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Motivation

• On-device LLMs rely on Low-Rank Adapters (LoRAs) to
support diverse tasks under tight resource constraints.

• Mobile storage is limited - storing one LoRA per task (e.g. 40 tasks
≈ 1 GB) is infeasible.

• Existing model merging methods (Linear, DARE, TIES) assume
all LoRAs are available simultaneously, but in practice, LoRAs arrive
incrementally as users request new functionality.

• We formalise online continual merging: incorporate each new
LoRA into a fixed-size collection L(t) of size K, without access to
previous training data.

• We propose a lightweight, data-free merging strategy that identifies
adapters for merging using information from the history of merges
and employs dynamic weighting to balance old and new capabilities.

Online Continual Merging

  

K-Merge and K-Merge++

1: Parameters: budget K , threshold s

2: Initialize on-device collection by L(0) = ∅.
3: Initialize history by H(0) = ∅.
4: while new LoRA L(t) received, t > 0 do
5: if |L(t−1)| > 0 then
6: c← argmaxi sim(L(t), Li)
7: end if
8: if |L(t−1)|=K

or (|L(t−1)|>0 and sim(L(t), Lc)≥s)
then

9: # merge branch
10: L(t) ← {L(t−1) \ Lc} ∪ {merge(Lc, L(t))}
11: merge(Lc, L(t)) = L(t)+|H(t−1)[c]|·Lc

|H(t−1)[c]|+1

12: H(t)[c]← H(t−1)[c] ∪ {t}
13: else
14: # store branch (|L(t−1)| < K)
15: L(t) ← L(t−1) ∪ {L(t)}
16: H(t)[|L(t−1)|+1]← {t}
17: end if
18: end while
19: return L(t)

K-Merge++ only unshaded = both variants   

Quantitative Results
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