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Abstract

Cross-task generalization (CTG) enables large lan-
guage models (LLMs) to handle unseen tasks pro-
ficiently, enhancing their adaptability in real-world
scenarios. However, existing methods relying
on per-token dynamic routing to multiple trained
LoRA adapters face high computational and GPU
memory costs. Recent Representation Fine-Tuning
(ReFT) enhances efficiency for single-task adapta-
tion by editing only prefix and suffix token repre-
sentations. However, the semantic ambiguity of to-
kens and absence of a self-guided mechanism for
parameter selection in unseen tasks limits their ap-
plication to CTG. To this end, we propose RaMod,
a Representation-Aware Modularity framework to
extend the ReFT paradigm to CTG through two
novel components: (i) Dual-Modular Representa-
tion & Parameter Fine-tuning, which manipulates
only a strategically chosen subset of hidden repre-
sentations with modular interventions to guide the
model toward solving unseen tasks; and (ii) Asyn-
chronous Orchestrator, which proactively allocates
and releases GPU memory for selected interven-
tions, thereby minimizing storage overhead. Exten-
sive experiments demonstrate that RaMod not only
achieves superior CTG performance but also sub-
stantially reduces the overhead of the latest CTG
baseline, achieving 83%, 100%, and 79% reduction
in its additional prefill time, generation delays, and
memory consumption relative to original LLMs.

1 Introduction

The growing proliferation and accessibility of open-source
large language models (LLMs) [Zhang et al., 2025; Gong
and Sun, 2024; Xin er al., 2025] has necessitated the develop-
ment of specialized variants adapted to particular downstream
tasks, domain-specific applications, and diverse user require-
ments [Li and Liang, 2021; Liu et al., 2022b]. Parameter-
efficient fine-tuning (PeFT) methods like Low-Rank Adapta-
tion [Hu er al., 2022] have become the standard for adapt-
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ing LLMs to known downstream tasks. However, a critical
limitation remains: real-world scenarios often require LLMs
to handle unseen tasks where no task-specific adapter exists.
This necessitates a capability called cross-task generalization
(CTG) [Ye et al., 2021; Mishra et al., 2022]".

Previous CTG approaches [Xu et al., 2025; Lin et al.,
2025; Huang et al., 2024; Belofsky, 2023; Ostapenko et al.,
2024] employ a Mixture-of-Experts (MoE) routing mecha-
nism, which leverages a trainable gating mechanism to com-
bine LoRA modules pre-trained on diverse upstream tasks
as experts, as illustrated in Figure 1. However, this process
presents two significant efficiency issues. (i) This process
requires per-token routing in the input to multiple pre-
trained LoRA modules, resulting in time and space com-
plexities that scale linearly with the total number of tokens in
the input. This can become particularly challenging in scenar-
ios involving long input sequences and long-text generation.
(ii) To meet the demands of rapid computation, all pre-trained
LoRA modules must reside in GPU HBM (High-Bandwidth
Memory) to maintain inference efficiency, while the pursuit
of broader LLM capabilities inevitably increases the number
of required upstream tasks, leading to a heavier memory
burden and consequently degraded inference efficiency.

The inefficiency inherent in per-token adaptation moti-
vates a compelling alternative: if comparable accuracy can be
achieved by fine-tuning only a subset of tokens, significant
efficiency gains could be realized. Recently proposed Rep-
resentation Fine-Tuning (ReFT) methods [Wu er al., 2024b;
Geiger et al., 2021] offer a promising direction by editing the
representation space of only prefix and suffix tokens in the
input prompt, thereby improving computational efficiency.
However, existing ReFT methods focus on the single-task
adaptation, while exhibit two major limitations when applied
to CTG: (1) its static selection of prefix and suffix tokens is
inflexible, potentially overlooking critical, context-dependent
cues in the middle of the sequence that are vital for coherent
generation. (2) ReFT assumes a known, single task, thus lack-
ing any internal routing mechanism for unseen tasks. This in-
herently limits its scalability and necessitates external guid-
ance for each new scenario, contravening the goal of CTG.

"We focus on zero-shot cross-task generalization, i.e., without
any exemplar data from the unseen tasks.
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Stage 1: Fine-Tuning in each upstream task separately
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Stage (2): The generalization paradigm of CTG methods
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Figure 1: Existing CTG approaches typically begin by fine-tuning LoRA as task-specific adapters for each upstream task. When generalizing
to unseen tasks, these methods dynamically compute routing weights for each token across all LoRA adapters, then aggregate the outputs
through weighted summation to obtain updated token representations at each layer.

To this end, we propose a Representation-Aware Modu-
larity framework, called RaMod, which extends the ReFT
paradigm to CTG while addressing these key limitations.
Specifically, RaMod introduces a lightweight token selection
mechanism that identifies semantically critical tokens in the
input during intervention, instead of relying on fixed posi-
tional edits. Moreover, RaMod incorporates a training-free
routing strategy termed FluidRoute derived from the Task-
Projection Dominance theorem and employs rank-1 approxi-
mation, enabling the model to adaptively select modular inter-
ventions and address unseen tasks. Furthermore, we develop
an Asynchronous Orchestrator to pre-allocate GPU memory
to interventions in the subsequent layer that are most likely
to be required and release the memory promptly after use,
thereby reducing HBM usage. Our experiments prove that
RaMod not only achieves superior CTG performance but also
drastically trims the overhead of the latest CTG baseline, re-
ducing its excess prefill time, generation delays and HBM us-
age over the original LLM by 83%, 100%, 79%, respectively.

The principal contributions of this work are summarized as
follows:

* To the best of our knowledge, our work is the first to
investigate the efficiency of cross-task generalization in
LLMs and proposes an effective framework RaMod to
address it.

L]

We introduce (i).a pivot token selection strategy to en-
hance ReFT for upstream tasks, (ii) Dual-Modular Rep-
resentation & Parameter Generalization and (iii) Asyn-
chronous Orchestrator to significantly reduce the com-
putational overhead and HBM usage in the process of
cross-task generalization.

Our extensive experiments demonstrate the superior ef-
ficiency as well as outstanding generalization perfor-
mance of RaMod framework?.

2 Preliminary

Problem Statement. Assume we have N distinct upstream
tasks T = {71, 73,..., Ty} available for LLM fine-tuning,

20Our code is available at github.com/KellyGong/RaMod.

where each task 7; is associated with a dataset containing
a set of samples D; = {(z1,%1), ..., (Xn,yn)}. The union
of the training sets comprise our multi-task dataset D =
{D;}¥_,. For an unseen task or sample, cross-task general-
ization aims at adapting the model to accommodate the new
task 7' or sample s’ € T.

LoRA v.s.” ReFT. Parameter-efficient Fine-Tuning (PeFT)
reduces the number of trainable parameters for fine-tuning
in downstream tasks. As a common choice, LoRA achieves
competitive trade-offs between parameter efficiency and
model performance [Hu ef al., 2022]. Given the input hid-
den state € R%*1 [ oRA modifies the output o € Rd2x1
of a linear layer as follows:

o=Wx+AWx =Wz + BAx, (LoRA)

where W are the (frozen) weights of the linear layer, and
A € R4 B ¢ R%*" are two learnable low-rank param-
eters. LoRA achieves parameter efficiency since the rank
r < {dy,d>}. Representation Fine-Tuning (ReFT) [Wu
et al., 2024b] learns task-specific interventions on hidden
representations3. As an instance of ReFT, DiReFT can be
thought of as LoRA applied directly to hidden representation
h = Wa € R%X! at certain position set P in a prompt:

h+ B(Ah), z€P, .
= DiReFT
o { h, v ¢ P, (DiReFT)
where A € R"™¥9 B ¢ R%*", In the implementation of
DiReFT, the position set P = Pgi consists of a fixed number
of p prefix {1, ..., p} and s suffix {n — s+ 1, ...,n} positions

in the prompt.

3 RaMod: Efficient Cross-Task
Generalization via Modular ReFT

In this section, we illustrate RaMod, our cross-task general-

ization (CTG) framework extensively. RaMod comprises two

3For clarity, we will refer to the LoORA modules as adapters and
the changed parameters in DiReFT as interventions. Together, these
two will be collectively described as experts.


https://github.com/KellyGong/RaMod
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Stage (1): Fine-Tuning interventions for each upstream
task separately cooperated with Pivot Token Selection
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Figure 2: Our CTG framework RaMod consists of two stages. (i) In the first stage, we perform fine-tuning interventions separately for each
upstream task. The intervention is applied at each layer to adapt the representations of pivot tokens. (ii) In the second stage, we generalize
LLM with well-trained intervenes to unseen tasks. We propose a zero-shot intervention method for modular representation fine-tuning,
enabling the model to adapt to unseen tasks effectively. Furthermore, we design an asynchronous orchestrator to dynamically allocate HBM
as needed and proactively prune unnecessary interventions, thereby enhancing memory efficiency.

stage, (i) pivot-representation fine-tuning in each upstream
task and (ii) dual-modular parameter & representation gener-
alization to unseen tasks, detailed in Sec. 3.1 and Sec. 3.2. At
last, we introduce an asynchronous orchestrator. for memory
efficiency in Sec. 3.3. The overall architecture of our frame-
work is shown in Fig. 2.

3.1 Stage 1: Pivot-Representation Fine-tuning

LoRA’s efficiency in single-task adaptation stems from the
post-training merger of its parameters (W + BA). How-
ever, when generalizing to cross-task scenarios, LoRA-based
approaches employ MoE routing over multiple upstream
adapters, and the required per-token adaptive computation
precludes this merger, leading to inference inefficiency [Xu
et al., 2025; Wu et al., 2024a; Ostapenko et al., 2024;
Huang et al., 2024]. To mitigate this issue, we apply Rep-
resentation Fine-tuning (ReFT, [Wu et al., 2024b]) to CTG.

A key advantage of ReFT over LoRA is its ability to
achieve comparable performance by intervening on the rep-
resentations of only a small subset of tokens. However,
the original ReFT framework is constrained in its expressive
power as it rigidly selects a fixed number of prefix and suffix
tokens for this intervention. To enhance ReFT, we propose a
pivot token selection strategy alternative.

Attention-Guided (AG) Pivot Token Selection. The atten-
tion score a token receives can be interpreted as the aggre-
gated focus directed towards its representation by all other
token representations in the sequence. A higher attention
score implies that a token’s representation is more influential
in the context of the entire sequence [Ghaeini et al., 2018;
Luo et al., 2018; Huang ef al., 2025a]. Consequently, inter-
vening on the representations of such high-attention tokens
is likely to have a more significant impact on the representa-
tions of other tokens. Based on this premise, we introduce the
following metric to identify pivot tokens in the [-th layer:

S|
PRe = argtop-kac (> AL /(SI-7). @
Je{l IS} M=t

where AE? denotes the attention score token t; pays to to-

ken t; in the [-th layer, and |S| represents the length of the
sequence S.

Optimize task-specific interventions. For each upstream
task 7; € T, we intervene on the per-layer pivot token rep-
resentations at positions P = /gg, which is an instance
of our framework we refer to as RaMod-AG. Another in-
stance of our framework, RaMod-Fix, performs interven-

tions at fixed positions P = Pgx. The intervention param-
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eters {A T, }Z7§H€‘T for each upstream task are optimized
by max1m121ng the likelihood of the target sequence follow-
ing a language modeling objective.

3.2 Stage 2: Dual-Modular Parameter &
Representation Generalization

After fine-tuning pivot representations for each upstream
task, a critical challenge emerges: how can these versatile,
modular interventions be effectively applied to unseen tasks?
Although prior work has leveraged exemplar data [Huang et
al., 2024] or task instructions [Charakorn et al., 2025] to fine-
tune routing weights, the zero-shot setting, where no informa-
tion about the unseen task is available, is still a nascent area of
research. Existing approaches in this domain are hindered by
inefficiencies, requiring the per-token dynamic routing to all
trained experts. A comprehensive overview of these methods
can be found in Sec. 5.

Based on the modular and versatile interventions trained
in the first stage, we propose a dual-modular parameter &
representation generalization method, as shown in the right
of Fig. 2. First, we employ the same pivot token selection
approach as in Stage 1 to identify tokens with significant in-
fluence at the [-th layer of the LLM. The representation for
each of these pivot tokens is denoted as h,, where we drop
the dependency on [ for legibility.

FluidRoute: Training-Free & Efficient Routing. In the
CTG setting, where no task-specific information is available
for unseen tasks, a training-free routing method is required.
This method must efficiently and automatically select the
most appropriate intervention based on intermediate hidden
states to adjust the pivot token representations h.., thus mini-
mizing the impact on LLM inference speed. We first propose
to quantify the relevance of each task to the given token using
the lo-norm of the task-parameterized transformation of h:

R, (k) = ||B1, AT, A2 2)

We provide the theoretical guarantee following:

Theorem 1 (Task-Projection Dominance). Let Pr; denote the
hidden representation distributions in task T;, the projection
magnitude in expectation is maximized for the corresponding
task T;. That is

Eh~pr, (R7:(R)) > Envpy, (R7;(h))- )
Proof. The proof is detailed in Section A. O

However, since computing R7;(h) requires passing h
through the parameters of each task to obtain the final result
entailing substantial computational overhead, we propose an
efficient alternative, which we term FluidRoute. FluidRoute
begins by applying singular value decomposition (SVD) to
the low-rank parameterization of each expert’s intervention
{ATia Br, } :

Ur,, X7, V7, = SVD(B7, AT)). ()

From this decomposition, we extract the principal singular
triplet for each expert’s intervention: the first right singular
vector vy 7; € R%, the first left singular vector u; 7; € R%

Cateogry MoE Routing & RaMod
LoRA Adaptation (Ours)
Fine-tuning token All A small portion
Modularity 0 0&h
Affected stage Prefill & Generation Prefill
Expert loading Synchronous Asynchronous

Table 1: The comparison of RaMod with recent CTG methods via
MOoE routing and LoRA adaptation. 6 denotes model parameters,
and h denotes hidden representations.

and the largest singular value A; 7;. These components pos-
sess distinct semantic interpretations: v 7; captures the prin-
cipal input direction to which the expert is most sensitive,
w7, represents the principal output direction of the expert’s
transformation, and A; 7; quantifies the magnitude of this
transformation.

The product A\ 7;u; 7,01 . constitutes the best rank-1 ap-
proximation of the matrix product B, At,. According to the
Eckart-Young-Mirsky theorem [Golub et al., 1987], this ap-
proximation minimizes the Frobenius norm of the error:

ZAm 5)

where the minimum is achieved when M = AT UL T vlTﬂ—i.
To promise the precision and efficiency, we formulate the
routing logit of FluidRoute for expert ¢ given input token rep-
resentation h € R%*! via u; 7; and vy 7;:

R (h)

min HBTAT —MH
rank(M )=

= [\ mvl phll, = Mzl unel sk,

© Pl ol bl -l @ Al - [l 7h),
(6

where step (7) is due to the "’1 7. h being a scalar, and step (i)
is derived from each singular vector ||u||p = 1. The routing
logit of FluidRoute effectively estimates the alignment of the
hidden state h, with the directions specific to task 7;.

Through Theorem 1, we can directly estimate the interven-
tion of the most relevant task from the hidden representations
during the inference process of an LLM. We employ a top-
k routing strategy from the routing logits of all intervenes
R(h.) = {R7.(h.)}T.er and apply a softmax composition
of target intervention parameters { B, A, } for each pivot to-
ken representation h.,:

—o00, R (h.) ¢ argtop-kg R(h.),
(hy) =< : . 7
wrs (ha) {Rﬂ(h*), otherwise, M
A, = g TieTSoftmax(wTi(h*))Aﬂ. (8)

The composition of B, and b, is defined similarly and omit-
ted for brevity. Building on modular representation fine-
tuning and modular intervention parameters, our method im-
proves the efficiency of generalizing to unseen tasks.

Prefill-only Intervention. A key advantage is that our ap-
proach only requires modifications on the token representa-
tions during the prefill stage, i.e., processing the input prompt.
This avoids any latency impact on the generation process, i.e.,
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Figure 3: RaMod only intervenes during the prefill phase and
leverages our Asynchronous Orchestrator to significantly reduce the
memory footprint of modular parameters. The generation process
utilizes the original LLM procedure, ensuring efficient generation.

producing one token at a time. This is a significant efficiency
gain over prior work that required routing for every single to-
ken in both prefill and generation phase. As demonstrated by
the baseline Arrow in Table 2, the routing adaptation applied
to each token during the generation process leads to a signifi-
cant increase in latency, causing a per-token generation delay
that is approximately 62 times greater (1.482s /0.024s =~ 62).

3.3 Asynchronous Orchestrator

Previous works on CTG generally require all experts to be
stored in High Bandwidth Memory (HBM). This allows for
the immediate determination of requisite experts based on in-
put representations at each layer during inference, enabling
subsequent computations. However, as the number of tasks
increases, the linear relationship between experts and tasks
leads to a significant HBM storage overhead. This, in turn,
limits the maximum achievable batch size and adversely af-
fects LLM inference efficiency metrics such as throughput.
To mitigate this issue, some methods employ clustering to
reduce the number of experts and facilitate parameter shar-
ing [Gabrielsson et al., 2024; Ostapenko et al., 2024].

We propose an orthogonal approach to this problem, called
the Asynchronous Orchestrator. The core principle of this
approach is to store the parameters for the vast majority of
experts in low-cost, high-storage CPU memory. By anticipat-
ing which experts will likely be required for upcoming inputs,
it proactively transfers the relevant parameters into HBM just
before they are needed for computation. This strategy sig-
nificantly mitigates the storage burden that expert parameters
place on the HBM. This process is depicted in Figure 3.

Based on the common observation that hidden representa-
tions between adjacent layers exhibit a high degree of similar-
ity [Lee et al., 2024; Liu et al., 2023b], we hypothesize that
the experts required by these layers are also closely related.
Therefore, we leverage the input pivot token representations
h,(klfl) from the preceding layer instead of hgl) to coarsely
choose expert interventions with the top-Ky (Ky > ky) fre-
quency ranked by FluidRoute:

{{AD, BOYR7 () € top-Ky R(B) ). )
Concurrently with the current layer’s computation, the pa-

rameters of these selected experts are asynchronously loaded
into HBM for use in Stage 2. Upon completion of Stage

2, these parameters are evicted from HBM. This allows the
data transfer to overlap with the model’s dense computations
(e.g., FFNSs, attention), thereby reducing the substantial stor-
age overhead of numerous expert parameters in CTG without
compromising inference speed.

4 Experiments

In this section, we conduct empirical experiments to demon-
strate the efficacy of our RaMod framework.

4.1 Setup

Benchmarks. We train our method and CTG baselines on
256 tasks from the Flan v2 dataset [Longpre et al., 2023]. Fol-
lowing [Ostapenko et al., 2024] and [Wang et al., 2023], we
sample 10,000 instances per task and use 1,000 for validation
to ensure computational feasibility. For cross-task general-
ization, we evaluate these methods on 10 widely-used tasks
in the zero-shot manner, including: (1) common-sense rea-
soning: WinoGrande [Sakaguchi et al., 2021], HellaSwag
[Zellers er al., 2019], PIQA [Bisk et al., 2020]; (2) ques-
tion answering: BoolQ [Clark er al., 2019], OpenbookQA
[Mihaylov et al., 20181, ARC-Easy and ARC-Hard [Clark ef
al., 2018]; (3).coding: HumanEval [Liu et al., 2023a] and
MBPP [Austin ef al;; 2021]; and (4) general-purpose reason-
ing: BHH [Suzgun et al., 2023]. To ensure a valid evalu-
ation of the LLM’s zero-shot generalization capabilities, we
remove any training data from the Flan v2 dataset that over-
lapped with these 10 unseen tasks.

Baselines. We verify the effectiveness of RaMod compared
with the following zero-shot baselines: (1) Base: the base
LLM without any adaptation; (2) Shared: a single LoRA
expert finetuned on the joint training set of all 256 tasks; (3)
FullFT: the base LLM is fully fine-tuned like Shared; (4)
Arrow [Ostapenko er al., 2024]: A zero-shot dynamic rout-
ing mechanism that directs each token to the most relevant pa-
rameters among a set of well-trained LoRA modules. Besides
these baselines, we compare our method with Met eoRA [Xu
et al., 2025], a method based on a MoE architecture that adap-
tively selects LoRA parameters, in order to evaluate the im-
pact of an additional learnable gating mechanism. The gating
parameters in MeteoRA are trained using a held-out set of
500 instances from each dataset.

Implementations. Following [Ostapenko ef al., 2024], we
use the Phi-2 and Mistral-7B as the base LLMs. Unless stated
otherwise, we set the rank of 4, dropout of 0.05 and learning
rate of le-4 for all expert modules, i.e., interventions and Lo-
RAs. For our RaMod method, we select the tokens from the
calculation in Eqn. (1) to serve as pivot tokens, with kag=14.
The original ReFT method uses a fixed set of 7 prefix and
7 suffix tokens. These two token selection strategies are
configured as two variants of our method: RaMod-AG and
RaMod-Fix, respectively. For selecting expert interventions
(Eqn. (7)), we choose ky=4 expert parameters for each pivot
token. Our asynchronous orchestrator uses the CPU to calcu-
late the logits from Eqn. (9) and screens for the top-Ky most
likely to be utilized by the current layer, where Ky=10. Re-
sults are averaged over three runs with distinct random seeds.
All experiments were conducted on an Ubuntu 20.04.5 server,
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Eval || Efficiency (s/ GB) ||
Method ‘ TTET

Performance (%)

TPOT Mem. ||WG HSwag PIQA BoolQ OQA ARC-E ARC-C HE MBPP BHH |Avg.
Phi-2 (2.7B) 0.141 0.024 9.0 |[75.7 725 792 827 498 775 529 451 560 48.0]63.8
Shared 0.141 0.024 9.0 ||76.6 734 804 824 504 832 558 463 504 484655
FullFT 0.141 0.024 9.0 ||77.0 732 803 80.8 48.0 835 57.9 500 572 477656
Arrow 1.925 1482 19.8 ||77.6 72.6 802 843 522 842 564 506 599 47.7|66.6
MeteoRA 2169 1253 207 ||76.1 738 79.6 832 527 837 560 493 579 48.1|66.0
RaMod-Fix 0.381 0.024 11.6(78.1 752 802 84.1 518 84.6 579 513 603 489 |67.2
RaMod-AG 0474 0.024 116|784 749 809 84.6 523 853 583 517 60.8 48.6|67.6
Mistral (7B) 0.162 0.032 149 [[66.5 78.8 81.1 822 446 689 496 28.0 475 479595
Shared 0.162 0.032 149 ||68.6 79.5 504 84.6 504 848 600 244 475 492 |63.1
Arrow 2.637 1.861 326 ||66.6 81.1 828 866 50.6 857 608 30.5 494 495|644
MeteoRA 3.096 1.803 338 (/673 812 819 863 487 853 60.1 29.1. 485 49.1 |63.8
RaMod-Fix 0.840 0.032 185 (68.1 817 81.6 868 504 859 603 293 49.1 50.0 |64.3
RaMod-AG 1.014 0.032 18.5 ||68.5 819 829 874 509 861 613 314 488 49.8 64.9

Table 2: The results of cross-task generalization performance and efficiency for Phi-2 and Mistral backbones. All experiments are conducted
using the BF16 precision format. We evaluate efficiency by measuring time (s) and peak GPU memory (GB) with a batch size of 8, processing
2048 input tokens and generating up to 1024 tokens. Prefill is measured by Time-to-First-Token (TTFT), and generation by Time-Per-Output-

Token (TPOT).

equipped with a 2.20GHz Intel Xeon Gold 5220R CPU with
1024GB memory, an NVIDIA A100 (80G) GPU.

4.2 Performance Comparison

The cross-task generalization results are enumerated in Ta-
ble 2. Overall, our proposed RaMod-AG demonstrates su-
perior performance in CTG across most datasets, achieving
optimal average performance. When using Phi-2 as the back-
bone, RaMod-AG shows an average improvement of [1.0%
compared to the second-best baseline, Arrow. With Mis-
tral as the backbone, RaMod-AG improves by an average of
0.5% over Arrow and 1.1% over MeteroRA. This indicates
that the additional parameters introduced by learnable gat-
ing mechanisms pose a higher risk of overfitting. In contrast,
our proposed zero-shot routing only intervenes on the repre-
sentations of a few tokens, which enhances the generaliza-
tion performance of LLMs. Furthermore, RaMod-AG out-
performs RaMod-Fix with a 0.5% improvement on the Phi-2
backbone and a 0.6% improvement on the Mistral backbone.
This suggests that intervening on the representations of pivot
tokens based on attention scores is more effective at reinforc-
ing sample-specific task features, which improves generaliza-
tion to unseen tasks.

4.3 Efficiency Gains

The efficiency evaluation of our method and the baselines is
also included in Table 2. The evaluation primarily focuses
on the maximum GPU memory usage and the time cost of
the prefill and generation stages. Shared and FullFT incur
identical storage overhead and maintain the same prefill and
generation speeds as the original LLM, since each employs
only a single expert that can be directly merged into the orig-
inal model weights or fine-tuned in-place. In contrast, Arrow
requires storing all expert parameters in HBM, and MeteoRA
not only stores all experts but also trains an additional gat-

w || Efficiency (s/GB) || Avg. Perf.
Method | TTFT TPOT Mem.| (%)

RaMod-AG 0474 0.024 11.6 67.6
w/o AG (Sec. 3.1) || 0.381 0.024 11.6 67.2
w/o A.O. (Sec. 3.3) || 0.849 0.024 20.1 67.7

Table 3: Ablation studies evaluating the contribution of key com-
ponents of our method on Phi-2. A.O. denotes the Asynchronous
Orchestrator in Sec. 3.3.

ing network. Moreover, computing logits for all experts in-
troduces considerable computational overhead. For instance
of Phi-2, MeteoRA increases TTFT by 15.4x and TPOT by
52.2x compared with the original LLM. Our approach, how-
ever, avoids interference during the generation phase, thus
keeping TPOT consistent with the original model. During
prefill, we intervene only on a small number of token repre-
sentations, substantially reducing the memory usage associ-
ated with dynamic routing. Furthermore, by leveraging the
Asynchronous Orchestrator to keep non-essential experts in
CPU memory, RaMod-Fix drastically trims the overhead of
MeteoRA, reducing its excess TTFT, TPOT and HBM usage
over Phi-2 by 88.2%, 100%, 77.8%, and Mistral by 76.9%,
100%, 81.1%, respectively.

4.4 Ablation Study

In this subsection, we attempt to understand how the
attention-guided (AG) pivot token selection and the asyn-
chronous orchestrator (A.O.) contribute to the performance
and efficiency of CTG. As shown in Table 3, RaMod-AG
yields a notable improvement in CTG performance, achiev-
ing a 0.4% gain while reducing TTFT latency by less than 0.1
seconds compared to the variant without AG (i.e., RaMod-
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Figure 4: Comparison of routing strategies for average CTG perfor-
mance across different backbones.

Fix in Table 2). Furthermore, by comparing RaMod-AG
with the variant where the A.O. is removed, it can be ob-
served that A.O. significantly reduces HBM usage. Bene-
fiting from asynchronous scheduling and the involvement of
fewer experts parameters in token representation intervention,
the TTFT latency is also substantially reduced. This process
filters out less critical experts while maintaining the model’s
generalization capability without significant loss.

4.5 Routing Strategy Comparison

The effectiveness of the FluidRoute logit proposed in Sec 3.2
is evaluated in Figure 4 by comparing CTG performance
across different LLM backbones within the RaMod-AG
framework using several routing strategies: 1) p-routing,
which assigns uniform weights to all experts; 2) TP-routing,
which learns a classifier based on categorical cross-entropy
loss that depends on the entire input prompt rather than indi-
vidual token representations; 3) CM-routing, which preserves
a prototype for each expert by averaging the hidden represen-
tations from the LLM forward pass on each upstream task
and applies softmax aggregation based on the cosine similar-
ity between these expert prototypes and the token represen-
tations; and 4) Arrow, which ignores the effect of singular
values and utilizes only the first right singular vector. Fig-
ure 4 demonstrates the superior CTG performance of our Flu-
idRoute method, which outperforms the second-best baseline
(Arrow) by an average of 0.7%. The key advantage of Flu-
idRoute lies in its efficient and precise estimation of expert
interventions per token, achieved via an optimal rank-1 SVD
approximation and theoretical guarantee of Theorem 1.

5 Related Work

Parameter-efficient Fine-Tuning (PeFT). PeFT has
emerged as a prominent approach to mitigate the high
computational overhead associated with full fine-tuning
of LLMs for downstream tasks [Houlsby er al., 2019;
Liu et al., 2022a; Zhang ef al., 2023; Huang et al., 2025b].
LoRA [Hu et al., 2022] stands out as a prominent example of
PeFT. It offers efficient adaptation by updating only injected
low-rank matrices while keeping the parameters of the base
LLM frozen. Recently, Representation Fine-tuning [Wu et
al., 2024b] has been proposed as an alternative to LoRA,

achieving high computational efficiency by directly editing a
small subset of hidden representations from the LLM.

Cross-task generalization (CTG). The goal of CTG is for
LLMs to exhibit strong performance on tasks they have not
been explicitly trained on, also known as unseen tasks. CTG
is typically divided into two settings depending on the re-
quirement for exemplar data from unseen tasks: few-shot
learning [Huang et al., 2024; Ponti ef al., 2023; Vu et al.,
2022], which uses a small number of labeled examples for
alignment, and zero-shot learning [Sanh er al., 2022], which
uses none. [Wu et al., 2024a] treat each trained LoRA as an
expert and integrate learnable gating function to learn com-
position weights for each token independently in the MoE’s
manner. [Xu ez al., 2025] further develop a GPU kernel oper-
ator for enhancing the efficiency of the naive MoE implemen-
tations. [Ostapenko et al., 2024] decompose LoRA parame-
ters through SVD and design a training-free routing mech-
anism based on the correlation between the SVD decompo-
sition results and the token representations. [Charakorn et
al.,2025] use instruction tuning to generate LORA parameters
conditioned on task description embeddings from a separate,
small sentence model. However, the efficiency of existing
works is hampered by the need to activate different adapters
on a token-by-token basis, the requirement to keep all trained
adapters in GPU memory for immediate use, or the depen-
dency on an additional sentence embedding model.

6 Conclusion

This study investigated a crucial research question: efficient
cross-task generalization for LLMs. The aim is to not only
improve the generalization capabilities of LLMs but also re-
duce the memory usages of fine-tuned parameters and en-
hance the inference speed. To tackle this issue, we pro-
posed a Representation-Aware Modularity framework, called
RaMod. Within this framework, we developed a modular
representation fine-tuning strategy to manipulate a minimal
subset of token representations through a series of highly tar-
geted interventions. Furthermore, we implemented an asyn-
chronous orchestrator to allocate GPU memory for required
interventions and promptly release memory upon interven-
tion completion, thereby minimizing memory overhead. Our
comprehensive experimental results demonstrated the effec-
tiveness of RaMod for LLM cross-task generalization.

A Theoretical Proof

As established in Sec. 3.2, Theorem 1 guarantees that given
an input representation for a specific positional task, our pro-
posed routing mechanism exhibits a higher probability of
selecting the intervention corresponding to the most anal-
ogous task. We proceed to demonstrate the derivation of
this theorem through mathematical expectation. Let a pre-
trained weight matrix be denoted by W ¢ R%*™. For
a task 7T, its adaptation is governed by a low-rank matrix
AWy, = Br, A7, where By, € R A, € R™™,
and 7 < min(d, m). The adapted forward pass for an input
h € R™is (1 + By, A7, )Wh. We consider a cross-task
generalization setting with upstream tasks T. Each task & has
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a data distribution Dy. The parameters are optimized by min-
imizing the following objective:

L7, =Enpr, [||(W + Br, A7) h —y, II§} ;

where y;, is the target output. We aim to demonstrate that
for a set of experts { AW, ..., AWy}, where each expert i is
trained on a specific task 7;, the proposed static routing score
will, in expectation, be maximized for samples drawn from
its corresponding dataset. Given a hidden state h from task
Ti, we seek to prove that the routing logit for expert 7, defined
as:

Rr;(h) = || B, AT:h[|F, h~ Dy (10)
is statistically greater than the logit for any other expert j #
1. To better illustrate the proof, we first illustrate two key
definitions.

Definition 1 (Task Subspace). For a task k, the task subspace
Uy, is defined as the column space of AL, or equivalently, the
row space of Ay: Uy, = span(rows of Ay) C R™.

Definition 2 (Subspace Similarity). The similarity between
two task subspaces U; and U} is defined as the cosine of the
first principal angle 01 between them:

[u”v|
max T TEETRTEE
ueUs,veU; |ull2|v]l2

S(U;,U;) = cos(6:1) =

Note that 0 < S(U;,U;) < 1, where 0 implies orthogonality
and 1 implies identical subspaces.

The proof relies on two foundational results from matrix
analysis and subspace theory.

Lemma 1 (Eckart—Young-Mirsky Theorem, [Golub et al.,
1987]). Let X € R*™ be a matrix of rank p, and let
r < p. The optimal rank-r approximation X, that minimizes
|X — X||F is given by the truncated Singular Value Decom-
position (SVD) of X, retaining the r largest singular values
and their corresponding singular vectors. Furthermore, the

approximation error is | X — X, ||3, = Y02 | NAT.

Lemma 2 (Projection Bound via Principal Angles, [Golub
and Van Loan, 20131). Let U; and U; be subspaces of R™
with first principal angle 01. Let Py, be the orthogonal pro-
Jection matrix onto U;. For any vector h € U, the norm of
its projection onto Uj is bounded by:

1Pu; (M)l2 < cos(61)|hll2 = S(Ui, Uj)lAlf2-

For a general vector h. = hy, + hy where hy, € U; and
hy L U, the bound holds approximately:

|1Pu; (M)ll2 < S(Ui, U)llho, |2 + 6,

where § = || Py, (h1)l|2 is a small term under the assumption
that h is predominantly in U;.

Our proof is built upon the following three assumptions:

Assumption 1 (Bounded Parameters). The operator norms
of the parameter matrices are bounded, i.e., 3Cp,Cy > 0
such that || Bi||o,p < Cp and ||Ag||op < Ca for all tasks k.

Assumption 2 (Optimization Efficiency). The task-specific
residual 1, = yr — W h is non-zero and correlates with the
input, i.e., EB[||r||2] > KE[||h|2] for some K > 0 and h ~
Dy.

Assumption 3 (Distinct Subspace). The regularizer R en-
sures the similarity between any two distinct task subspaces is
bounded above by a small constant § > 0, i.e., S(U;,U;) <6

foralli # j.

Proof of Theorem 1. For task ¢, the learned matrix B, A7
is a low-rank approximation of the residual mapping r; =
y; — Wh;. By Lemma 1 (Eckart-Young), this approximation
is optimal. Therefore, for an input h;, we have:

B7;A7;hi =T;.

This implies that the output norm is approximately the norm
of the residual:

| BT, AT, hil2 = [|7i|2- (11)

From Assumption 2, ||7;||2 is significant relative to ||h;]|2.
For a different task j # 4, we analyze ||[B7, A7, h;| 2. First,
we bound this using the operatornorms:

|Br, A7, hill2 =||B7; (A7 hi)ll2
<|B7; llop - ||AT hill2 < Cp - || A7, Byl

12)

The term || A7 h;||2 measures the projection of h; onto the
row space of Ag, i.e., the task subspace U;. Applying
Lemma 2, and noting that h; is predominantly in its own task

subspace U;, we get:
AT hilla S AT [lop - S(Us, Uj) - [[hil|2. 13)
< Ca-0-|hll2.

Substituting Eqn. (13) into Eqn. (12) yields the final bound
for the cross-task output:
IBr, AT;hil2 < C -6 - ||hill2,

where C = Cpg - Cjy4.
We now compare the task-specific output (Eqn. (11)) and
the cross-task output (Eqn. (14)):

IB7, A7 hilla — | B7; A7; hill2 2 [Irill2 — C6lRil2.
From Assumption 2 (||7;||2 > K||h;]|2), it follows that:
| BT, AT hill2 = | BT, AT, hill2 2 (K = C6) | hil2-

(14)

From Assumption 3, the similarity § is small. By ensuring
that 6 < K/C, the term (K — C0) is positive. Therefore,

|B1, A7 hill2 > | BT; AT, hi|l2 forall j #14,

which completes the proof. O
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