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Abstract

The integration of dynamic, sparse structures like Mixture-
of-Experts (MoE) with parameter-efficient adapters (e.g.,
LoRA) is a powerful technique for enhancing Large Lan-
guage Models (LLMs). However, this architectural enhance-
ment comes at a steep cost: despite minimal increases in com-
putational load, the inference latency often skyrockets, lead-
ing to decoding speeds slowing by over 2.5 times. Through
a fine-grained performance analysis, we pinpoint the pri-
mary bottleneck not in the computation itself, but in the
severe overhead from fragmented, sequential CUDA kernel
launches required for conventional dynamic routing. To ad-
dress this challenge, we introduce AdaFuse, a framework
built on a tight co-design between the algorithm and the un-
derlying hardware system to enable efficient dynamic adapter
execution. Departing from conventional layer-wise or block-
wise routing, AdaFuse employs a token-level pre-gating strat-
egy, which makes a single, global routing decision for all
adapter layers before a token is processed. This “decide-once,
apply-everywhere” approach effectively staticizes the execu-
tion path for each token, creating an opportunity for holis-
tic optimization. We capitalize on this by developing a cus-
tom CUDA kernel that performs a fused switching opera-
tion, merging the parameters of all selected LoRA adapters
into the backbone model in a single, efficient pass. Experi-
mental results on popular open-source LLMs show that Ada-
Fuse achieves accuracy on par with state-of-the-art dynamic
adapters while drastically cutting decoding latency by a factor
of over 2.4x, thereby bridging the gap between model capa-
bility and inference efficiency.

Introduction

Large language models (LLMs) have demonstrated remark-
able capabilities in language understanding and generation,
enabling significant progress in a wide range of tasks, in-
cluding conversational AI (Li et al. 2025a; Chen et al.
2025; Li et al. 2023d, 2025d; Wei et al. 2025), code gen-
eration (Xiong et al. 2024; Wang et al. 2024), search (Li
et al. 2025f; Liao et al. 2023; Li et al. 2025e,b,c), and rec-
ommendation (Li et al. 2023¢,b; Lu and Yin 2025; Cui
et al. 2025b,a; Liu and Lu 2025; Mo et al. 2025). To cus-
tomize the pretrained models to vertical domains or further
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enhance their capabilities, various adapter techniques such
as Low-Rank Adapters (LoRA) (Hu et al. 2021), LLaMA-
Adapter (Zhang et al. 2023), and Prompt Tuning (Lester, Al-
Rfou, and Constant 2021a; Li et al. 2023a; Tong et al. 2025;
Liao, Chu, and Wang 2024) have been employed with great
success. These methods are known for improving the per-
formance of LLMs on downstream tasks without requiring
extensive retraining, thereby enabling efficient model adap-
tation and customization.

Among these approaches, dynamic adapters (Feng et al.
2024; Gou et al. 2024; Luo et al. 2024) represent an even
more potent strategy to augment the capacity of adapters.
Unlike static adapters that apply the same transformation to
all inputs, dynamic adapters conditionally activate different
sets of lightweight modules based on input characteristics,
enabling more sophisticated and context-aware model be-
havior. By integrating conditionally computed lightweight
adapters into the pretrained model, dynamic adapters allow
for selective fine-tuning of adapter parameters. This tech-
nique not only maintains the original strengths of the model
but also substantially increases its adaptability and capacity
across diverse tasks and domains. The flexibility to adapt
different model components for different inputs theoreti-
cally provides superior performance compared to static ap-
proaches, making dynamic adapters particularly attractive
for multi-task and multi-domain scenarios.

However, we found that despite the relatively minor im-
pact of dynamic adapters on parameter size and comput-
ing complexity (typically adding only 1-5% of the origin
model), they may introduce significant latency overhead.
For instance, the dynamic adapters that we studied all in-
crease decoding inference latency by 250-950%. The seem-
ingly modest computational complexity of the low-rank ma-
trices employed results in substantial extra CUDA kernel ex-
ecution latency, surpassing that of models without dynamic
adapters. This dramatic increase in latency is primarily at-
tributed to the prolonged execution time of context oper-
ations during CUDA kernel runs, which considerably ex-
ceeds the actual computation time. The fundamental issue
lies in the mismatch between the algorithmic design of dy-
namic adapters and the underlying GPU architecture, where
frequent kernel launches and memory access patterns cre-
ate substantial overhead that outweighs the computational
benefits. Dynamic adapters often require four or more ad-



ditional CUDA kernel calls for each layer, in stark contrast
to just a single call needed for the forward computation of
the original backbone matrix. This excessive number of con-
text operations substantially amplifies the latency overhead,
leading to a severe escalation of inference latency.

Reducing the inference latency overhead of dynamic
adapters is challenging. Existing dynamic adapters (Dou
et al. 2024; Feng et al. 2024; Gao et al. 2024; Gou et al.
2024; Li et al. 2024; Liu et al. 2023; Luo et al. 2024; Wu,
Zheng, and Yu 2024a; Yang et al. 2024) adopt block-wise or
layer-wise routing structures. This architectural choice in-
herently requires routing decisions to be made sequentially
at each block or layer, preventing the efficient pre-merging
of adapters into the backbone weights—a technique success-
fully used by static LoRA (Hu et al. 2021). The need to dy-
namically select and compute adapters at different stages of
the model introduces a fundamental trade-off: the increased
model expressiveness comes at the cost of fragmented, high-
latency computations that are difficult to optimize with cur-
rent system approaches. This makes it prohibitively costly to
reduce the inference latency without altering the core design
of dynamic routing.

Our Approach: A System-Algorithm Co-Design. Our ap-
proach to addressing the challenge is based on a holistic
system-algorithm co-design. Specifically, we have devel-
oped a MoE-based dynamic adapters structure that facili-
tates token-wise adapter routing. Each token is associated
with k weighted paths of LoRA adapters, activated prior
to the decoding of the token. This setup ensures that, al-
though the model is enhanced with dynamic structures, the
inference process for each token remains relatively static
due to the pre-determined adapters. To further enhance the
efficiency, we pre-merge the activated LoRA adapters into
the pretrained model’s backbone before each token’s decod-
ing. This strategy fundamentally reduces the CUDA kernel
execution overhead, thereby significantly lowering latency.
With this innovative setup, we have re-engineered the infer-
ence process to seamlessly switch and merge adapters for
each token, aligning the process closely with the original
pretrained LLM’s token decoding. Another pivotal compo-
nent of our system is the development of a fused CUDA
kernel, named SGMM, which efficiently manages the acti-
vated and inactivated adapters. This engineering solution en-
sures a smooth integration of dynamic adapters, optimizing
both performance and efficiency. We evaluate our AdaFuse
design across a range of benchmarks, comparing it against
multiple state-of-the-art dynamic adapter baselines. The ex-
periment results demonstrate that our approach are compa-
rable with well-established strong baselines. Notably, our
method significantly reduces the running overhead associ-
ated with other dynamic adapter alternatives, achieving an
average speedup of 2.4 times in decoding latency. In sum-
mary, our contributions are as follows:

* We uncover the high latency overhead introduced by dy-
namic adapters, which is a practical issue usually ne-
glected by existing approaches. We analyze the funda-
mental reasons behind such high overhead, providing in-
sights on the computational bottlenecks.
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* We introduce a novel architecture for dynamic adapters,
named AdaFuse. This design enhances the capacity of
LLM adapters while minimizing the latency overhead,
thereby offering an optimal balance between perfor-
mance and efficiency.

Through extensive experiments, we demonstrate that
AdaFuse not only achieves accuracy on par with existing
dynamic adapters across a variety of general and domain-
specific tasks, but it also cuts down decoding inference
latency by more than 2.4 times.

Background and Motivation

Dynamic Adapters. Given the strengths of both the Mix-
ture of Experts (MoE) (Jiang et al. 2024; Snowflake Al Re-
search Team 2024; The Mosaic Research Team 2024; xAl
2024) and Low-Rank Adaptation (LoRA) (Hu et al. 2021),
their integration has become a focal point of recent research
efforts. Recent studies (Feng et al. 2024; Gao et al. 2024;
Gou et al. 2024; Liu et al. 2023; Luo et al. 2024) have ex-
plored combining these two techniques to further augment
the capabilities of large language models (LLMs). This in-
tegration leverages the scalability of MoE and the efficiency
of LoRA, proposing a promising pathway to meet the esca-
lating demands for model performance and efficiency.

Formally, the computation process of dynamic adapters
can be formulated as:

N
g = f1a) + 3 Gt EL ), (1)
i=1
where the superscript [ means [-th layer, N represents num-
ber of adapters experts, G'(z') = Softmax(TopK(W'a'))
represents the top-k (typically top-2) router in the dynamic
adapters block, f' represents the pretrained backbone in I-th
layer, and E'(z') = W[ (W}, (z")) represents the output
of LoRA experts.

Despite an increase in parameters, the experts of the dy-

namic adapters are activated sparsely, implying that only
a limited subset of experts is used per input token. This
sparse activation mechanism maintains computational effi-
ciency while significantly expanding the model’s capacity
to handle diverse scenarios.
Unexpected Latency Overhead of Dynamic Adapters.
Although dynamic adapters can enhance accuracy and in-
volve only a modest increase in parameter size and comput-
ing complexity, they unfortunately introduce a substantial
inference latency overhead. We evaluate different dynamic
adapter methods with Llama2-7B (Touvron et al. 2023) on
the ShareGPT (OpenChat 2023) dataset for 50 queries one
by one, and generate 200 new tokens for each query. As
demonstrated in Table 1, existing methods involving dy-
namic adapters result in an approximate 1%-5% increase in
parameter count and less than a 1% increase in computing
complexity measured in FLOPS. However, these enhance-
ments lead to a substantial increase in decoding latency, with
overheads ranging from 200% to 950%.

To elucidate the sources of latency overhead introduced
by dynamic adapters, we conducted a granular analysis of la-
tency within various components during the decoding phase.



Method Decoding latency (ms/token) Parameter size (B) FLOPS (G)
Llama2-7B 2.4 6.74 6.61
MOLA (Gao et al. 2024) 25.3 (4954%) 7.07 (+4.89%) 6.65 (+0.61%)
PESC (Wu, Zheng, and Yu 2024b) 8.5 (+254%) 6.97 (+3.41%) 6.64 (+0.45%)
MoRAL (Yang et al. 2024) 8.6 (+258%) 6.97 (+3.41%) 6.67 (+0.91%)

Table 1: Inference cost of different dynamic adapters.

Input token x
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Figure 1: Decoding phase execution time profiling of one
dynamic adapter layer in MoRAL. The execution time re-
sults were preceded by a warm-up of 100 executions and are
obtained on the average of 300 executions.

As illustrated in Figure 1, it is evident that the execution
time for the adapters (0.05ms) exceeds that of the pre-
trained backbone (0.03ms). Despite the relatively modest
computational complexity of the LoRA adapters employed
in dynamic configurations, each adapter necessitates dual
launches of CUDA kernel context operations. The execution
time of these CUDA kernels does not correlate linearly with
the size of the matrices involved, leading to considerable la-
tency in the adapter components.

In-depth Latency Profiling. To meticulously investigate
how the inference latency of LoRA adapters and the pre-
trained backbone varies with increasing computational de-
mands, we conducted tests across different input sequence
lengths and examined the relationship between adapter rank
and inference latency.

As shown in Figure 2, regardless of whether it is dur-
ing the prefilling or decoding phase, and irrespective of the
LoRA ranks being high or low, the latency of the LoRA
adapters consistently exceeds that of the backbone. This
phenomenon is primarily attributed to the number of CUDA
kernel calls rather than the computing complexity involved
in each call. The underlying reason is that the latency asso-
ciated with CUDA kernel calls does not scale linearly with
computing complexity. This insight highlights a crucial as-
pect of system behavior that significantly impacts the per-
formance of dynamic adapters.

Challenge of Reducing Latency Overhead. A straightfor-
ward way to reduce inference latency overhead is to re-
duce the times of CUDA kernel context operations. Like
LoRA (Hu et al. 2021), one could pre-merge adapters into
the original matrix and then perform token decoding com-
putation. We use this simple strategy in MoRAL by directly
merging activated adapters layer by layer before comput-
ing. However, the additional operations introduced higher
latency, where the decoding latency is 4.5 ms/token, which
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(b) Decoding phase: sequence length is 1.

Figure 2: Latency breakdown of one dynamic adapter layer
under different settings.

is still 88% higher than the original LLM model. This is be-
cause merging a LoRA adapter into the backbone matrix re-
quires an additional invocation of a CUDA kernel to perform
the matrix multiplication for the up and down projections.

Related Work

Parameter Efficient Fine-tuning (PEFT). Parameter-
efficient fine-tuning has emerged as the predominant ap-
proach for adapting pretrained large language models
(LLMs) to downstream tasks. Representative methods in-
clude Adapters (Houlsby et al. 2019), Prefix Tuning (Li and
Liang 2021), Prompt Tuning (Lester, Al-Rfou, and Constant
2021b), and LoRA (Hu et al. 2021). Among these, LoRA has
gained prominence due to its elegant low-rank decomposi-
tion strategy that enables efficient inference through adapter



merging. However, traditional LoRA is limited to static
single-adapter scenarios, lacking the dynamicity needed for
multi-task adaptation.

Dynamic Adapters and MoE-based PEFT. The con-
vergence of PEFT and MOoE principles has led to dy-
namic adapter architectures. Block-wise methods such as
MOLA (Gao et al. 2024) and MoELoRA (Luo et al. 2024)
require runtime routing within each block, preventing effi-
cient batching. Layer-wise approaches like MoRAL (Yang
et al. 2024) and LoRAMOoE (Dou et al. 2024) apply rout-
ing at layer granularity but fundamentally cannot achieve
the inference efficiency of static adapters due to their layer-
by-layer routing decisions. In contrast, our token-wise pre-
gated approach makes all routing decisions upfront, en-
abling adapter merging before inference and eliminating
computational overhead entirely.

System Optimizations for LLM Inference. System-level
optimizations for LLMs include memory management tech-
niques like PagedAttention (Kwon et al. 2023), quantiza-
tion (Frantar et al. 2022), and pruning (Frantar and Alistarh
2023). PEFT-specific optimization (Ye et al. 2023) targets
static adapter configurations but cannot address dynamic
adapter selection due to irregular computation patterns. Our
work uniquely addresses the gap between algorithmic inno-
vations in dynamic adapters and system-level optimizations
by redesigning the dynamic adapter paradigm to be system-
friendly while preserving expressiveness.

Design of AdaFuse
Overview

As shown in Figure 3, given a pre-trained LLM, we first
extend it with AdaFuse to enhance its model capacity and
then finetune it on either general or domain-specific datasets.
The core innovation of AdaFuse lies in its token-wise pre-
gated architecture, which fundamentally differs from exist-
ing layer-wise or block-wise dynamic adapter approaches.
Instead of making routing decisions at each layer indepen-
dently, AdaFuse employs a single router at the first layer to
determine expert activation patterns for all subsequent lay-
ers, thereby eliminating the computational overhead of re-
peated routing computations.

During the decoding phase, each token is initially pro-
cessed through a router to compute the gating for each layer.
The key insight is that once we determine which experts
should be activated for a given token, this decision can be
propagated across all layers without requiring additional
routing computations. This design choice is motivated by
our observation that tokens with similar semantic proper-
ties tend to activate consistent expert patterns across differ-
ent layers. To implement this efficiently, we developed an
SGMM kernel that facilitates fast fused adapter switching.
This advanced functionality enables the rapid merging of ac-
tivated adapters into the backbone and the efficient unmerg-
ing of inactivated adapters from the backbone, significantly
reducing the number of CUDA kernel calls.

31683

Model Structure

In AdaFuse, we extend adapters only in the linear layers
of the pre-trained backbone, and we insert a Top-2 router
G! only at the first expanded linear layer. This architectural
choice is carefully designed to balance computational effi-
ciency and model expressiveness.

Router Architecture. The Top-2 router G consists of a
lightweight linear transformation followed by a softmax ac-
tivation and top-k selection mechanism. The router takes
the hidden representation from the first layer as input and
produces routing weights that determine expert activation
across all layers.

Expert Configuration. Each expert in AdaFuse is imple-
mented as a LORA module with rank r typically set to 64 or
128, depending on the model size and task complexity. The
number of experts N is configurable and typically ranges
from 4 to 16, providing a good balance between model ca-
pacity and computational overhead.

Finetuning Phase. As shown in Figure 3 (a), during fine-
tuning, the computation process can be written as:

N
y' =@+ Gt El() )
i=1

where AdaFuse only replaces the G'(z!) with G*(z!) in
Equation 1, where x! denotes the input in the first expanded
linear layer. AdaFuse employs a token-wise pre-gated LoRA
structure, meaning that the routing weights for all layer
adapters are identical. This design not only preserves the
model’s dynamicity but also facilitates latency optimization
during inference.

Decoding Phase. As depicted in Figure 3 (b), AdaFuse
leverages the token-wise pre-gated structure to reduce la-
tency during the decoding phase. During the decoding phase
of LLM generation, where the input x is a single token,
the Top-2 router G determines which experts’ adapters are
activated. Then the activated experts are merged into pre-
trained backbone. Finally, the fused backbone performs for-
ward process and the decoding computation as:

Y= fl(a) 3)

To efficiently calculate f. for all layers, we propose to
perform fused adapter switching with the SGMM kernel,
which merges the parameters of all activated expert adapters
across all layers into the original parameters of the pre-
trained model in a single CUDA kernel operation. Finally,
the fused backbone execute just like the initial pretrained
backbone as shown in Equation 3.

Prefilling Phase. The latency of AdaFuse during the prefill-
ing phase is comparable to that of existing dynamic adapters.
For the prefilling phase, we have not implemented specific
optimizations, as the latency in the LLM generation stage
primarily originates from the decoding phase.

Fused Adapter Switching

To calculate f! = f' + Zfil G'(2');E! according to
Equation 1 and Equation 2, we may merge multiple ex-
perts adapters into backbone because one input token may
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Figure 3: Overview of AdaFuse.

activate multiple adapters (typically Top-2). The experts in
AdaFuse are LoRA adapters, which contain down projection
LoRA_DOWN and up projection LoRA_UP.

We only need to invoke the CUDA kernel k times instead
of N times, as G'(z!) specifically targets the top-k selec-
tions. To further reduce the number of CUDA kernel calls,
we concatenate all LoRA adapters before merging them into
the original model parameters as:

LoRA_DOWN' = concat[G"(z'); - LORA_DOWN},
i=1,...,N]| )
LoRA_UP' = concat[LoRA_UP,,i = 1,..., N| (5)
Thus, we can merge the concatenated LoRA adapters into
origin backbone as:
f! = f' + LoRA_DOWN' x LoRA_UP' (6)

We observe that during the decoding phase, the activated
adapters varying from one token to the next. A simple way
to obtain f! is to unmerge the activated adapters by the last
token in the current iteration. Then we concatenate the ac-
tivated adapters of current input and inactivated adapters of
last input as:

Fused LoRA_DOWN' = concat| — (LoRA_DOWN')"~*,
(LoRA_DOWN')'] )
Fused_LoRA_DOWN' = concat| — (LoORA_DOWN")~1,

(LoRA_DOWN')'] ®)

So the concatenated LoRA adapter switching operation
can be rewritten as:

(Ot = (f1)""* + Fused LoRA_DOWN'x
Fused_LoRA_UP

To calculate Equation 9, we utilize our efficiently de-
signed CUDA kernel, SGMM, to seamlessly integrate these
fused adapters into the pretrained LLM backbone for all lay-
ers with only one CUDA kernel call.

SGMM Kernel

The straight-forward way to merge the LoRA adapter into
the backbone is to merge them layer by layer. This ap-
proach requires multiple calls to the CUDA kernel, which

©))
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introduces additional latency due to kernel launches. More-
over, smaller kernel computations underutilize GPU thread
blocks, leading to a low GPU throughput. We observe
the layer-by-layer merging operations can be handled con-
currently and introduce a CUDA kernel called Segmented
Gather Matrix Multiplication (SGMM) to finally handle the
merging of LoRA adapters of AdaFuse, adapted from the
concept of SGMV proposed by Punica (Chen et al. 2023).
SGMM is designed to execute a batched GEMM opera-
tions, which can be summarized by the following equation:

f*

where f, is the resultant updated matrix of the back-
bone; f is the original weight matrix of the backbone;
Fused_LoRA_DOWN and Fused_LoRA_UP are the adapter
matrices for weight matrix f. The addition operation within
the SGMM kernel is performed in place, significantly reduc-
ing the additional memory overhead.

When wrapping these operations into a single CUDA
kernel, taking full advantage of the GPU’s computational
resources is challenging. To achieve this, we divide the
matrix multiplication into multiple GEMM tiles and as-
sign them to different thread blocks. On the other hand,
these thread blocks must switch context with global mem-
ory/shared memory frequently, thus causing significant la-
tency. To tackle this, we adopt a pre-fetch buffer mechanism
to hide loading latency.

The input parameters for SGMM are arrays of pointers
to the LoRA matrices and the backbone matrices, which
respectively store the corresponding entries of each layer’s
LoRA matrix and the shape of each matrix segment. When
launching the kernel, SGMM applies as many thread blocks
as possible and divides the large matrix multiplication into
multiple GEMM tiles of the same shape, with each tile op-
erating matrix computation. The optimal tiling scheme re-
lated to hardware is selected to ensure the full utilization of
each thread block. This parallel execution enables the effi-
cient merging and unmerging of LoRA weights, a critical
operation in our approach.

f + Fused_LoRA_DOWN x Fused_LoRA_UP, (10)

Evaluation
Experiment Setup

Datasets/benchmarks. To demonstrate the proposed Ada-
Fuse could augment general ability of LLM, we follow



PESC (Wu, Zheng, and Yu 2024b) and simultaneously fine-
tuned the model on a diverse set of skills, including en-
compassing coding, mathematical, and other general abili-
ties from various subjects. This training involved integrating
three distinct datasets from varied domains during the in-
struction tuning phase: SimORCA (Lian et al. 2023), Magi-
coder (Wei et al. 2023), and MetaMathQA (Yu et al. 2023)
datasets. We utilize LM-Eval-Harness (Gao et al. 2023) as
tool to evaluate general ability on ARC (Clark et al. 2018),
HellaSwag (Zellers et al. 2019), MMLU (Hendrycks et al.
2021), TruthfulQA (Lin, Hilton, and Evans 2022), Wino-
Grande (Sakaguchi et al. 2019), and MT-Bench (Zheng et al.
2023) benchmarks and report the accuracy. Also, to demon-
strate the proposed AdaFuse could improve domain spe-
cific ability of LLM, we follow MoLA (Gao et al. 2024)
and fine-tuned the model on downstream task. We evalu-
ate three recent question-answering benchmarks, including
ScienceQA(Lu et al. 2022), CommonsenseQA (Talmor et al.
2019), and OpenbookQA(Mihaylov et al. 2018). To evaluate
runtime efficiency performance of AdaFuse, we utilize real-
world sharegpt (OpenChat 2023) dataset to simulate user
queries. We serve 50 queries from sharegpt dataset one by
one, and generate 200 new tokens for each query.

Baselines. We compare AdaFuse with four PEFT ap-
proaches, including LoRA (Hu et al. 2021), layer-wise
gating dynamic adapters like MoRAL (Yang et al. 2024)
and MOLA (Gao et al. 2024), and block-wise gating dy-
namic adapters PESC (Wu, Zheng, and Yu 2024b). We use
LLama2-7B (Touvron, Martin, and et al. 2023) and Mistral-
7B (Jiang et al. 2023) as the pretrained base LLM.

Accuracy Evaluation

We evaluate the accuracy of AdaFuse on both general capa-
bilities and domain-specific tasks to demonstrate its effec-
tiveness compared to existing dynamic adapter methods.
General Capability Enhancement. To assess the general
capability improvement, we fine-tune AdaFuse and baseline
methods on a mixture of general datasets and evaluate on
standard benchmarks. Table 2 shows the results across five
common evaluation tasks.

Method ARC HellaSwag MMLU TruthfulQA Winogrande Avg
Llama2-7B (base)  51.71  77.74 48.30 45.31 72.45 59.10
LoRA 5179 77.02 50.46 45.13 73.80 59.64
MoRAL (layer-wise) 52.13  77.57 51.10 45.93 74.35 60.22
PESC (block-wise) 53.58  77.27 51.07 46.04 74.27 60.45
AdaFuse (ours) 5239  77.60 51.15 46.15 73.32 60.12

Table 2: Accuracy of incremental training achieved with dif-
ferent dynamic adapters.

As shown in Table 2, AdaFuse achieves competitive per-
formance with an average accuracy of 60.12%, which is
comparable to the best performing baseline PESC (60.45%).
Notably, AdaFuse achieves the highest scores on MMLU
and Truthful QA benchmarks, demonstrating its effective-
ness in knowledge-intensive tasks.
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Domain-Specific Customization. We further evaluate Ada-
Fuse on domain-specific tasks to assess its adaptation capa-
bility. Tables 3 and 4 present results on question-answering
tasks for Llama2-7B and Mistral-7B respectively.

Methods ScienceQA CommonsenseQA OpenbookQA Avg
Llama2-7B (base) 53.19 47.82 45.80 48.94
Full-Parameter 93.12 77.48 80.40 83.67
LoRA 91.01 75.51 77.00 81.17
MoLA (layer-wise) 91.91 77.89 82.80 84.20
MoRAL (layer-wise)  90.74 76.41 76.60 81.25
PESC (block-wise) 90.02 76.00 78.40 81.47
AdaFuse (ours) 91.39 79.03 80.40 83.60

Table 3: Accuracy of domain-specific fine-tuning achieved
with different dynamic adapters on Llama2-7B.

Methods ScienceQA CommonsenseQA OpenbookQA Avg
Mistral-7B (base) 62.24 58.93 57.8 59.66
LoRA 94.15 79.85 84.2 86.06
MoRAL (layer-wise) ~ 93.79 81.57 85.8 87.05
PESC (block-wise) 94.33 80.46 86.4 87.06
AdaFuse (ours) 93.82 81.29 86.6 87.24

Table 4: Accuracy of domain-specific fine-tuning achieved
with different dynamic adapters on Mistral-7B.

For domain-specific tasks, AdaFuse demonstrates strong
performance, achieving 83.60% average accuracy on
Llama2-7B and 87.24% on Mistral-7B, both competitive
with or exceeding baseline methods. Particularly noteworthy
is AdaFuse’s superior performance on CommonsenseQA,
suggesting effective reasoning capability enhancement.

Runtime Performance

Beyond accuracy, a critical evaluation metric for dynamic
adapters is their runtime efficiency. We conduct comprehen-
sive latency and memory usage analysis to demonstrate the
practical advantages of AdaFuse over existing methods.

As reported in Table 5, we evaluated the inference la-
tency and peak GPU memory usage of our method and var-
ious baseline methods on the ShareGPT dataset. The results
show that AdaFuse exhibits significantly lower decoding la-
tency compared to all other dynamic adapter methods, being
2.7 times faster than the previously fastest method, PESC.
Furthermore, AdaFuse’s decoding latency is less than 30%
higher than that of the original Llama2-7B model. The dra-
matic latency reduction achieved by AdaFuse can be at-
tributed to our fundamental architectural innovation. While
traditional dynamic adapters require separate routing com-
putations and adapter activations at each layer, our approach
consolidates these operations into a single pre-gating de-
cision followed by efficient batch processing through the
SGMM kernel. This transforms the inference pattern from
multiple sequential operations to a single parallelized com-
putation.



Method Latency (ms/token) Memory (GiB)
Llama2-7B 2.4 12.9
MOLA (layer-wise) 25.3 (4954 %) 26.3 (+104%)
PESC (block-wise) 8.5 (+254%) 13.1 (+2%)
MoRAL (layer-wise) 8.6 (+258%) 13.3 (+3%)
AdaFuse (ours) 3.1 (+29%) 13.8 (+7%)

Table 5: Decoding latency and peak memory overhead of
different dynamic adapters.

Ablation Study

To understand the contribution of individual components in
AdaFuse, we conduct ablation studies focusing on the key
system-level optimization: the SGMM kernel.

Method Latency (ms/token)
Llama2-7B 2.4
MoRAL 8.5 (+254%)
MOoRAL (Simple merge) 4.5 (+88%)
AdaFuse (Simple merge) 4.2 (+75%)
AdaFuse 3.1 (+29%)

Table 6: Ablation study for runtime decoding latency of
AdaFuse.

Table 6 demonstrates the critical importance of the
SGMM kernel in achieving our performance gains. Replac-
ing the SGMM with a simple merge approach results in a
substantial increase in decoding latency for AdaFuse, ris-
ing from 3.1 ms/token to 4.2 ms/token. This validates our
hypothesis that kernel-level optimizations are essential for
dynamic adapter efficiency.

The simple merge approach, while algorithmically equiv-
alent, fails to exploit the parallelism opportunities inherent
in our fused adapter switching strategy. We also tested this
simple merge technique on MoRAL, which reduced its la-
tency to 4.5 ms/token but still registered an 88% increase
over the original Llama2-7B. These findings highlight the
effectiveness of our system-algorithm co-design approach.

Conclusion

This paper addresses the critical inference latency over-
head (250-950%) in dynamic LLM adapters, which we iden-
tify as a consequence of fragmented CUDA kernel calls,
not computational load. We propose AdaFuse, a system-
algorithm co-design featuring a token-wise pre-gated archi-
tecture. AdaFuse uses a single router at the first layer to de-
termine expert activations for all subsequent layers, a strat-
egy that eliminates the overhead of traditional layer-wise
routing. To realize this design, we developed the SGMM
CUDA kernel to perform fused adapter switching, which
merges activated adapters into the backbone in a single
efficient operation. Rigorous experiments validate our ap-
proach: AdaFuse achieves competitive accuracy (60.12%
general, 83.58% domain-specific) while delivering a 2.4x
decoding speedup over the fastest dynamic adapters. This
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reduces the latency overhead from a typical 250-950% to
just 29% over the backbone model. Ablation studies confirm
that both the pre-gated architecture and our SGMM kernel
are essential to this performance. Ultimately, AdaFuse estab-
lishes a new benchmark for efficient LLM tuning, providing
a practical solution that maintains model adaptability while
achieving near-native inference speeds and contributing new
design principles for future dynamic adapter architectures.
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