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Table 1. Region captioning on RefCOCOg [26].

Method | region prompt type | METEOR | CIDEr
GRIiT [38] box 15.2 71.6

Kosmos-2 [29] box 14.1 62.3

GLaMM [32] box 16.2 108.3
Osprey-7B [49] mask 16.6 108.3
Groma-7B[25] box 16.8 107.3
UGLMM-7B (Ours) box 17.0 110.0

Table 2. Performance comparison on image captioning.

Model Flickr30k NoCaps
CIDEr SPICE | CIDEr SPICE

LEMON [8] - - 106.8 14.1
CoCa [44] - - 120.6 15.5
BLIP-2 [15] - - 121.6 15.8
LLAVA-1.5[19] 81.3 - 103.6 -
GLaMM [32] 95.3 18.8 106.8 15.8
MGLMM [48] 104.6 22.7 112.6 15.2
UGLMM-7B (Ours) | 109.8 23.5 110.6 14.9

Table 3. Comparison on the interactive segmentation task on
COCO Interactive [51] dataset.

Method ‘ Point Scribble Box Mask
mloU cloU | mIoU cloU | mIoU cloU | mloU cloU

SAM-B [11] 48.7 33.6 - - 73.7 68.7

SAM-L [11] 51.8 37.7 - - 76.6 71.6 - -

SEEM-B [53] 478 57.8 | 43.0 44.0| 449 42.1| 484 650

OMG-Seg [17] 59.3 - - - - - - -

PSALM [51] 643 740 669 80.0| 673 809 | 67.6 824

UGLMM-7B (Ours) | 66.7 73.6 | 67.3 79.0 | 682 804 | 683 819

A. More Experiment Results
A.1. Results on More Tasks

In this section, we show the performance of UGLMM on
more tasks, which shows that UGLMM achieves strong per-
formance across a wide spectrum of tasks and validates its
strong cross-task generalization capability.

Region Captioning. We compare the region captioning
performance of different methods on RefCOCOg [26] in
Tab. 1. The experiment results demonstrate that UGLMM
surpasses previous counterparts on this task, demonstrating
its strong regional perception ability.

Image Captioning. We present the comparative results of
the image captioning task in Tab. 2. Following previous
works [32, 48], we evaluate UGLMM on the commonly
used Flickr30K [30] test set and NoCaps [1] validation set.
The experimental results show that UGLMM has compara-
ble image captioning capabilities compared to other coun-

terparts. To ensure fair comparisons with counterparts like
GLaMM and MGLMM, we adopt LLaVA [21] as our base
LMM. It is important to note that in Tab. 2, BLIP-2 uti-
lizes more than 400M image-text samples, including COCO
Caption [4], Visual Genome [12], CC3M [35], CC12M [3],
SBU [28], LAION400OM [34] datasets and CoCa adopts
about 3B samples from JFT-3B [50], ALIGN [9] and COCO
Caption datasets. In contrast, LLaVA relies solely on the
filtered CC-595K subset of CC3M and the LLaVA-Instruct-
158K [21] dataset, due to which the image captioning ca-
pability of LLaVA is inferior to that of BLIP-2 and CoCa.
Since our approach mainly focuses on unifying various vi-
sion grounding tasks, we do not specifically enhance the im-
age captioning capability of the base model LLaVA during
our joint training, resulting in lower performance compared
to BLIP-2 and CoCa in this particular task. Moreover, as
shown in Table 2 of SQ-LLaVA [36], LLaVA-1.5 [20], an
improved version of LLaVA, achieves CIDEr scores of 81.3
on Flickr30K and 103.6 on NoCaps, which are lower than
our model’s scores of 109.8 and 110.6, respectively, which
shows that our UGLMM achieves better performance than
our base model LLaVA in image captioning, suggesting its
good generalization ability for this task.

Interactive Segmentation. To present the interactive seg-
mentation capability of UGLMM, we finetune and evaluate
UGLMM on the COCO Interactive dataset [51] and com-
pare it with other methods in Tab. 3. Compared to previous
works, UGLMM also achieves strong performance on the
interactive segmentation task.

Zero-shot Evaluation on Video Object Segmentation
(VOS) and Referring Video Object Segmentation (R-
VOS) Tasks. Because our work primarily focuses on
image-level grounding, we have not involved any video
training data or dedicated video modules. For VOS and
R-VOS tasks, all other works in Tab. 4 utilize video train-
ing data, and most of them have dedicated video modules.
There are only three methods in a zero-shot test setting
on DAVIS-17 or Ref-DAVIS, including OMG-Seg, Video-
LISA, and our UGLMM, but OMG-Seg adopts lots of video
data for model training, Video-LISA utilizes both video
training data and dedicated video modules, while UGLMM
does not leverage any video training data or dedicated video
modules. We treat the video object segmentation (VOS)
task as an interactive segmentation task. During inference,
we use the predicted masks of the previous frame (or GT
masks of the first frame) as visual prompts to extract the



Table 4. Performance comparison on the video object segmentation (VOS) and referring video object segmentation tasks (R-VOS).

. DAVIS-17 Ref-DAVIS
Method zero-shot | video data J&F ] F J&F ] F
Unicorn [42] X v 69.2 652 732 - - -
Siam R-CNN [37] X v 70.6 66.1 75.0
OMG-Seg [17] v v 76.9 - -
ReferFormer [39] X v - - - 61.1 584 64.1
VideoLISA [2] v v - - - 68.8 649 727
VideoGLaMM [27] X v - - - 69.5 656 733
UGLMM-7B (Ours) v X 63.8 614 663 | 632 604 659

corresponding region embeddings of the last frame. Then,
these region embeddings are leveraged to segment the ob-
jects in the current frame. For the referring video object
segmentation (R-VOS) task, we treat it as the referring ex-
pression segmentation task, and obtain the segmentation re-
sults for each frame by inputting the referring expressions
and each frame into the model. The results in Tab. 4 indicate
that, without any video data for training or specialized video
modules, our model demonstrates promising zero-shot per-
formance on these two video segmentation tasks.

The fact that UGLMM can achieve competitive perfor-
mance to specialist methods on image captioning, interac-
tive segmentation, VOS, and R-VOS tasks is strong evi-
dence of its cross-task generalization ability. This demon-
strates our model’s capability to transfer knowledge across
different visual understanding tasks effectively with limited
task-specific resources.

A.2. More Ablation Studies

Number of /[GND] Tokens. For tasks that utilize the
[GND] token, we propose to use multiple /[GND] tokens
to represent one object. This approach aims to enhance
the feature representation capability of the [GND] tokens,
thereby improving the quality of the grounding outputs.
In Tab. 5, we validate the impact of different numbers of
[GND] tokens. It can be seen that as the number of [GND]
tokens increases, the accuracy on these tasks continues to
improve. However, as the number increases, the improve-
ment becomes smaller. By default, we set the number of
[GND] tokens to 3.

Effect of Joint Training. Some previous works [14, 43,
51] indicate that multi-task joint training is effective for all
tasks; however, some other studies [47, 52] point out that
using shared model parameters for different tasks may lead
to conflicts due to imbalanced parameter optimization dur-
ing training. In Tab. 6, we conduct experiments to investi-
gate the impact of joint training compared to task-specific
training with our framework. Please note that, different
from other ablation studies, we compare the final perfor-

mance of UGLMM with task-specific trained variants in
Tab. 6. The experimental results in Tab. 6 demonstrate that,
compared to task-specific training, joint training improves
the accuracy of all tasks, which demonstrates that our uni-
fied framework design equips UGLMM with a strong ability
to perform various tasks effectively.

B. Experiment Details

B.1. Training Objective.

UGLMM is jointly trained on multiple tasks in an end-to-
end manner. The training objective of our model consists
of an autoregressive cross-entropy loss L;.,; for text gen-
eration and a grounding 10ss Lg,ounding to supervise the
prediction of grounding outputs. The L gounding contains a
query classification loss L.;s, a mask BCE loss L. and a
mask DICE loss Lg;.. for mask prediction, a box gloU loss
Lgiou and a box L1 loss L;; for box prediction. The total
loss L is:

L= Licxt + Lgrounding
= Licat + AcisLers + Mpce Lpce ey
+ )\diceLdice + )\giouLgiou + )\llLll

Compared to existing works like LISA [13] and GLaMM
[32], we only introduce two additional box-related losses
(box gloU loss and L1 loss) for box prediction, which
is a common practice in traditional multimodal grounding
methods, such as UNINEXT [43] and SEEM [53].

B.2. Datasets.

To equip UGLMM with various capabilities, we collect

many datasets across a wide range of tasks for our joint

training. These tasks and corresponding datasets are:

* image captioning and visual question answering: COCO
Caption [4], Grand Caption [32], and LLaVA-150k [21].

* region captioning: RefCOCO [45], RefCOCO+ [45], Re-
fCOCOg [26], RefCLEF [10], and GranD Referring Seg-
ment [32].

* referring expression segmentation and referring expres-
sion comprehension: RefCOCO [45], RefCOCO+ [45],



Table 5. Ablation study on the number of /[GND] tokens. * denotes our default setting.

RefCOCOg val gRefCOCO val | Reason Seg val | Grandf val
number RES REC GRES Reason Seg GCG
mask cloU | box acc@0.5 gloU gloU Mask Recall
1 77.1 86.8 48.8 55.3 38.9
2 774 87.2 48.9 55.9 39.7
3% 77.6 87.4 49.3 56.3 40.5
5 77.6 87.5 49.5 56.6 40.1
Table 6. Ablation study on joint training.
oint RefCOCOg val Grandf val COCQO val RefCOCOg | NoCaps
trJa inin RES REC GCG Detection | Pan. Seg. | Region Cap. | Image Cap.
€ | mask cloU | box acc@0.5 | Mask Recall | box AP | mask PQ CIDEr CIDEr
X 78.5 89.1 444 52.7 55.6 105.3 101.2
v 79.8 90.0 474 54.6 56.5 110.0 110.6

RefCOCOg [26], RefCLEF [10], and GranD Referring
Segment [32].

» grounded conversation generation: MUSE [33], GranD-
GCG [32], and GranDf [32].

* object detection and generic image segmentation: COCO
Panoptic [18].

* interactive segmentation: COCO Interactive [51].

All these training datasets have been previously em-
ployed by existing works, which indicates that we do not in-
troduce any unfair comparison through the use of new train-
ing data. We acknowledge that our method may use more
datasets than some previous methods, but due to unifying
a broader range of tasks, the inclusion of datasets from ad-
ditional tasks is an inherent and necessary requirement for
UGLMM. We argue that our increased training data result-
ing from task expansion should be viewed as an advantage
of UGLMM rather than an unfair comparison, as our unified
framework helps effectively unify and achieve promising
performance across a wider range of tasks. Tab. 6 demon-
strates the impact of joint training on the performance of in-
dividual tasks, which can effectively validate the efficiency
of our approach.

B.3. Implement Details

If not specified, our model is trained with a joint training
setting on all the collected datasets listed above and without
additional task-specific fine-tuning. We train our model on
32 Tesla A100 GPUs (80GB) for 30k iterations with a batch
size of 6 per device and gradient accumulation steps of 4.
The training process takes about 5 days. During training,
the image encoder and grounding encoder are kept frozen,
the LLM is trained with LoRA [7], and all other parts are
tunable. We utilize CLIP ViT-L/14 [31] as the image en-

coder, Vicuna-7B [5] as our large language model, Swin-
L [23] as the grounding encoder, and MaskDINO [14] de-
coder as the grounding decoder. Our multimodal projector
is composed of two linear layers and a GELU [6] layer. For
the region encoder, we follow the design of Ospery [49].

During training, AdamW [24] optimizer is adopted with
weight decay of 0, 51 of 0.9, 55 of 0.95, and initial learning
rate of 3 - 10~%. We use WarmupDecayLR as the learn-
ing rate scheduler and set warm-up steps to 200. The loss
weights Acis, Apces Adices Agious and Ajq are set to 0.08, 0.1,
0.1, 0.04, and 0.1 respectively. We set the number of [GND]
tokens of one object to 3. For the CLIP image encoder, we
resize all input images to 3362. For the grounding image
encoder, we resize the longer side of the image to 1024 and
then pad the shorter side to 1024 to keep the input resolution
as 10242, For the grounding decoder, we set K, to 300. For
the tuning of the LLM, we utilize LoRA [7] and set the rank
of LoRA to 8 and alpha to 16. To ensure the reproducibility
of our experiment results, we set the same random seed of
42 during training and inference.

B.4. Data Format and Inference Process for Differ-
ent Tasks

Tasks Only Requiring Textual Qutput. For these tasks
(including image captioning and region captioning), our
data format is the same as that of other LMMs. Below is
an example of region captioning data samples:

User: <IMAGE> Can you provide me with a detailed
description of the region in the picture marked by <re-
gion>?

Assistant: A black and white dog lying on a bed.

During inference, the image and text instructions are



input into the LMM, which then generates the textual re-
sponses.

Language-Referred Vision Grounding Tasks. For these
tasks (including RES, REC, GRES, Reason Seg, and R-
VOS), the objects that require grounding outputs are speci-
fied by the referring language expressions. Here is one data
sample of this type of task:

User: <IMAGE> Can you locate the man in white in
this image?
Assistant: Sure, it is the man in white [GND].

For these tasks, during inference, the image, text instruc-
tion, and referring expression are input into the LMM. The
model then generates the text response along with ground-
ing embeddings corresponding to [GND] tokens. Subse-
quently, the grounding embeddings are input into the de-
coder to obtain corresponding grounding outputs.

Visual-Prompt-Based Segmentation Tasks. For these
tasks (including interactive segmentation and VOS), the ob-
jects that require grounding outputs are specified by visual
prompts. One data sample is like:

User: <IMAGE> Please segment by the given visual
prompts. This is all the visual prompts: <prompt>,
<prompt>, and <prompt>.

Assistant: Sure, [GND], [GND], and [GND].

During the inference of these tasks, the image, text in-
struction, and visual prompts are first input into the LMM
to obtain the grounding embeddings corresponding to the
visual prompts, which are then input into the decoder to
produce the grounding outputs corresponding to each visual
prompt.

Tasks Requiring Both Textual Responses and Ground-
ing Outputs. For the tasks (including GCG) that require
both textual responses and corresponding grounding out-
puts, we utilize the following data format:

User: <IMAGE> Could you please give me a detailed |
description of the image? Please respond with interleaved
grounding outputs for the corresponding parts of the an-
SWer.

Assistant: A person [GND] is standing on a playing field
[GND], about to hit a sports ball [GND] with a baseball
bat [GND]. The sports ball hovers over the playing field.
Additionally, a wall [GND] is located beside the playing
field, with a fence [GND] placed right next to it.

During inference, the model first receives the image and
text instruction as input, then generates text responses along

with interleaved [GND] tokens, and at last predicts the
grounding outputs for each of the [GND] tokens with their
corresponding grounding embeddings.

Category-Based Vision Grounding Tasks. For these
category-based tasks, including object detection, semantic
segmentation, instance segmentation, panoptic segmenta-
tion, and open-vocabulary image segmentation, we use the
following data format:

[ User: <IMAGE> Please detect and segment all the ob-
jects belonging to the category set in the image. The cat-
egory set contains <categories>.

Assistant: Sure, the image contains zebra-1 [GND],
zebra-2 [GND], zebra-3 [GND], zebra-4 [GND], grass-
merged [GND], and dirt-merged [GND].

During inference, we first input the image, text instruc-
tion, and category set into the LMM, from which we ob-
tain the grounding embeddings corresponding to all cate-
gories in the input category set. These grounding embed-
dings, as well as selected grounding queries, are then fed
into the grounding decoder to obtain grounding outputs cor-
responding to each grounding query and also the similar-
ity scores between grounding embeddings and grounding
queries. Subsequently, we utilize these similarity scores
and grounding outputs to derive the correctly formatted out-
puts for these tasks with task-specific standardized infer-
ence processes like existing multimodal vision grounding
methods [16, 22, 40, 41, 46].

C. More Qualitative Results

To better showcase the capabilities of our model, we pro-
vide more visualization results for various tasks: im-
age captioning (Fig. 1), region captioning (Fig. 2), REC
and RES (Fig. 3), Reason Seg (Fig. 4), object detection
and instance segmentation (Fig. 5), panoptic segmentation
(Fig. 6), open-vocabulary semantic segmentation (Fig. 7),
grounded conversation generation (Fig. 8), interactive seg-
mentation (Fig. 9), VOS (Fig. 10), and R-VOS (Fig. 11).



& [CouLd you please give me a detailed description of the image? ]

'@' [ A man riding a bicycle on a road. ] I@-[A turtle is walking on the ground. ]

\

LN
A bee on a flower A woman in a red A man Looking up
;ng: OZ ZigZaCh .@. with other flowers dress holding a at a shark in an
ying ) = in the background. wine glass. aquarium.
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a man in a white shirt.

A wooden bowl with apples
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middle.

(h | A green bush behind the . )
= [woman in the middle. '@' A pizza in a box.

Figure 2. Visualization results on region captioning.



(PLease identify the woman
wearing shorts and a white
sweater pushing a baby

\car‘r‘iage in the 1image.

&

Sure, the woman wearing shorts
and a white sweater pushing a
L baby carriage.
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& Can you highlight a messy baby
eating while sitting in a
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sitting in a stroller.
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p
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p

'@' Sure, in this
picture.

\
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image?

-

\

The ball player throwing
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to a yellow bag in this
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\with grounding outputs.

-

Sure, it is the chair
close to a yellow bag.

(“Where is the wooden

chair with a black bag
sitting on top of it

\_next to a toilet?

The wooden chair with a
black bag sitting on top

of it next to a toilet.
.

Figure 3. Referring expression comprehension and segmentation (REC and RES).

Please identity the
person who is  most
Likely to be the girl's
trainer 1in this 1image.
Please respond with
grounding outputs.

landscape, what
objects 1in the picture could
provide shade and shelter for
humans ?
respond with grounding outputs.

Please

the

In historical buildings, there
or

walls or
floors to represent a specific
meaning or identity. wWhat in
the picture could be used to
display such signs or symbols?

symbols

& Can you highlight the where

the garbage should be put in
this 1image? Please respond
with grounding outputs.

ideal choice for a peaceful
fishing experience? Please
respond with
outputs.

& When going fishing on a calm
sea, what type of boat shown
in the picture would be an

grounding

Figure 4. Qualitative results on reasoning segmentation (Reason Seg).



@ Please segment and detect all the objects belonging to the category set in the image. The category set contains
[COCO categories].

Figure 5. Qualitative results on object detection and instance segmentation.

) Please segment all the objects belonging to the category set in the image. The category set contains
[COCO categories].

Figure 6. More visualization results on the panoptic segmentation task.



Please segment all the objects belonging to the category set in the image. The category set contains

()
- [PC-59 categories].

Figure 7. More examples of open-vocabulary semantic segmentation.

Can you provide a thorough description of this image? Please output with interleaved segmentation masks for the

)
- corresponding phrases.

A boat 1is seen traveling on a

The sky 1is overarching
the boat, trees, grass, and the
dirt. The grass 1s Llocated
beside the dirt.

that 1is attached to a railroad. A
suitcase is also on the platform. Above
the platform, a ceiling 1is present. A
train 1s parked on the railroad, with
the sky visible over it.

A man 1is holding a surfboard. He
is walking on dirt, which 1is
attached to a river. The person
is also standing beside plants.

A giraffe 1is standing beside
trees. The sky 1is over the
giraffe and the trees.

The image shows a bedroom with
a bed placed on a rug. A
cabinet 1s positioned beside is

Motorcycle-1 and motorcycle-2
are parked on the road. The =iy
visible over both the
motorcycles. Nearby, a car 1is
also parked on the same road.

the bed and a [1ght. The rug 1is
also attached to the wall.

Figure 8. Qualitative results on grounded conversation generation.



@ Please segment by the given visual prompts. This is all the prompts: <prompt>, <prompts, ...,
@ | gnd <prompt>.

GT for frame 0

Please segment the
and <prompt> 1in following
video frames.

GT for frame 0

Please segment the
& and <prompt> 1in  following
video frames.

Figure 10. Visualization results of video object segmentation (VOS).



Please segment the a man
@ | riding a motorbike and a
- green motorbike in following
video frames.

Please  segment a  blue
wooden car, a man 1in a
@ | white helmet driving a
@ o0den car, and a man
wearing a white shirt on a
wooden car without a helmet
in following video frames.

Figure 11. Qualitative results for referring video object segmentation (R-VOS).
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