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Motivation 
Interactive medical image segmentation based on human-in-the-
loop machine learning is a novel paradigm that draws on human 
expert knowledge to assist medical image segmentation. 
However, existing methods often fall into what we call interactive 
misunderstanding, the essence of which is the dilemma in trading 
off short- and long-term interaction information.  

To better use the interaction information at various timescales, we 
propose an interactive segmentation framework, called interactive 
MEdical image segmentation with self-adaptive Confidence 
CAlibration (MECCA), which combines action-based confidence 
learning and multi-agent reinforcement learning. 
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Contributions 
A novel confidence network is learned by predicting the alignment 

level of the action with short-term interactive information. 

A confidence-based reward shaping mechanism is proposed to 
explicitly incorporate the confidence into policy gradient 
calculation, thus avoiding the model’s interactive 
misunderstanding. 

The confidence network can generate high-quality labels for 
unlabeled data, thus reducing interaction intensity. 

One can generate advice interactive regions based on the 
confidence network to reduce interaction difficulty. 
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Framework 
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Framework 
𝑥𝑥 = 𝑥𝑥1,⋯ , 𝑥𝑥𝑁𝑁  denotes the input image and 𝑥𝑥𝑖𝑖 denotes the 𝑖𝑖th 
voxel. Every voxel 𝑥𝑥𝑖𝑖 is treated as an agent with its own 
refinement policy 𝜋𝜋𝑖𝑖 𝑎𝑎𝑖𝑖  (𝑡𝑡), 𝑠𝑠𝑖𝑖 (𝑡𝑡) . The state 𝑠𝑠𝑖𝑖 (𝑡𝑡) for agent 𝑥𝑥𝑖𝑖 is 
concatenated by its voxel value 𝑏𝑏𝑖𝑖, its current segmentation 
probability 𝑝𝑝𝑖𝑖  (𝑡𝑡), and the value ℎ𝑖𝑖  (𝑡𝑡) on the hint map. The action 
𝑎𝑎𝑖𝑖  (𝑡𝑡) for agent 𝑥𝑥𝑖𝑖 is sampled from its policy and used to adjust its 
previous segmentation probability: 

𝑎𝑎𝑖𝑖
(𝑡𝑡) ∼ 𝜋𝜋𝜃𝜃 𝑎𝑎𝑖𝑖

𝑡𝑡 ∣ 𝑠𝑠𝑖𝑖
𝑡𝑡 , 

𝑝𝑝𝑖𝑖
(𝑡𝑡+1)  = clip 𝑝𝑝𝑖𝑖

(𝑡𝑡) + 𝑎𝑎𝑖𝑖
(𝑡𝑡), 0,1 . 

After taking the action, the agent will receive a reward 𝑟𝑟𝑖𝑖  (𝑡𝑡) 
according to the segmentation result. 
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Method 
The segmentation module outputs actions to change the 
segmentation probability of each voxel (agent) at each interaction 
step. Meanwhile, the confidence network estimating the confidence 
of the actions will generate the self-adaptive reward and simulated 
label. The confidence map can provide the advice regions of the 
next interaction step to experts.  
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Method 
 
𝐶𝐶 denotes the confidence network, 𝑤𝑤𝐶𝐶 denotes the parameters 
of the confidence network, while 𝐿𝐿BCE denotes the binary cross-
entropy loss: 

𝐿𝐿𝐶𝐶 𝑠𝑠(𝑡𝑡),𝑎𝑎(𝑡𝑡);𝑤𝑤𝐶𝐶
= 𝐿𝐿BCE 𝐶𝐶 𝑠𝑠(𝑡𝑡),𝑎𝑎(𝑡𝑡) ,𝑔𝑔(𝑡𝑡) + 𝐿𝐿BCE 𝐶𝐶 𝑠𝑠(𝑡𝑡),−𝑎𝑎(𝑡𝑡) , 1 − 𝑔𝑔(𝑡𝑡) , 

where 
𝑔𝑔(𝑡𝑡) = �0  if 𝑎𝑎(𝑡𝑡) ⊕𝑦𝑦(𝑡𝑡) == 1

1  otherwise 
 

and 𝑔𝑔(𝑡𝑡) means whether the direction of action is consistent with 
the label. For 𝑎𝑎 ⊕ 𝑏𝑏, the statement is true only if either 𝑎𝑎 > 0 or 
𝑏𝑏 > 0, not both. 

Action-based confidence network 
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Method 
 
We formulate action-aware learning as the self-adaptive reward 
function, 𝑟𝑟(𝑡𝑡), to adapt the mechanism to multi-agent reinforcement 
learning (MARL) training: 

𝑟𝑟(𝑡𝑡) = � 
𝑁𝑁

𝑖𝑖=1

𝛼𝛼 2 − 𝑐𝑐𝑖𝑖 𝛽𝛽gain𝑖𝑖
(𝑡𝑡), 

where 𝑐𝑐𝑖𝑖 is the value on the confidence map, and gain𝑖𝑖
(𝑡𝑡) denotes the 

relative gain of cross-entropy: 

gain𝑖𝑖
(𝑡𝑡) = 𝒳𝒳𝑖𝑖

(𝑡𝑡−1) −𝒳𝒳𝑖𝑖
(𝑡𝑡),𝒳𝒳𝑖𝑖

(𝑡𝑡) = −𝑦𝑦𝑖𝑖ln 𝑝𝑝𝑖𝑖
(𝑡𝑡) − 1 − 𝑦𝑦𝑖𝑖 ln 1 − 𝑝𝑝𝑖𝑖

(𝑡𝑡) , 

where 𝒳𝒳𝑖𝑖
(𝑡𝑡) denotes the cross-entropy between the current 

segmentation probability and the ground truth. 

Confidence-based reward shaping 
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Method 
 
The confidence network can generate high-quality labels for 
unlabeled data, thus reducing interaction intensity.  

Label generation and interaction guidance 
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Major results 
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Major results 
The performance of different interactive medical segmentation 
methods and methods with different weighting rewards 
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Conclusions 
We propose a method for learning the confidence of actions that 

continuously refine the segmentation result during the interaction 
process, so that hint information can be used more effectively. 

A self-adaptive reward is proposed for the segmentation module, 
which can prevent the misunderstanding during the interaction and 
help reduce the time cost of interaction by providing users with the 
advice regions with which they should interact next. 

MECCA is demonstrated to improve the efficiency of interactive 
medical image segmentation using fewer annotated samples. 
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