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A@enAon Map Consistency 
(AMC)

Human Explanation



•  Locate the most relevant region corresponding to a given query 

Visual Grounding

Model

a cat is siVng under a red umbrella
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Visual Grounding

a cat under an umbrella

Object Detectors 
AnnotaAons: bounding boxes
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AnnotaAons: bounding boxes

Visual Grounding

Object Detectors 
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Pre-trained VLMs

A cat under a red umbrella

Vision EncoderText Encoder

VL Joint Encoder

Output
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• Encoder-Decoder: ALBEF



Overview — our method

• Pretraining – from ALBEF 
• Assume each sample has: V, T

Image-Text Matching

[MASK]

“empty”

y

Masking Language Modeling

Image-Text Contras9ve
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age the region annotations M so that the model focuses its
heatmap scores in A inside the region of interest indicated
by M . We first propose Lmean where we optimize a max
margin loss so that the mean value of the heatmap outside
of the region of interest is larger than the mean value of the
heatmap inside as follows:

Lmean = max

0

@0,
1P

i,j(1�Mi,j)

X

i,j

((1�Mi,j)Ai,j)

� 1P
i,j Mi,j

X

i,j

Mi,jAi,j +�1

1

A

(1)

where �1 is a margin term. This loss aims to ensure that
the attention map A contains most of the scores inside the
region M subject to this margin. We also found useful to
maximize the margin between the largest score inside the
region of interest M and the largest score outside the region
of interest by a margin �2 as follows:

Lmax = max

✓
0, max

i,j
((1�Mi,j)Ai,j)�max

i,j
Mi,jAi,j +�2

◆

(2)
Finally, we combine these two objectives and use em-

pirically determined, weighted coefficients to balance their
influence:

Lamc = E(V,T,M)⇠D

⇥
�1 · Lmean + �2 · Lmax

⇤
(3)

3. Results

Data Flickr30k
RefCOCO+

test A test B

VMRM [2] 81.11 58.87 50.32
ALBEF [4] 79.14 69.35 53.77
AMC 86.49 78.89 61.16

Table 1. We compare with previous state-of-the-art methods.

We apply our method on a pre-trained ALBEF model
by finetuning it on Visual Genome(VG) [3] dataset. Binary
masks M are generated from object box annotations and
input text T is generated by combining box labels and at-
tributes. For example, if a box’s label is “dog” and attribute
is “black”, T will be “a black dog”. We report pointing
game accuracy results on Flickr30k [6] and RefCOCO+ [9]
in Table 1. For both datasets, our method performs better
than the previous state-of-the-art method VMRM [2], which
uses object detectors trained on VG boxes and attributes to
extract image features.

4. Conclusion

Our proposed Attention Map Consistency (AMC) in-
volves location information during training to guide the at-
tention of the multimodal transformer model and achieves
new state-of-the-art weakly supervised results on visual
grounding datasets.
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• Training Data:  
‣ Visual Genome 

• Evaluabon Data: 
‣ Flickr30k 
‣ RefCOCO+ 

• Evaluabon metric: 
‣ Poin9ng Game Accuracy
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Table 1: Visual Grounding results using poin9ng game 
accuracy against methods that use different object 
detectors trained on Visual Genome box annotabons. 

Table 2: Visual Grounding results using poin9ng game 
accuracy against methods that do not use object detectors 
or Visual Genome box supervision 

https://vislang.ai/amc


Results

a woman with tattoo Tree branches in the background A red flower

Demo: https://vislang.ai/amc

18

https://vislang.ai/amc

