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Visual Grounding (VG) aims to ground a region referred by an expression query text in a specific image.

The generalized VG / referring tasks include Referring Expression Comprehension (REC), Phrase
Grounding (PG), and Referring Expression/Image Segmentation (RES/RIS). In REC/PG, the grounding region
is represented by a rectangular boundary box, while in RES/RIS, it is represented by an irregular fine-grained

segmented mask of the referred object .

Query text: “a group of six oranges on a wooden table surrounded by several other fruits and vegetables.”
1 ] | ]

Original image Ground truth RES Prediction REC Prediction Cross-modal feature

Query text: “a plate of cookies and banana slice , raisins , and craisins. ”

Original image Ground truth RES Prediction REC Prediction Cross-modal fcaturc|

Fig.1 Referring Expression Comprehension (REC) and Segmentation (RES) tasks.
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Constrained by the separate encoding of vision and language, existing grounding and referring
segmentation works heavily rely on bulky Transformer-based fusion en-/decoders and a variety of early-stage

interaction technologies.
These previous structures restrict the alignment between visual and language modalities, while also

introducing significant computational overhead.

1 A Types
. . | ! ?EJ _________________________
Image —> Vision , > & ‘. 4 Y
Encoder ' . = ' (i) One Transformer Encoder |
code : - .
. Fusion , & S ' Image > Unified s
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| ' ' = | —=
- Grounding | \___+OmeDecoder , ES are S 7
Language : Head ] W e Text > ncoder T
Text —>» E d | : ' (iii) Regression with language- |
neoder . ) \__ guided vision token_______ / S J
- -~
(a) Previous modality-dependent encoding structure (b) One-tower structure (ours)

Fig.3 Previous REC/RES model and Our OneRef model.
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However, the existing one-tower backbone networks (e.g., BEiT-3, VL-BEiT) utilize masked visual language
modeling (MVLM) as a self-supervised pre-training paradigm. Nevertheless, the vanilla MVLM employs
alternating mask language modeling (MLM) and mask image modeling (MIM), making it difficult to capture
the nuanced referential relationship between image-text pairs in the referring task.

Visual Tokens

654 543 432
—> | 321322338
357259 886

4 ) al need 543 322 886
t t t
Image > Unified e *‘5_*_\‘ ( Masked Language Modeling Head ) ( _Masked Image Modeling Head | ]
- | A
TR T3 ) . .
Modality- | 5.3 > VL-BEIT VL-BEIT
SharEd : == lg_ | a Positional % ’ ’ ’ ’ g g Positional
Text = Encoder Lo Embeding Embedding
[s1| Word Embedding [S] [ Patch PrOJectlon
\_ ) Attention  is M]  we [M] ? 5,." ] | . M] ' - w M
(a) One-tower model (b) Vanilla MLM (a) Vanilla MVM

Fig.4 One-tower model and the vanilla MVLM.
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I Methodology

We propose OneRef, a minimalist referring framework built on the modality-shared one-tower transformer that unifies the
visual and linguistic feature spaces. To modeling the referential relationship, we introduce a novel MVLM paradigm called
Mask Referring Modeling (MRefM), which encompasses both referring-aware mask image modeling (Referring MIM) and

referring-aware mask language modeling (Referring MLM).
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Fig.5 Multimodal Mask Referring Modeling (MRefM) paradigm.
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Both referring-aware mask image modeling (Referring MIM) and referring-aware mask language modeling (Referring
MLM) modules not only reconstruct modality-related content but also cross-modal referring content.

]
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g % & Reconstructed
= % $%e  visual content
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o = & -
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Referring-aware o ) ey i
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Referring-aware o g xN Visual target-relation score
Mask Image Modeling ! Q (SER]
:lh m [—— Reconstructed language content
“ the giraffe “ the e walkin '> X % €cLs 21| [ Vthe giraffe walking while another |
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. —> epvjanother —> =3 L —_ e e e
another giraffe . . ® - [ o
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Fig.5 Multimodal Mask Referring Modeling (MRefM) paradigm.
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In Referring MIM, the visual target-relation scores {s} t}i=v1 € represent the distance between each patch token

{xiM }iv: 1and the referred region (x., y., wy, h;), where (x., y., wy, h;) denote the center coordinate and the width and height

of the referred region. By slicing the predicted score, four masks can be derived. The score represents the spatial distance
and the relative size between the current patch region and the referred region.

Referring direction

Referred region D Patch region !

(x —xc)/W vy —yo)/H P/wy P/hy
B |
Bl |
[
B |
-n i A A% A
|| ] ".’ ;g‘;/ Y 4_3':':5/
B | ks 1 gl s Ty
T - vu-nwr“f""—n e, D e AR RS
B | _ T R [
B | ] ol - i m
B | IIIIIIII.III
R | T T

y-mask w-mask h-mask

The Visual Target-relation Score

Referring text: “ the giraffe walking while another giraffe follows it.

Fig.6 The Visual Target-relation Score.
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In Referring MIM, we propose referring-aware dynamic image masking strategy with dynamic mask ratio a that is
aware of the referred region rather than relying on fixed ratios or generic random masking schemes.

a=[8:(Ny—Ny)+v-N:|/Ny.

Algorithm 1 Referring-aware Dynamic Masking

Input: N, image patches, Ny (hrp X wyp) referred patches. Original image (a) Random, a = 75% (b) Blockwise, a = 40%
Output: Dynamic masked positions M. e
c < Rand Select 3 - N, numbers in [1, N,,]
New M € R"N [{M;}M" | M; = 1ifi € ¢, else 0}
M — M reshape as M € R"*™ b In-context masking
New M, € R »*hre withallas 0 > Referred masking
while |[M,.| <~ - N, do
s + Rand(1,v - N, — |M.|) > Block size
r < Rand(a, %) > Aspect ratio of block
Wy <— \/8/r;hy < /s -r > Width, height of block
[ « Rand(0, wrp — ws); t < Rand(0, h,p — hy)
{Mr(i,j) =111 [l,l+w),5 €[t,t+ hp)}

(¢) Referring- aware dynamlc maskmg

et " -.‘—":": m_EE ey e
Query: “ the giraffe walking while another giraffe follows it.

B 50%, y = %0%.

d Query: "a zebra eating grass in front of several other eatlng ammals
en

M(Zsp : Tsp + Wrp, Ysp © Ysp + hrp) = M,

return M. Fig.7 Our proposed referring-aware dynamic masking strategy.

In Referring MLM, the semantic target-relation score (referring weight distribution) between vocabularies and referred
region are obtained as:

ima T
8% = Areg - o(< egid |, {wiila >) + Aimg - o(< egfy  {wi}ils >)

11



},. NEURAL INFORMATION

;i . PROCESSING SYSTEMS
Q

¢ P ; ° NeurlIPS 2024

Vancouver, Canada

Paper ID: 8873

By leveraging the unified visual language feature space and incorporating MRefM's ability to model the referential relations,

I Methodology

our approach enables direct regression of the referring results without resorting to various complex techniques.

B=MLP( Y (Repeat(o(< epsp’, {ai})" >)) @ MLP({z:})))).

1€[1,Ny]
A ( \ % Result: p Y N %
= "‘A C 5 g g
= S~ > = FlElE
Unified | = o S Unified | = |5{[E(E
Modality- | =— Imade Modality- | —
Image — g e
shared |ser) g ite cak ES arg ISEP] |
“a white cake Encoder |=—— ~awhile care ncoder |— -
with blue, green, % Referring-based with blue, green, % Referring-based
d yell 14 - REC head and yellow polka- - RES head
O s o = dots on it. ” —
dots on it. " — Box mask il —
' - = Expression text

Expression text

b) Referring Expression Segmentation task
(a) Referring Expression Comprehension task ®) 8P 8

Fig.8 Referring-based grounding and segmentation transfer.

Training Objectives for REC and RES transfer:

REC: £REC — /\Ll ELI (Ba B) + Agiouﬁgiou (Ba B) + Ebom_mask_constraints
Ebom_mask_const’raints — /\f_boazﬁfocal (Msima Mboa:) + )\d_bomﬁdice (Msim: Mboa))-
RES' 'CRES = )\f_segﬁfocal (Msega Mseg) + )\d_segﬁdice (Msega Mseg)
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Our method consistently surpasses existing approaches and achieves SoTA performance on both grounding and
segmentation tasks (Tab. 1, 2, 3) on RefCOCO/ +/ g datasets, providing valuable insights for future research.

In the single-dataset fine-tuning setting on REC task, our base model surpasses the current SoTA method HiVG by
2.07% (testB), 6.15% (testB), 4.73 % (test), 1.95% (test), and 1.50% (test) on the five datasets respectively.

Tab.1 Comparison with SoTA methods on REC task (Acc@0.5 metric).

Visual Language RefCOCO RefCOCO+ RefCOCOg Referlt | Flickr
Methods Venue Backbone Backbone val testA  testB val testA  testB val test test test
Single-dataset fine-tuning setting w. uni-modal pre-trained close-set detector and language model: (traditional setting)
TransVG [14] ICCV’21 RN101+DETR | BERT-B | 81.02 8272 7835 | 64.82 70.70 5694 | 68.67 67.73 | 70.73 | 79.10
Word2Pix [103] TNNLS’22 | RN101+DETR | BERT-B | 81.20 84.39 78.12 | 69.74 76.11 61.24 | 70.81 71.34 - -
QRNet [98] CVPR’22 Swin-S [60] BERT-B | 84.01 85.85 8234 | 7294 76.17 63.81 | 71.89 73.03 | 74.61 81.95
VG-LAW [79] CVPR’23 ViT-Det [46] BERT-B | 86.06 8856 82.87 | 75.74 80.32 66.69 | 75.31 7595 | 76.60

TransVG++[15] TPAMI'23 ViT-Det [46] BERT-B 86.28 88.37 8097 | 75.39 8045 6628 | 76.18 76.30 | 74.70 81.49

Single-dataset fine-tuning setting w. vision-language self-supervised pre-trained model:

CLIP-VG [91] TMM 23 CLIP-B CLIP-B 8429 87776 7843 | 69.55 7733 57.62 | 73.18 7254 | 70.89 | 81.99
JMRI [108] TIM’ 23 CLIP-B CLIP-B 8297 8730 7462 | 71.17 79.82 57.01 | 71.96 72.04 | 68.23 | 79.90
Dynamic-MDETR TPAMI'23 CLIP-B CLIP-B 8597 88.82 80.12 | 74.83 81.70 63.44 | 74.14 7449 | 70.37 81.89
HiVG-B [92] ACMMM’24 CLIP-B CLIP-B 87.32 89.86 83.27 | 78.06 83.81 68.11 | 78.29 78.79 | 75.22 | 82.11
HiVG-L [92] ACMMM’ 24 CLIP-L CLIP-L 88.14 91.09 83.71 | 80.10 86.77 70.53 | 80.78 80.25 | 76.23 82.16
OneRef-B (ours) NeurIPS’ 24 BEiT3-B BEiT3-B | 88.75 90.95 8534 | 8043 8646 7426 | 83.68 83.52 | 77.17 83.61
OneRef-L (ours) NeurIPS’24 BEiT3-L BEIiT3-L | 92.87 94.01 90.19 | 87.98 91.57 83.73 | 88.11 89.29 | 81.11 | 84.75

14
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In dataset-mixed pre-training setting on REC task, our base model outperforms HiVG by 1.35%, 2.79%, and 2.63% on
RefCOCO/ +/ g testB/testB/test splits, outperforms Grounding-DINO by 2.59%, 4.76%, and 2.38%.

Tab.2 Comparison with SoTA methods on REC task (Acc@0.5 metric).

Visual/Language Intermediate Data RefCOCO RefCOCO+ RefCOCOg
Methods Venue Backbone pretrain data size val testA  testB val testA  testB val test
Dataset-mixed intermediate pre-training setting (w. box-level dataset-mixed open-set detection pre-trained model)
MDETR ' [33] ICCV’21 RN101/RoBERT-B GoldG,RefC 6.5M 86.75 89.58 81.41 | 79.52 84.09 70.62 | 81.64 80.89
YORO' [29] ECCV’22 ViLT [37] / BERT-B GoldG,RefC 6.5M | 8290 8560 77.40 | 73.50 78.60 64.90 | 73.40 74.30
DQ-DETR ' [54] AAAT23 RN101/ BERT-B GoldG,RefC 6.5M | 88.63 91.04 8351 | 81.66 86.15 73.21 | 82.76 83.44
Grounding-DINO-B' arXiv'23 Swin-T / BERT-B 0365,GoldG,RefC 72M | 89.19 91.86 8599 | 81.09 8740 7471 | 84.15 84.94
Grounding-DINO-L' arXiv'23 Swin-L / BERT-B G-DINO-L* 214M | 90.56 93.19 88.24 | 82.75 8895 7592 | 86.13 87.02
CyCo [84] AAAI'24 ViT[19]/ BERT-B VG,SBU,CC3M,etc. | >120M | 89.47 91.87 85.33 | 80.40 87.07 69.87 | 81.31 81.04
HiVG-B' [92] ACMMM 24 CLIP-B / CLIP-B RefC,Referlt,Flickr 0.8M | 90.56 9255 87.23 | 83.08 87.83 76.68 | 84.71 84.69
HiVG-L' [92] ACMMM’24 CLIP-L / CLIP-L RefC,Referlt,Flickr 0.8M | 9137 93.64 88.03 | 83.63 88.16 7737 | 86.73 86.86
Fine-tuning setting w. dataset-mixed multi-task mix-supervised pre-trained model:
UniTAB T [97] ECCV’22 RN101/RoBERT-B VG,COCO.,ete. >20M | 88.59 91.06 83.75 | 8097 8536 7155 | 84.58 84.70
OFA-B T [85] ICML22 OFA-B / OFA-B - - 88.48 90.67 83.30 | 81.39 87.15 7429 | 8229 8231
OFA-L T [85] ICML’22 OFA-L / OFA-L - - 90.05 9293 85.26 | 85.80 89.87 79.22 | 85.89 86.55
Fine-tuning setting w. grounding multimodal large language model (GMLLM):
Shikra-7B" [10] arXiv'23 CLIP-L/ Vicuna-7B[12] RefC,VG 0.5M | 87.01 90.61 80.24 | 81.60 87.36 72.12 | 82.27 82.19
Ferret-7BT [100] ICLR 24 CLIP-L / Vicuna-7B[12] GRIT [100] >8M 87.49 91.35 8245 | 80.78 87.38 73.14 | 83.93 84.76
LION-4B" [9] CVPR’24 EVA-G[21]/FlanT5-3B VG,COCO,etc. 36M | 89.73 9229 8482 | 83.60 88.72 77.34 | 85.69 85.63
LION-12B [9] CVPR’24 EVA-G[21]/FlanT5-11B VG,COCO,etc. 36M | 89.80 93.02 8557 | 8395 8922 78.06 | 8552 8574
OneRef-B' (unsupervised) BEiT3-B / BEiT3-B RefC,Referlt 05M | 89.16 92.03 87.26 | 83.18 88.56 77.66 | 84.72 85.17
OneRef-B' (0.2B) NeurIPS’24 BEiT3-B / BEiT3-B RefC,Referlt 05M | 91.89 9431 8858 | 86.38 90.38 79.47 | 86.82 87.32
OneRef-L' (0.6B) NeurIPS’24 BEiT3-L / BEiT3-L RefC,Referlt 05M | 93.21 9543 90.11 | 88.35 92.11 8270 | 87.81 88.83
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On RES task, in the single-dataset fine-tuning setting, our base model surpasses the SOTA VLP-based method RISCLIP by
2.65%, 4.77%, and 1.73% on RefCOCO/+/¢g. In the dataset-mixed pre-training setting, our base model also achieves superior

I Experiments

performance compared to RISCLIP with improvements of 4.53%, 8.21%, and 5.39%.

Tab.3 Comparison with SoTA methods on RES task (mIOU metric).

‘ Visual/Language Intermediate RefCOCO RefCOCO+ RefCOCOg
Methods Venue Backbone pretrain data | val  testA testB | val  testA testB | wval test
Single-dataset fine-tuning setting w. uni-modal pre-trained close-set segmentation model: (traditional setting)
RefTR [45] NIPS 21 RNI101/ BERT-B - 7434  76.77 70.87 | 66.75 70.58 59.40 | 66.63 67.39
SeqTR [107] ECCV’22 DN53[72]/Bi-GRU - 71.70 7331 69.82 | 63.04 66.73 58.97 | 64.69 65.74
LAVT [94] CVPR’22 Swin-B / BERT-B - 7446 76.89 7094 | 65.81 7097 59.23 | 63.34 63.62
VG-LAW [79] CVPR’23 ViT-Det / BERT-B - 75.05 7736 7169 | 66.61 7030 58.14 | 6536 65.13

Single-dataset fine-tuning setting w. vision-language self-supervised pre-trained model:

CRIS [89] CVPR’22 CLIP-L / CLIP-L - 7047 73.18 66,10 | 62.27 68.06 53.68 | 59.87 60.36
JMCELN]I[32] EMNLP’23 CLIP-B / CLIP-B - 7440 77.69 7043 | 6699 72.69 57.34 | 64.08 64.99
RISCLIP-B [35] NAACL24 CLIP-B / CLIP-B - 75.68 78.01 7246 | 69.16 7353 60.68 | 67.62 67.97
RISCLIP-L [35] NAACL24 CLIP-L / CLIP-L - 78.87 8146 7541 | 7438 7877 66.84 | 71.82 71.65
OneRef-B (ours) | NeurlPS’24 | BEiT3-B /BEiT3-B - 77.57  79.05 7511 | 71.25 7541 6545 | 69.37 69.70
OneRef-L (ours) | NeurlPS’24 | BEiT3-L/BEiT3-L - 80.09 82.19 77.51 | 75.17 7938 70.17 | 73.18 7276

Dataset-mixed intermediate pre-training setting:

PolyFormer-B'[53] | CVPR’23 Swin-B / BERT-B RefC 7596 77.09 7322 | 70.65 7451 64.64 | 69.36 69.88
RISCLIP-BT[35] NAACL24 CLIP-B / CLIP-B RefC 75.68 78.01 7246 | 7246 7430 61.37 | 6949 69.53
RISCLIP-L[35] NAACL24 CLIP-L / CLIP-L RefC 79.53 81.78 75778 | 74.88 78.88 68.09 | 7345 7452
OneRef-B' (unsupervised) BEiT3-B / BEiT3-B RefC 7820 7926 7592 | 72.54 7554 67.39 | 71.28 71.13

OneRef-B' (ours) | NeurIPS’24 | BEiT3-B /BEiT3-B RefC 79.83 81.86 7699 | 74.68 7790 69.58 | 74.06 7492

OneRef-L' (ours) | NeurlPS’24 | BEiT3-L/BEiT3-L RefC 81.26 83.06 7945 | 76.60 80.16 72,95 | 75.68 76.82
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We present the qualitative grounding and referring segmentation results with several relatively challenging examples. These
results demonstrate the strong semantic comprehension capability of our OneRef model in complex text understanding and

cross-modal grounding. Our approach providing valuable insights for future research.

Query text: “a plate of cookies and banana slice , raisins , and craisins. ”

den table surrounded by several other fruits and vegetables.”

RefCOCOg

. b L.
A e s ko

Query text: “woman with blond hair. ”

RefCOCO+

Query text: “a blue shirt person giving presentation. ”

ground truth

Original image Ground truth RES Prediction REC Prediction Cross-modal featur

Original image Ground truth RES Prediction REC Prediction Cross-modal feature

Fig.9 Part of the qualitative results in REC and RES tasks.
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Contributions:

> (i) We pioneer the application of mask modeling to referring tasks by introducing a novel paradigm called mask
referring modeling. This paradigm effectively models the referential relation between visual and language.

> (ii) Diverging from previous works, we propose a remarkably concise one-tower framework for grounding and
referring segmentation in a unified modality-shared feature space. Our model eliminates the commonly used
modality interaction modules, modality fusion en-/decoders, and special grounding tokens.

» (iii)) We extensively validate the effectiveness of MRefM in three referring tasks on five datasets. Our method consistently
surpasses existing approaches and achieves SoTA performance across several settings, providing a valuable new insights for
future grounding and referring segmentation research.

In a word, we propose a novel, highly concise, and feature space unified one-tower referring framework. Additionally, we
pioneer the exploration of mask modeling in referring tasks by introducing MRefM paradigm. MRefM enables potential large-
scale pre-training of grounding in future, presenting a new direction for referring tasks.
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Coe- Contact

That’s all.
Thank you!
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