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Two ways to train HyperLoRA: Reconstruction or SFT Reconstruction-trained T2L recovers oracle
T2L Training performance on the benchmarks
The hypernet is trained either via reconstruction or SFT loss T2|_ can be meta_trained either by . . . — E— .
Table 1: Benchmark performance of T21. trained via reconstruction loss on 9 benchmark tasks. ' Green highlight indicates
Base model A h yp er n e two r k th a t g en er a tes that T2 T outperforms the benchmark-specific LoRA adapters. |

Task emb B task-specific LoRAs from textual A=
w() LoRAS ( reconstructio n, | eft) p (ace) (acc) (ace) (acc) (ace) (acc) (acc) (ace) (pass@1) | (9 tasks)
l Base model 65.4 718 1716 40.9 49.7 54.2 72.8 45.0 43.1 55.8

l _ Directly make the adapted task desc Fi p ti ons, pro vi d Ta g Ono-Hot Tosk E.

T2L (Recon) [L 899 894 926 85.0 69.7

model output the correct

. ' e zero-shot test-time adaptation 0w ni ws vs w0 w1 v B8
Hypernetwo rk T Task Description E.
. , T21L (Recon) | L 76.6 898 894 92.6 850 51.8 73.3
l Both training regimes are fully T21L (Recon) M 765 899 894 925 849
differentiable without altering the T21 (Recon) S 754 888 87.8 80.7  76.7
base model’'s parameters, Task-specific LoRAs ~ 76.6  89.9 894 535 926 850 52.1 73.3
AW x— W' preserving useful capabilities of

the base model.

l l Empirically, we find that the SFT SFT T2L 2ero -ShOt perfOrmance Table 5: T2L trained via reconstruction on 9 tasks performs Description-task alignment

objective makes T2L generalizes well when given aligned task descriptions. Unaligned de-

Target AW J) (’5}, y) better. i m p roves as th e num b er o f tl" a i n i n g scriptions produce lower benchmark performance. We vary the description types

during evaluation and categorize

taSkS in Creases Aligned Unaligned them into two CategorieS: A“gned

Reconstruction loss SFT loss Train Eval Train (random) Random strings and Unaligned.
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different inductive biases and parameter counts. 64 128 256 489
Number of training datasets

8 68 oL 733 736 49.1 68.2 Unaligned LoRA produce lower
Arch i ati £ lor ffini £ trad £f - rzLmMm 735 702 49.5 68.5 benchmark performance,
rcn. variations ror expioring erriciency-perr traae-o © T2L S 73.0 729 55.7 53.9 suggesting specialization of LoRA
( ~ ¢ \ E 67 Avg. 733 722 51.4 63.5 generation by T2L.
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Most of parameters come from the output layer, thus, we explore different output _ —e— T2L (S) W arc_easy
spaces (S, M, L). O) ———- MT-LORA : :."L'::.:ZL':?
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Each variant imposes a different output space on the hypernetwork, inducing S ¢ : piga
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All variants can generate a full LoRA adapter efficiently in a single forward pass by ° o
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