inherent capabilities
like caption generation and VQA. Besides, LMM-Det suf-
fers from non-negligible inference time latency, making it
less competitive with traditional real-time detections. In the
future, we attempt to reduce the inference time of LMM-Det.
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