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1. Objectives 3. Single-task learning (STL) 4. Multi-task learning (MTL) 6. Conclusions

There is inherent variability in MR datasets. The

MTL improves SSIM & PSNR and qualitatively
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Find a suitable MTL scheme for our datasets Figure 1: Abundant task = knee coronal PDw; all 481 slices are used. Scarce Figure 2: Hard sharing MTL scheme with shared blocks at the beginning.
task = knee coronal PDw-FS ; a percentage of the total 492 slices is used. Split blocks are task-specific. Loss weighting is done using DWA or naively.

Transfer learning outperforms current M TL models.
In addition, negative transfer can cause MTL to

2. Background 5. MTL reconstructions reduce errors perform worse than STL.
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Table 1: MTL schemes illustrated in Figure 2 and used to generate our
result MRIs are bolded in orange.

MTL Schemes Examples 8. Future work

shared blocks at beginning

hard sharing shared blocks in middle Explore other datasets, including differing anatomies.

shared encoder & split decoder Expand the number of datasets

. attentional network
soft sharing
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- - - Figure 3: When PDw-FS slice count is 25 % or 50 % of PDw's, MTL reduces errors from STL. 9 _ REferences
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Figure 4: PDw-FS and PDw MTL recons both have better SSIMs than STL recons.



