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Algorithm 1 “Separate BP - Average Update” ~ Reference > Query Prediction  GT < Reference >  Query Prediction  GT

Training iteration with N = 12 and B = 1.

Require: A batch D = {D;}?_; and Q = {Q:}{—1. D; and

Q)+ are N and B image-mask pairs randomly selected from

training set of task ¢.

create reference image tensor I,, € R3XNX3XHXW from D

create reference mask tensor M, € R8XNXIXHXW gom D

create query image tensor I, € R¥*B>3>HXW from Q

create query mask tensor M, € R¥*B>*XHXW from

avg_grads < ]

for each param in SR-ICL.parameters() do
zero_tensor < torch.zeros_like(param)
avg_grads.append(zero_tensor)

end for

L+ 0

: fort < 1,8 do

R « I.]t,..]

RM « M,t,..]

Pl « I[t,..]

PM « M,[t,..]

P, + SR-ICL(R{,RM,P})

L + Loss (P, PM)

zero_grad(Optimizer)

Conclusion

» The self-referring mechanism improves the robustness to the
reference information.

» SR-ICL achieves good performance with weak annotations.

» The training strategy enables SR-ICL to balance any number of
datasets even with one single RTX 3090 GPU.

» We propose a self-referring mechanism that adaptively
extracts information from the query itself to overcome
the negative impact caused by low-matched reference
sets.

> We design reference indicator generation to efficiently
utilize reference information instead of cross-fusion
mechanisms which heavily rely on reference sets,
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Future Work

facilitating the self-referring mechanism. B beckuaraly s § | | |
> Our designs successfully apply ICL to unified MLS. SR-ICL .. i sy vt saram arod : < » Dynamic selection of the reference images.
has impressive performance even with weak reference . Fnﬁ’}ﬁ'rf°r o L - > Large-scale pre-training on medical data.
24: for eac param,avqg-gra n

annotations such as boxes and points. Furthermore, it has _ (szsctporameters). avg grads) do

25:  param.grad < (M)

relatively low memory requirements during training. 20: end for

27: step(Optimizer)

> Extend to 3D medical segmentation dataset.




