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Abstract

On-device Al systems increasingly adopt a single founda-
tion model equipped with task-specific Low-Rank Adap-
tation (LoRA) modules, forming a multi-LoRA LLM that
supports multiple tasks. We study how to adapt such a
model to a new task on memory-constrainted devices. Al-
though LoRA reduces trainable parameters, fine-tuning a
full set of modules remains memory-intensive. To improve
efficiency, we apply sparse updating, training a subset of
LoRA modules within the memory budget. However, exist-
ing sparse updating methods assume all candidate parame-
ters are instantiated and cannot estimate the importance of
modules that do not yet exist, while prior memory models
designed for sequential networks fail to capture the block-
wise parallel structure of Transformers. We propose TaskIT,
a framework for memory-efficient fine-tuning via cross-task
importance transfer. TaskIT predicts pre-insertion mod-
ule importance by transferring from previously tuned tasks
and employs a block-based memory predictor that cap-
tures parallel and sequential dependencies of Transformer
blocks. A dynamic programming scheduler then selects
module locations, numbers, and ranks to maximize accu-
racy within the memory budget. Experiments on uni-modal
and cross-modal benchmarks show that TaskIT achieves su-
perior accuracy-memory tradeoffs compared with Zero-FT,
non-LoRA, and LoRA-based fine-tuning methods.

1. Introduction

On mobile and edge devices, Al is increasingly built around
a single foundation model rather than separate models per
task. A pre-trained backbone is deployed once and kept
frozen, while each downstream task is customized by a set
of Low-Rank Adaptation (LoRA) modules [29] attached
to the backbone. These modules are the only parameters
trained per task and are merged into the backbone at infer-
ence, so all tasks reuse the same heavy computation while
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differing only in their LoRA states. For example, recent
research envisions the foundation model as OS-managed
firmware that apps extend with task-specific modules [74],
and Apple’s on-device foundation models adopt modular
fine-tuning for in-app assistance [2]. This multi-LoRA
LLM paradigm minimizes storage duplication and enables
scalable on-device adaptation to new tasks.

Although LoRA fine-tuning is parameter-efficient, it re-
mains memory-intensive. For example, compared with full
fine-tuning of ViT-g [77], LoRA updates 1.8% of the param-
eters yet consumes 56% of the peak memory [48]. This is
because it still needs to store LORA parameters, activations,
gradients, and optimizer states. Freezing the backbone re-
duces gradient and optimizer memory but barely lowers ac-
tivation memory. Thus, training a full LoRA set for each
new task easily exhausts device memory and limits the num-
ber of supported tasks.

A natural way to enable memory-efficient fine-tuning is
to sparsely insert trainable LoRA modules into the back-
bone. (i) The configuration of LoRA modules affects the
peak memory during fine-tuning. Specifically, the num-
ber and placement of LoRA modules determine the activa-
tion memory during backpropagation, while their number
and ranks determine the overall LoRA parameters, gradi-
ents, and optimizer states memory [78]. (i) LoRA modules
contribute unevenly to fine-tuning accuracy, and their im-
portance varies across layers, ranks, and tasks [5, 19, 73].
For example, visual question answering benefits more from
deeper-layer modules [73], whereas sentiment analysis re-
lies more on shallower ones [19].

In this paper, we study sparse fine-tuning of multi-
LoRA LLMs for an unseen task, where only a subset of
important LoORA modules are inserted and trained under a
memory budget. Prior work on sparse updating [31, 42]
does not apply to this setting, which raises two key chal-
lenges. Challenge #1: Predicting module importance be-
fore insertion. Most importance estimation methods [4, 27]
assume all candidate parameters already exist, as they rely
on quantities such as the parameters or their gradients ex-
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Figure 1. LoRA module importance estimated by TaskIT (§ 4.2)
at different backbone locations (x-axis) across five example tasks
(y-axis), with darker colors indicating higher importance. ¢:: text-
to-image [62]; t2: image captioning [25]; t3: image classification
[18]; ta question answering [53]; t5: text summary [24].

tracted from a trained model. However, we cannot insert

and train a full set of LoRA modules merely to measure

their importance. Challenge #2: Predicting module mem-
ory in Transformers. Existing memory modeling [42] as-
sumes that memory scales linearly with the module index,
which fits sequential networks but fails for Transformers,
whose attention blocks contain parallel projection matrices
across multiple branches that break this linearity.

We propose TaskIT (Cross-Task Importance Transfer),

a memory-efficient fine-tuning framework for multi-LoRA

LLMs. First, relevant tasks induce similar distributions

of LoRA module importance along the backbone (Fig. 1).

Hence, TaskIT treats importance prediction as cross-task

transfer from previously learned tasks in the multi-LoRA

model. It estimates task similarity, transfers module impor-
tance from similar tasks, and assigns importance to modules
of the new task prior to their training. Second, we propose

a block-based memory predictor that separates parallel de-

pendencies within a block from sequential dependencies

across blocks, and accurately predicts how LoRA mod-
ule insertion affects activation memory. Finally, TaskIT

feeds module importance and memory predictions into a

dynamic-programming (DP) scheduler that configures the

locations, number, and ranks of LoRA modules to maxi-
mize accuracy within the memory budget.
Our main contributions are as follows.

* We advance sparse updating to a new setting of memory-
constrained fine-tuning of multi-LoRA LLMs on unseen
tasks. Prior studies assume candidate parameters already
exist and cannot estimate module importance before in-
sertion. We close this gap by cross-task importance trans-
fer, which leverages previously tuned tasks to predict the
importance of uninserted modules for a new task.

* We develop TaskIT, an effective and memory-efficient
framework that implements this idea with three compo-
nents: a parameter-free importance predictor that avoids
training full LoRA sets, a block-based memory predictor
tailored to Transformers, and a DP-based scheduler that
efficinetly searches for sparse insertion strategies.

» Experiments show that TaskIT achieves a better accuracy-
memory tradeoff than Zero-FT [30, 35], non-LoRA [9,
48], and LoRA-based fine-tuning [78, 79], and that it gen-
eralizes across uni- and cross-modal tasks.

2. Related Work
2.1. Efficient LoRA-based Fine-tuning

On-device adaptation of foundation models has driven ex-
tensive research on efficient fine-tuning. Zero-FT schemes
such as prompt tuning [35] and model merging [11, 30, 51]
adapt to new tasks without updating model parame-
ters. Parameter-efficient fine-tuning (PEFT) methods, in-
cluding adapter tuning [9, 28, 35], selective backbone tun-
ing [33, 49, 75], side tuning [15, 34, 44, 48], and LoRA
[29], update only lightweight task-specific components
while keeping most parameters frozen. We apply LoRA-
based fine-tuning as it strucually aligns with our multi-
LoRA LLM setting, and empirically achieves better perfor-
mance than Zero-FT and non-LoRA baselines (§ 5.2).

Several studies further improve the efficiency of stan-
dard LoRA. m-Tuning [68] merges existing LoORA modules
through gradient-based weighting, avoiding training from
scratch but still incurring memory overhead comparable to
standard LoRA. Other works adjust LoRA ranks across lay-
ers, assigning higher rank to important modules and lower
rank to less important ones [16, 78, 79]. NOAH [80] fur-
ther employs neural architecture search to pick optimal per-
layer ranks. These rank-based strategies balance parame-
ter count and accuracy but remain memory-intensive, since
LoRA’s peak memory depends on both rank and insertion
location within the backbone. In contrast, we jointly opti-
mize the rank, number, and location of LoRA modules
by predicting their importance and memory usage, achiev-
ing memory-efficient LoRA-based fine-tuning.

2.2. Sparse Updating

Sparse updating freezes unimportant layers and trains only
accuracy-critical ones, and has been applied in memory-
efficient training of small models. Its effectiveness depends
on estimating a layer’s importance and memory cost.
Prior importance prediction approaches fall into three
categories. Activation-based methods use statistics [20, 27]
or semantic similarity [54, 66] between layer inputs and out-
puts. Loss-based methods estimate the impact of removing
parameters by computing first-order [4, 31, 45, 78, 79] or
second-order [57] loss approximations. Proxy-based meth-
ods infer importance via an external predictor [41], search
algorithm [55], or policy network [22]. However, all of
them assume the evaluated parameters already exist. In our
setting, LoRA parameters for the new task are unknown be-
fore insertion. Estimating their importance would require
training all modules, which defeats the purpose of sparse in-



sertion. We address this dilemma by transferring module
importance from learned tasks to the new one.

Prior memory prediction studies fall into two cate-
gories. Activation-based methods [8, 27, 41] predict per-
layer memory from activation sizes but fail to model the cu-
mulative backward dependencies during training. Location-
based methods [42] approximate per-layer memory by com-
bining activation size with a layer-position index, a proxy
for backward-path length, assuming roughly linear growth
along network depth. This assumption holds for sequential
networks but breaks for Transformers, whose multi-branch
attention structure violates linear layer ordering. Instead,
we introduce a block-based module memory predictor that
models parallel dependencies within blocks and sequential
dependencies across blocks.

3. Problem Statement

On-device multi-LoRA foundation models must adapt to
new tasks on memory-restricted platforms. We study how
to fine-tune such a model by selectively inserting LoRA
modules into the frozen backbone under a memory budget.
Tab. 4 in Appendix A.l1 summarizes the major notations.

Consider a Transformer-based model with N modality-
specific encoders, M modality-specific decoders, and a
shared backbone 6 comprising frozen projection matrices
set K. The model has already learned tasks ¢; through ¢,
each associated with task-specific LoORA modules w; =
{wk}rex inserted into the frozen matrix W, for task
t;. For a new task t,41, our goal is to selectively insert
and fine-tune LoRA modules while keeping the backbone
frozen and respecting a memory budget Mp. Let s be the
insertion strategy, where each entry specifies the LoRA rank
at a potential module location (with zero indicating no in-
sertion). Let A, 11 be the module importance vector, whose
entries predict the contribution of each location to the accu-
racy on 1, and let M (s) be the resulting memory usage.
We formulate the problem as:

max S Ap41 st M(s) < Mp. (D
S

While similar to prior sparse updating [31, 42], Eq.(1) is
for a new task whose modules do not yet exist in a multi-
LoRA foundation model, which introduces two challenges.
¢ Importance prediction without module insertion. Ex-
isting methods (§ 2.2) estimate importance from already
inserted modules. For the new task ¢,, 1, no task-specific
modules exist beforehand. Obtaining A, 41 by training a
full set of LoRA modules contradicts the goal of sparse
insertion, making these approaches infeasible.

¢ Accurate memory prediction in Transformers. Given
insertion strategy s, its peak fine-tuning memory M (s)
is dominated by the parameter and activation memory.
While parameter memory is only related to the number

and size of inserted modules, activation mememoy also
depends on their insertion locations. Previous work [42]
assumes the activation memory decreases linearly with
layer depth. Yet the multi-branch attention blocks make
such linear approximations inaccurate.

4. Method
4.1. TaskIT Overview

We propose TaskIT (Cross-Task Importance Transfer), a
framework that predicts module importance for a new task
without training a full set of LoORA modules and accurately
predicts the resulting activation memory for Transformers.
* To obtain the importance A, 41 for uninserted modules,
we consider importance prediction as a transfer problem.
TaskIT measures the importance of existing modules for
learned tasks and weigh these importance scores by task
similarities. It then uses the weighted average as the im-
portance of the new task’s modules at the same locations.
* To predict activation memory for an insertion strategy s,
we analyze how parallel dependencies within blocks and
sequential dependencies across blocks affect activations
to be retained during backpropagation. By aggregating
these block-level effects, we accurately predict the con-
tribution of each module to the activation memory usage.
Finally, TaskIT employs a DP-based scheduler to effec-
tively search for a near-optimial sparse insertion strategy s
that satisfies the memory budget.

Fig. 2 illustrates the workflow of TaskIT. For a new task
tn+1, the module importance predictor (§ 4.2) predicts
the importance of each insertion location, and the module
memory predictor (§ 4.3) maps a strategy s to its peak
fine-tuning memory usage. The DP-based module inser-
tion scheduler (§ 4.4) then selects s that optimizes the ob-
jective in Eq.(1). The selected modules are inserted and
fine-tuned, which are then merged with the frozen backbone
for inference on task ¢,,11.

4.2. Module Importance Predictor

Given a new task ¢,,1 1, we aim to predict its module impor-
tance vector A, 43 without inserting new LoRA modules.
We formulate it as a cross-task transfer problem, where the
importance \* 1 of the module at location k is estimated by
the importance of modules at k from the n learned tasks,

Miir =D bltar1,ts) - AL, 2)
=1

where ¥ is the importance of module w! for task ¢;, and
¢(+,-) measures task similarity. Tasks more similar to ¢,,41
contribute more to the predicted importance.

Implementing the idea needs two steps. (i) Quantify im-
portance \¥ for each already learned module w? at location
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Figure 2. TaskIT overview. (a) The module importance predictor predicts new task importance by transferring weighted importance from
existing task modules based on task similarity. (b) The module memory predictor predicts the memory usage of insertion strategy. (c) The
module insertion scheduler searches for near-optimial sparse insertion strategy based on results from (a) and (b). The components of the

multi-LoRA foundation model are shaded in gray.

k (§ 4.2.1). (ii) Compute similarity ¢(¢,1, ¢;) between the
new and learned tasks as the transfer weight (§ 4.2.2). Both
steps should be accurate and memory-efficient, as they op-
erate on the same memory-limited devices for fine-tuning.

4.2.1. Module Importance Estimation for Learned Tasks

We infer the module importance of a learned task ¢; (1 <
1 < n) using an activation-based, LoRA-tailored estima-
tor evaluated on the new task’s data. Specifically, the im-
portance of module w¥ at backbone position k is

oo latwhsdlh .

lx(W¥;d)l[1 + €

where d is batched data from the new task t,, 1, z(w¥; d)

and z(W*; d) are the output activations of the LoORA mod-

ule wf and frozen matrix W* on d, and € = 10~8 ensures
numerical stability. We use the L1 norm for computational
efficiency and robustness to outliers.

This design is both memory-efficient and accurate.

* Memory efficiency. Activation-based estimation [20, 56]
only needs forward passes, whereas gradient- [4, 31] and
proxy-based [41, 55] methods require full backpropaga-
tion, which are more memory-intensive.

* LoRA-aware accuracy. Prior activation-based estima-
tors [20, 56] assess importance solely by the absolute acti-
vation of the evaluated layer. In LoRA, the module output
is merged with the matrix output, so importance should
depend on the module’s relative contribution to the com-
bined activation. Our ratio-based formulation explicitly
captures such relativeness and better aligns with LoRA.

4.2.2. Task Similarity Assessment

We measure the similarity ¢(t,,11,¢;) between the new task
tn+1 and each learned task ¢; (1 < ¢ < n) from their ac-
tivations on the same batched input d from ¢,,41, without
requiring LoRA parameters trained for ¢,, ;.

Principle. Activation similarity is a direct proxy for task
similarity. If two tasks are semantically related, their ac-
tivations (backbone plus task-specific LoRAs) should ex-
hibit similar responses to the same input [39]. Let w; be
the trained LoRA modules for task ¢;, which produce ac-
tivations x(6 + w;; d) optimized for ¢;. If LoORA modules
w41 for ¢, 11 were available, they would generate activa-
tions (6 + w,,+1; d) reflecting the objective of ¢,,11. The
cosine similarity between z (6 + w;; d) and (0 + w4 1; d)
would then quantify how similar ¢; is to ¢,,11.

Challenge. In our setting, w,; is not yet trained, so
2(6 + wy41;d) is unavailable. This challenge resembles
that in module importance prediction (§ 3), where task-
specific parameters are umissing. However, our goal here
is simpler. Rather than inferring parameters or their impor-
tance, we only approximate the final activation of a trained
model 6§ 4+ w,, 41 on task t,,41.

Solution. We approximate x(6 + w,+1; d) by reversing a
single, simulated optimization step in the activation space
(upper-right of Fig. 2): (i) run a forward pass with the frozen
backbone to obtain x(6; d); (ii) feed z(0; d) into the decoder
and compute the new-task loss Lj; (iii) backpropagate only
to 2(0; d) to obtain V 4.4y L; (iv) take a small descent step:

‘T*(9+wn+1;d) = x(@,d) _nvm(();d)lh (4)
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where 1 > 0 is a small step size.

For each learned task ¢;, we directly obtain z(6 + w,; d)
via a single forward pass through the backbone 6 merged
with w;. The similarity ¢(¢,+1,¢;) is then defined as the
cosine similarity between x(6 + w;;d) and the approxi-
mated activation z*(0 + wp41; d). Empirically, we only
use tasks with similarity ¢(t,41,%;) above 0.35 to ensure
positive transfer (Appendix C.1). This yields an accurate,
pre-finetuning estimate of task relatedness using only one
forward and one lightweight backward pass per batch.

4.3. Module Memory Predictor

Given a module insertion strategy s, we predict its peak
fine-tuning memory M (s). We take a block-level approach
that accurately estimates activation memory in Transform-
ers and thus the overall peak memory during fine-tuning.

4.3.1. Peak Memory Decomposition

Fine-tuning memory peaks at the end of forward pass [42]
and decomposes as: M(8) = Meon + My (s) + M,(8).
Here, M.,,, is the memory of frozen backbone parameters
and runtime overhead, independent of s and profiled offline.
M., (s) is the memory from inserted LoRA modules (pa-
rameters, gradients, and optimizer states), which scales with
the parameter size of inserted modules and can be directly
estimated (Appendix A.2). M,(s) accounts for cached ac-
tivations during backpropagation and is difficult to model.

To estimate M, (s), we enumerate candidate cached ac-
tivations by tracing a dummy forward through the backbone
and decoder (encoder excluded since LoRA modules are
rarely inserted there), yielding an indexed set X'. For each
activation x € X, we record its memory footprint in m,,
which scales with batch size and sequence length. The acti-
vation memory for strategy s is then:

M(s) = gu(s) 'm, (5)

where g, (s) € {0,1}/*I indicates which activations must

be retained for backpropagation. Obtaining g,,(s) for Trans-
formers requires block-level analysis, as explained below.

4.3.2. Block-Level Activation Dependency Analysis

For each candidate insertion location k, we derive a binary
mask g, (k) € {0,1}I*! that specifies which activations in
X must be cached to compute gradients for that module. We
obtain g, (k) by tracing the backward pass and separating
intra-block and inter-block dependencies.

Intra-Block Dependencies. Within an attention block, (),
K, and V are parallel branches whose activations interact in
the attention operator, creating cross-branch dependencies
in the backward pass.
Consider inserting a module wy at W, (Fig. 3a). The
forward pass is @ = zin (W, + wg), and the block output is
22, = FFN(zl,), where 2}, = W,-Attn(Q, K, V) +Zin,

Attn(Q, K, V) = Softmax( i ) V and W, is the output

projection. To compute V., L, gradients flow from V2 L
toV 1 L through FFN, then t0 V Aten(Q,k,v) L through WO,
and to VQL via the attention operator, which depends on
the stored activations K and V. Finally, quL needs the
input activation xj,. Thus, insertion location £ at W should
set g, (k) to 1 for entries correponding to K, V., xi, for W,,.

We analyize the backward dependency for moduel inser-
tion at all the six location types within an attention block
Wy Wi, Wy, Wy, Wiy, and W25 ). The correpond-
ing configurations for g, (k) are deferred to Appendix A.3.

Inter-Block Dependencies. To propagate gradients from
the loss L back to a module in block r, we must preserve ac-
tivations along the backward path in all subsequent blocks
r + 1 up to the decoder. These include ), K, V and at-

tention weights AW (Q, K) = Softmax(%) in down-

stream blocks (Fig. 3b). In contrast, the activations of pre-
ceding blocks (1, ..., — 1) can be discarded after the for-
ward pass. Thus, we set to 1 all entries in g, (k) that cor-
respond to the required backward-path activations in blocks
r + 1 through the decoder.

Efficient Prediction. Given {g,(k)}, the activations for
strategy s are the union over selected locations g, (s) =
Vs, =1 92(k), with element-wise OR V. For a given
model, {g.(k)} and m, are profiled once by tracing the
computation graph and analyzing block-level dependencies.
Then memory prediction for strategy s reduces to inexpen-
sive OR and dot-product operations plus M, (s), enabling
fast evaluation for DP-based scheduler.

4.4. Module Insertion Scheduler

We adopt a DP-based scheduler to search the module in-
sertion strategy s for Eq.(1). Each entry s* € R =
{0,29,...,2%} is the LoRA rank r at location k (r = 0
means no insertion). We cap the rank at 26 = 64, as prior



work [5] shows diminishing returns beyond. Our goal is to
maximize total importance under the memory budget M.

The problem in Eq.(1) is a knapsack variant. The incre-
mental memory cost AM of inserting at location k depends
on the nearest previously inserted location &, which breaks
the standard assumption of independent items. Thus, we
explicitly encode the last insertion location in the DP state.

Let P[k][Mp] be the maximum cumulative importance of
any strategy whose rightmost insertion is at k£ (k = 0 means
no insertion yet), under total memory cost < M;. The mem-
ory budget is discretized into U bins of width Mp/U. Em-
pirically, we set U = 500 to balance search accuracy and
overhead. We initialize P[0][M;] = O for all feasible M.

For each state, we consider inserting a rank » > 0 at k
and choosing a predecessor ks < k:

PIIMGE = g
0<ks<k

(Pl — AM) + h(r) My ).

(6)
where A%, is the predicted importance at k, and h(r) =
v/In(r) + 1/4/In(max(R) + 1) normalizes the contribu-
tion of rank r (chosen empirically; see Appendix C.2).
AM = M(sy) — M(sg,) is the extra cost to insert a
rank-r module at £ given predecessor ks. Transitions with
My, — AM < 0 are skipped. A location is skipped if its
state is never used as a predecessor. After filling the DP ta-
ble, the optimal solution is max<<|x| P[k][Mg], and the
corresponding insertion strategy is retrieved via backtrack-
ing. Pseudocode is provided in Appendix A.4.

5. Experiments
5.1. Experimental Setups

Datasets. We test three modalities: image, natural lan-
guage processing (NLP), and vision-language (VL). For im-
age, we use seven representative VTAB [76] datasets: CI-
FAR100 [40], Caltech101 [21], DTD [12], Camelyon [7],
EuroSAT [23], Clevr-Count [37], and DMLab [6]. We
also include four larger, more challenging datasets follow-
ing [48]: Places365 [81], iNaturalist2018 [58], iNatural-
ist2021 [59], and ImageNet [14]. For NLP, we use four
representative GLUE [63] tasks: MNLI [67], QQP [13],
MRPC [17], and QNLI [63]. For VL, following [68], we
evaluate on VQA (test-std) [3], SNLI-VE (test) [69], Ref-
COCO+ (val) [46], and COCO (image captioning) [43].

Models. We use the 1.5B-parameter vision-language model
Janus-Pro [10] as our pretrained foundation model. To sup-
port audio modalities, we extend Janus-Pro with Whisper-
tiny [52] as the audio-text encoder and Kokoro-82M [1] as
the text-audio decoder. We also test other backbones, e.g.
the 180M and 470M variants of OFA [64] in Appendix C.3.

Metrics. For image and NLP tasks, we report top-1 ac-
curacy (%). For VL tasks, we report accuracy (%) on

VQA (test-std), SNLI-VE (test), and RefCOCO+ (val). For
COCO, we report BLEU@4 [50] and CIDEr [60], denoted
as COCO(B@4) and COCO(C), respectively.

Wart-start Setup. Given a foundation model already fine-
tuned on several base tasks via task-specific modules, we
adapt it to a new task [68]. Results following the cold-start
VTAB setup [76] is in Appendix C.4.

Compared Methods. We compare TaskIT against three
groups of baselines: (i) Zero-FT: Prompt Tuning [35],
AdapterSoup [11], AdapterFusion [51], and LoraHub [30];
(i) Non-LoRA-based PEFT: Full tuning [33], Linear tun-
ing [33], BitFit [75], RS-Bypass [34], Adapter [28], Adapt-
Former [9], FacT-TK [36], RS [34], ConvPass [35], LISA
[49], LoSA [48], HST [44], and UniPT [15]; (iii) LoRA-
based PEFT: LoRA (r = 8) [29], NOAH [80], w-Adapter
(r = 8) [68], AdaLoRA [78], and AutoLoRA [79]. Details
of all baselines are in Appendix B.1. All other experimental
setups are in Appendix B.2.

5.2. Main Results
5.2.1. Performance on Cross-modal Tasks

Settings. We evaluate how different fine-tuning meth-
ods adapt a multi-LoRA LLM to cross-modal downstream
tasks under a memory budget. We start from a model
with LoRAs for five base tasks: image classification (Pas-
cal VOC [18]), question answering (SQuAD [53]), image
captioning (Flickr8k [25]), text-to-image (CUB-200 [62]),
and visual question answering (GQA [32]). These tasks
span uni-modal and multi-modal understanding, generation,
and reasoning, providing a realistic starting point for on-
device LLMs [74]. We then fine-tune the model on new
tasks across image, NLP, and VL modalities under a mem-
ory budget M p of 8 GB, roughly matching modern mobile
devices [65].

Results. From Tab. 1, TaskIT achieves the best accuracy-
memory trade-off on cross-modal tasks. (i) Compared to the
best Zero-FT baseline, AdapterFusion, TaskIT improves
average accuracy by 10.4%. Zero-FT methods adapt to a
new task by combining existing task-specific modules with-
out training new parameters, and struggle when the new
task is weakly related to learned tasks, especially for im-
age tasks. Moreover, although AdapterFusion does not
train parameters, it still needs 10.6 GB of memory to com-
pute combination weights. (ii) Compared to the best non-
LoRA baseline, UniPT, TaskIT reduces average memory
usage by 13.8% while improving accuracy by 1.5%. UniPT
uniformly allocates memory across modules without im-
portance modeling, wasting budget on non-critical compo-
nents, and thus needs a 9.4x larger trainable subnetwork
to approach TaskIT’s accuracy. (iii) Compared to the best
LoRA-based baseline, AutoLoRA, TaskIT saves 45.5%
memory with only a 0.3% accuracy drop. AutoLoRA re-
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Zero-FT
Prompt Tuning[35] 0.0 |73.7 86.1 59.6 78.1 90.7 65.0 41.2 53.2 72.5 76.9 81.9/70.8 11.7|80.6 84.8 84.1 87.5|84.3 11.6/66.9 77.4 69.4 36.0 134.9/76.9 11.7
AdapterSoup[11] 0.0 [54.573.9 52.5 67.6 84.5 37.9 36.2 45.6 62.8 63.3 72.9|159.3 0.0 |75.8 81.5 81.8 81.3|80.1 0.0 |62.4 73.5 64.6 37.5 130.4|73.7 0.0
AdapterFusion[51] 11.1 |61.2 77.6 54.2 74.7 83.7 79.1 44.0 45.6 65.5 69.0 73.3]66.2 10.6|78.3 79.2 78.2 87.780.9 10.5|/67.2 76.7 65.9 38.2 131.1|75.8 10.6
LoraHub[30] 0.0 [53.276.4 67.575.1 87.7 66.2 29.6 52.3 68.2 57.3 69.2|/63.9 6.4 |74.1 83.2 81.7 84.0/80.8 6.3 |64.3 77.1 65.5 36.1 123.7|73.3 6.5
Non-LoRA-based PEFT
Full tuning[33] 1720.5|72.7 87.2 64.1 81.4 95.6 75.5 43.5 56.5 76.8 81.9 87.2|74.8 16.5/86.5 88.1 88.6 92.3|88.9 16.1|76.5 86.1 80.4 42.2 142.7|85.6 16.6
Linear tuning[33] 0.0 |64.479.3 58.2 76.8 82.7 68.3 39.8 55.2 67.7 78.7 82.4|68.5 6.8 |81.2 84.0 83.9 86.9|84.0 6.6 |68.2 78.7 70.3 36.8 135.4|77.9 6.8
BitFit[75] 1.2 |71.6 82.9 59.1 77.9 91.1 61.4 33.4 60.6 77.1 75.4 86.3|70.6 8.1 |81.7 84.9 85.7 88.5|85.2 7.9 |72.1 82.0 73.9 39.5 139.3|81.4 8.1
RS-Bypass[34] 35.8 |61.8 86.7 74.6 82.5 94.0 70.5 38.2 57.4 71.5 67.3 78.3|71.2 8.9 |85.8 89.3 84.5 90.9/87.6 8.6 |72.5 81.0 72.2 38.3 140.3/80.9 9.0
Adapter[28] 13.1 |71.7 90.9 64.7 81.1 94.0 78.0 51.1 56.6 72.1 79.8 83.1|74.8 9.9 |85.2 89.3 87.9 92.7|88.8 9.6 |73.0 83.6 75.2 41.9 140.7|82.9 10.1
AdaptFormer[9] 13.1 [69.2 89.1 71.2 82.9 94.5 82.3 48.8 56.6 78.1 83.2 86.4|76.6 9.5 |85.9 90.6 89.1 92.789.6 9.2 |72.7 84.0 74.9 40.7 142.1|82.9 9.8
FacT-TK[36] 4.9 |74.8 88.9 70.5 84.0 93.8 84.0 48.3 55.6 73.8 72.8 85.1|75.6 10.1|85.8 90.4 86.1 92.4|88.7 9.8 |73.9 83.7 75.5 41.3 142.2183.3 10.1
RS[34] 43.1 |77.791.1 71.1 85.5 95.5 81.5 50.9 57.4 74.3 80.8 85.4|77.4 12.3|86.1 89.6 88.5 92.9/89.3 11.8|73.1 84.3 75.4 41.0 141.6|83.1 12.3
Convpass[35] 26.5 |67.1 90.8 70.3 82.4 96.5 82.9 51.3 62.2 77.6 79.1 84.7|76.8 9.7 |73.2 79.6 74.8 82.7|77.6 9.4 |70.6 83.3 74.7 39.5 138.9(81.4 9.8
LISA[49] 170.6 [69.8 90.6 72.8 85.7 96.1 82.7 49.5 59.8 78.1 84.7 85.9|77.8 10.0/83.8 88.2 86.2 91.3|87.4 9.6 |74.9 83.1 73.6 40.1 140.1|82.4 10.1
LoSA[48] 9.7 |78.7 90.2 71.9 86.7 93.9 77.1 47.2 58.6 79.9 81.6 85.0|77.3 9.3 |83.1 88.1 88.9 91.2|187.8 9.1 |71.7 82.2 73.9 39.3 140.1|81.4 9.3
HST[44] 66.9 |78.3 91.4 74.9 84.9 96.1 81.6 53.2 57.7 74.3 77.5 87.5|78.0 9.6 |85.0 88.3 89.6 93.1/89.0 9.2 |73.5 82.4 75.0 40.3 139.5|82.1 9.6
UniPT[15] 157.8 |78.1 89.0 71.5 85.1 94.4 81.6 48.8 60.2 80.9 84.8 88.6/78.4 8.8 |85.5 89.1 87.7 91.8|88.5 8.5|73.8 83.7 74.9 39.9 141.3|82.7 8.8
LoRA-based PEFT
LoRA[29] 31.0 |67.9 88.0 70.9 84.5 92.0 81.2 47.7 60.2 80.7 82.7 87.6|76.7 10.3|86.3 90.1 87.6 92.0/89.0 10.1|73.4 82.7 73.8 39.6 140.4|82.0 10.2
NOAH][80] 42.3 |72.6 92.4 73.2 83.2 96.2 83.1 51.9 59.6 79.2 84.7 88.8|78.6 13.2|85.9 89.4 89.8 92.1/89.3 12.6|74.5 84.2 75.9 40.6 141.9|83.4 13.3
m-Adapter[68] 228.0 |74.5 91.3 72.9 85.4 93.0 82.5 50.5 60.6 80.5 86.0 89.4|78.8 12.8|85.8 90.2 89.5 93.2|89.7 12.3|74.2 85.2 73.2 39.5 140.0(82.4 12.9
AdaLoRA[78] 29.1 |82.7 94.3 75.4 85.1 94.3 84.8 52.7 60.6 81.2 85.2 89.2|80.5 12.3|86.6 90.7 89.6 93.4|90.1 12.1|73.4 84.7 77.2 41.6 142.1|83.8 12.4
AutoLoRA[79] 29.1 |83.3 94.4 75.8 86.3 94.1 84.9 53.2 59.4 81.5 85.3 88.9|80.7 14.3|86.5 91.4 90.3 92.8/90.3 13.7|74.5 83.2 78.6 41.8 142.2|84.1 14.5
TaskIT 16.8 |83.4 92.1 76.7 86.5 96.6 80.7 50.6 60.8 81.9 85.4 89.3|80.4 7.8 |86.3 89.6 90.6 93.7|90.1 7.9 |75.1 85.3 75.2 39.8 142.4|83.6 7.8

Table 1. Performance of Zero-FT, non-LoRA, and LoRA-based fine-tuning for cross-modal tasks (Image, NLP, and VL). Parameters refers
to the number of learnable parameters excluding the final classification layer. Best results are bolded, and second-best underlined.

lies on a loss-driven meta-learner for importance evaluation
and rank allocation, but its bi-level optimization incurs sub-
stantial memory overhead [79].

5.2.2. Performance on Uni-modal Tasks

Settings. We compare the most accurate fine-tuning method
per category in the cross-modal setting and evaluate how
they adapt a multi-LoRA LLM to uni-modal (image)
downstream tasks. Following the VTAB benchmark [76],
we group tasks into three pools: Natural, Specialized, and
Structured. For each pool, we pick one task as the new task,
while the remaining tasks serve as base tasks for the foun-
dation model, following the warm-start protocol in [68].

Results. From Tab. 2, TaskIT again achieves the best
accuracy-memory trade-off. (i) Due to the higher similarity
among uni-modal tasks, the Zero-FT baseline AdapterFu-
sion performs better than in the cross-modal setting, with
an average increase in accuracy by 2.5%. However, its ac-
curacy remains 6.8% lower than TaskIT, indicating that pa-
rameter fine-tuning is still necessary even when adapting to
tasks within the same modality as the base tasks. (ii) Com-
pared to the non-LoRA baseline UniPT, TaskIT improves
average accuracy by 2.1% while reducing memory usage

by 11.4%. (iii) The accuracy gap to the best LoRA-based
baseline, AutoLoRA, is reduced to only 0.1%. This is be-
cause TaskIT can exploit the higher similarity between uni-
modal tasks for cross-task importance transfer, achieving
accuracy comparable to AutoLoRA’s meta-learning-based
importance estimation but at much lower memory cost.

5.3. Ablation Study

Settings. We assess the contribution of each key component
in TaskIT. The set of learned (base) tasks is identical to that
in § 5.2.1, and the new tasks are the same image tasks in
§ 5.2.1. For each ablation, we modify a single component
while keeping all other parts of TaskIT unchanged.

Results. From Tab. 3, replacing the task similarity assess-
ment (S) (§ 4.2.2) with uniform task similarities reduces
accuracy by 5.1%, while replacing the entire module im-
portance predictor (I)(§ 4.2) with uniform module impor-
tances reduces accuracy by 6.3%. This highlights the ne-
cessity of task similarity estimation and module importance
prediction. Substituting the module memory predictor
(M) (§ 4.3) with a uniform memory model increases peak
memory from 7.8 GB to 9.9 GB, showing that our block-
based profiler is essential for staying within a tight mem-
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AdapterFusion[51]|67.6 83.8 70.3 98.2 88.1 82.2 55.8/69.4 78.6 84.4 75.9 |79.0 70.6 43.5 83.7 80.6 52.4 42.5 49.1|78.1 77.1 62.7|10.6
UniPT[15] 78.1 89.0 71.5 99.1 89.7 84.1 56.3|85.1 94.4 86.8 76.3 |81.6 66.4 48.8 81.6 90.2 58.2 43.5 50.8|81.1 85.7 65.1| 8.8
AutoLoRA[79]  |83.3 94.4 75.8 99.7 90.8 86.3 56.5|86.3 94.1 89.6 79.2 (83.5 66.7 53.2 82.7 92.1 61.3 48.8 51.7|83.8 87.3 67.5|14.3
TaskIT |79.6 93.5 75.7 99.7 91.4 86.1 59.7 87.2 94.6 89.3 77.6 |86.3 69.9 54.5 81.4 90.8 58.1 44.5 52.7|83.7 87.2 67.3| 7.8

Table 2. Performance on Image tasks. Only the most accurate Zero-FT, non-LoRA, and LoRA-based baselines in the cross-modal setting

are included. Best results are bolded, and second-best underlined.

Learned Memory Accuracy
Method | Param (M) usage (GB) (%)
w/o S 16.8 7.6 753
w/o 1 16.8 7.6 74.1
w/o M 17.4 9.9 80.6
w/o DP 9.1 7.9 77.5
TaskIT 16.8 7.8 80.4
Table 3. Ablation study.
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Figure 4. Continual task learning evaluation. The model learns
new tasks ¢5-t12 sequentially. The stacked bar chart (left y-axis)
shows the similarity-weighted proportion of importance trans-
ferred from existing tasks for each new task. The line plot (right
y-axis) shows the accuracy gain of TaskIT over vanilla LoRA.

ory budget M p while preserving accuracy. Finally, replac-
ing the DP-based scheduler (DP) (§ 4.4) with a greedy al-
gorithm [61] reduces the number of learned parameters by
7.7M and drops accuracy to 77.5%. The greedy strategy un-
derutilizes the available memory, whereas the DP scheduler
more effectively searches the configuration space to maxi-
mize total importance under memory constraints.

5.4. Case Study

Settings. We conduct a continual task learning case study
to mimic realistic mobile deployment (Fig. 4). We select
tasks with high on-device demand [71] and gradually re-
duce the memory budget Mp from 12GB to 10GB and
then to 8 GB. The model is initially equipped with Lo-
RAs for four learned tasks: ¢; image classification (Pas-
cal VOC [18]), to object detection (COCO [43]), 3 ques-
tion answering (SQuAD [53]), and ¢4 text summarization
(CNN/Daily Mail [24]). It then sequentially learns 5 visual

question answering (GQA [32]), t¢ natural language infer-
ence (MNLI [67]), t7 image classification (iNaturalist [58]),
tg referring expression comprehension (RefCOCO [72]), tg
audio captioning (AudioCaps [38]), t1¢ credit score classi-
fication (German Credit [26]), ¢1; video question answering
(MSVD-QA [70]), and t12 text-to-audio (WavCaps [47]).

Results. In Fig. 4, the bar chart shows, for each new task,
the proportion of transferred importance from each previ-
ously learned task, and the line plot shows TaskIT ’s accu-
racy gain over vanilla LoRA [29]. We highlight three obser-
vations. (i) TaskIT consistently outperforms vanilla LoRA
over the task sequence, though its average gain decreases as
Mp shrinks from 12 GB to 8 GB, reflecting tighter memory
constraints. (ii) Transfer weights adapt to each new task,
and newly learned tasks quickly serve as sources. For ex-
ample, after learning t9 (audio captioning), over 70% of the
transferred importance for t1o (text-to-audio) comes from
to, showing that TaskIT effectively exploits uni-modal au-
dio knowledge once available. (iii)) When no sufficiently
similar tasks exist, TaskIT falls back to non-transfer. For
example, tg is a new audio modality whose similarity to
all existing tasks t;-tg is below 0.35. Then TaskIT applies
uniform module importance and relies on the memory pre-
dictor and DP scheduler to stay within budget.

6. Conclusion

This paper presents TaskIT, a framework for memory-
efficient fine-tuning of multi-LoRA LLMs. TaskIT ad-
dresses two key challenges in sparse LoRA updating. It pre-
dicts module importance before insertion via cross-task im-
portance transfer, and it accurately models activation mem-
ory in Transformers with a block-based predictor. A DP-
based scheduler then selects the locations, numbers, and
ranks of LoRA modules to maximize fine-tuning accuracy
under a given memory budget. Experiments on uni-modal
and cross-modal benchmarks show that TaskIT consistently
achieves better accuracy-memory tradeoffs than Zero-FT,
non-LoRA, and LoRA-based fine-tuning baselines, high-
lighting its promise for scaling on-device foundation mod-
els to many evolving tasks.
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