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Abstract. As the de facto standard for knowledge-intensive tasks, Retrieval-Aug-
mented Generation (RAG) has significantly enhanced the reliability of Large
Language Models by incorporating external non-parametric knowledge. How-
ever, adapting general-purpose retrievers to specific vertical domains often trig-
gers catastrophic forgetting, severely degrading performance on open-domain
queries. Additionally, existing mitigation strategies, such as linear model fusion,
are mathematically constrained within a linear geometric manifold, limiting their
ability to effectively rectify complex non-linear semantic drifts caused by domain
shifts. To address these limitations, we present an effective approach, SuRe-EM
(Subspace-routing & Residual-corrected Expert Model), designed to resolve the
issues of domain specialization and cross-domain generalization in domain-adap-
tive retrieval. SuRe-EM enhances cross-domain representation by integrating
fine-grained subspace routing with non-linear residual correction. Specifically,
SuRe-EM first employs subspace routing to dynamically decouple high-dimen-
sional features for maximizing domain specialization, followed by a residual
module that generates non-linear semantic compensations. We validate our
model on a vertical domain dataset (AHD) and general domain datasets (CMRC,
SQuAD). Quantitative results demonstrate the effectiveness of SuRe-EM, which
maintains strong in-domain precision while improving Recall@10 by up to 4.46
points over state-of-the-art linear fusion baselines in cross-domain scenarios.
Furthermore, comprehensive ablation studies validate the non-redundant synergy
of the key design elements within SuRe-EM.

Keywords: Retrieval Augmented Generation, Catastrophic Forgetting, Natural
Language Processing, Large Language Models.

1 Introduction

Large Language Models (LLMs), such as DeepSeek-R1 and GPT-4 [1, 2], have demon-
strated remarkable capabilities in text generation and logical reasoning tasks, attributed
to their sophisticated architectures and massive parameters. However, false or invented
facts are still occasionally produced by these models. This specific issue is known as
hallucination [3]. High accuracy is strictly required in fields such as healthcare and
finance. Consequently, these errors can cause severe harm within such knowledge-
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based sectors [4]. To solve this problem, researchers now widely use Retrieval-Aug-
mented Generation (RAG) [5], a method that enables large language models to effec-
tively handle knowledge-intensive tasks [6]. By obtaining real external information,
RAG technology fills the shortcomings of the model itself. The accuracy of the final
text is guaranteed by these introduced data. However, the whole set of operating mech-
anisms is often subject to the retriever. Once the retrieval module fails to capture the
correct background content, the output result of the model will become worse.

The practice of improving the accuracy rate of specific fields by fine-tuning the em-
bedded model has been confirmed by predecessor research institutes. However, when
the model adapts to the new target scenario, its cross-field performance tends to deteri-
orate. The original knowledge will be discarded in large quantities in the process, which
is called catastrophic forgetting [7, 8]. Linear fusion, which is commonly adopted at
present, can maintain specific skills and general abilities at the same time. The specific
practice is to find the weighted average of the fine-tuning model (FT) and the base
model (Base) [9]. Complex semantic data is difficult to process by static linear combi-
nation. The method assumes that the optimal solution is located on the linear manife of
the two models. However, once a complex semantic shift occurs, this premise will be
invalid. A fixed configuration may be useful for some data, but it cannot be adapted to
the rest of the samples.

In response to the above defects, this study proposes SuRe-EM (Subspace-routing
& Residual-corrected Expert Model). As a multi-expert search model, it mainly relies
on two core components to operate. Not only subspace routing gate control is used
inside the model, but the nonlinear residual correction module is also introduced into
it. Domain adaptive decoupling is achieved through the mutual cooperation of these
two parts. Through subspace routing, the specialized characteristics of the domain are
effectively amplified. The model uses residual correction to deal with semantic offset.
These two mechanisms cooperate with each other, so that SuRe-EM can adapt well to
vertical scenes without losing its universal robustness. The relevant test then in a verti-
cal domain dataset (AHD) and two general benchmarks (CMRC, SQuAD) unfold on.
The results show that SuRe-EM reliably beats traditional linear fusion methods. It keeps
high precision on in-domain data. Furthermore, it boosts Recall@10 by 4.46 points on
cross-domain tasks.

The main contributions of this article are summarized as follows:

1. We designed a domain adaptive retrieval model called SuRe-EM. The model in-
cludes a fine-grained subspace routing module and a nonlinear residual correction
module. The two modules jointly optimize the balance between domain specializa-
tion and general robustness, providing a solution to the problem of catastrophic for-
getting.

2. We have conducted a systematic evaluation of SuRe-EM. A large number of exper-
iments have been carried out on multiple datasets. Experimental results show that
the performance of SuRe-EM is better than that of the baseline model.

3. We also did a comprehensive ablation experiment. These experiments confirm the
independent contribution of each module in SuRe-EM, and also confirm the synergy
between modules.
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2 Related Work

The issue of hallucinations in Large Language Models (LLMs) is currently managed
best by Retrieval-Augmented Generation (RAG). Factual consistency is significantly
boosted because external non-parametric knowledge is added to the system [6, 10]. This
approach is applied across many domains, such as medical [11] and tourism QA [12],
as well as general text generation [13]. Even so, the final performance is strictly tied to
the quality of the retrieval step. According to recent studies, LLM reasoning can be
severely damaged by noisy or irrelevant documents. When this occurs, the accuracy of
the generated output drops sharply [14].

The dense retrieval model is usually based on the Transformer dual encoder struc-
ture (e.g., BERT [15]) and contrastive learning methods (e.g., InfoNCE [16]). This
kind of model has become the basis of the retrieval system. However, general models
often do not grasp the semantic characteristics of specific areas in vertical fields. Fine-
tuning is a commonly used adaptive strategy [17]. Through fine-tuning, the model can
align the target distribution. However, this fine-tuning process will destroy the original
general knowledge structure of the model and cause catastrophic forgetting. [6, §].

Model fusion provides a feasible way to solve this forgetting problem. In addition,
this method will not increase additional calculation costs in the reasoning process.
Methods such as WiSE-FT [18] and LM-Cocktail [9] prove its effectiveness. These
methods combine the weights of the pre-trained model (Base) and the fine-tuning model
(FT) through linear mixing. In this way, the network not only retains a wide range of
general skills, but also achieves good performance in the target domain.

In addition, Task Arithmetic [19] proposes to use vector operations in parameter
space to combine model capabilities, such as adding and subtracting specific task vec-
tors. Model Soups [20] average the weights of multiple fine-tuning models to improve
the generalization ability. TIES-Merging [21] more stable model integration by select-
ing sparse parameters and resolving conflicts.

But most of these methods only do global linear operations in parameter space. The
combined representation is essentially still a linear or convex combination of the orig-
inal model. This geometric limitation makes it difficult for them to capture complex
cross-domain semantic transformations. If the target semantics is distributed outside
the maniform of the original model, these methods usually cannot achieve precise align-
ment.
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Fig. 1. Schematic diagram of SuRe-EM framework. The model uses a dual-flow architecture.
In the upper stream, fine-grained subspace routing is used to dynamically integrate expert
knowledge. In the lower flow, nonlinear residual correction is used to correct semantic drift.
Through this design, the model achieves robust domain adaptation.

3 Methodology

This section systematically explains the SuRe-EM framework. Let's first introduce a
data construction process based on the Large Language Model (LLM), which is used
to alleviate the problem of sparse data in the domain. Next, we will discuss the two core
components of SuRe-EM: the fine-grained subspace routing mechanism and the non-
linear residual correction module. Finally, explain the optimization and training strat-
egy of the model.

3.1 Data Construction Pipeline

We have adopted an LLM-based process to synthesize the real training corpus [22] to
alleviate the problem of data sparseness. (1) Preprocessing: The original corpus is di-
vided into semantic paragraph D. (2) Generation: GPT-4 synthesizes diversified queries
according to specific instructions: Based on the document below, generate K insightful
and diverse questions that require understanding the entire text to answer. The ques-
tions should be phrased naturally. (3) Quality Control: Manual audit is carried out ac-
cording to the standardized process to filter out factual errors and ambiguities and en-
sure data consistency. (4) Triplet Construction: The effective query is paired with the
regular paragraph D, and we apply BGE-M3 [23] to retrieve the difficult sample N for
fine-grained discrimination.

3.2 SuRe-EM Framework

We propose the SuRe-EM method. This method is used to overcome the geometric
constraints of linear manives in existing linear fusion methods. SuRe-EM obtains ac-
curate semantic representation through feature decoupling and nonlinear correction. As
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shown in Fig. 1, the architecture contains two core parts: a fine-grained subspace rout-
ing module and a nonlinear residual correction module.
Fine-grained Subspace Routing

The traditional Mixed Expert (MoE) model usually assigns a scalar weight to the
entire embedded vector. This practice ignores an inherent feature of high-dimensional
representation: different dimensions encode different semantic features. To solve this
problem, we divide the D-dimensional embedded space into H non-overlapping orthog-
onal subspaces, as shown in Equation (1). This decoupling mechanism allows the model
to reorganize the knowledge from the basic model (Base) and fine-tuning model (FT)
at a finer granularity. In the implementation, the number of subspaces H = 8 and the
dimension of each subspace is d = D/H. This value is used as a fixed superparameter
in all experiments.

V=[v,v®, . v#] vy e Rd )

For each subspace v, the gate control network independently calculates the allo-
cation weight of experts. In order to enhance the robustness of decision-making, we
have added an explicit feature enhancement. This mechanism integrates the differential
characteristics and product characteristics of experts, thus strengthening the judgment
of semantic differences and correlations by the gated network. The specific calculation
process is as follows:

o Gating Input Feature Construction. For the h subspace, the augmented input vector
is defined as Equation (2).

100 = [Bygges B (Eye = Ex); (Eyae © B @)
) _

Here, the semicolon ; denotes vector concatenation. The term E, . Ef(th) captures se-
(h)

mantic conflicts, while E -

h . .
O] Ef(t ) measures semantic commonality.

e Routing Weight Calculation. The expert weights W™ are computed via a light-
weight MLP (MLP,) followed by softmax function as Equation (3).

w® = [w®,, w] = Softmax (MLP,(1™)). 3)
The constraint wéfs)e + Wfih) = 1 ensures stability within each subspace.

e Subspace Feature Synthesis. Finally, the output vector O™ is synthesized via
weighted aggregation as Equation (4).

n — ., () (h) ()
0( ) = WbaseEbase + W Eft ' (4)

The complete linear fusion representation Ej;,.,. is obtained by concatenating outputs
across all subspaces.

Non-linear Residual Correction Module
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Although subspace routing optimizes the allocation of expert weights, the linear
merge model essentially limits the final embedding to a convex combination of expert
vectors. Geometrically, this restriction makes the representation can only fall on the
line segment connecting the two points, which is a compromise solution. In order to
break through this geometric limitation, this module introduces a nonlinear residual
correction term, written as A. This correction term provides additional semantic com-
pensation capability through nonlinear mapping in high-dimensional space. This mod-
ule adopts a multi-layer sensor (MLP) structure. Its input is the cascade characteristics
of the basic model (BASE) and fine-tuning expert (FT). Equation (5) for the calculation
method.

A = MLPreq) ([Epase); Ecer)]) )

The MLP, ., here uses the GeLU activation function [24]. This allows the model to cap-
ture nonlinear semantic deviations. In addition, the module adopts a zero initialization
strategy. Specifically, the standard deviation of the last layer is set to 1e-5. This can
ensure that the model is mainly dominated by robust linear fusion at the beginning of
training.

We first add the residual correction term A to the multi-head linear synthesis result
Elinear> and then normalize the layer according to Equation (6), so as to get the final
fusion representation Eg,;.

Eﬁnal = LayerNorm(Elinear + A) (6)

In the vector geometric space, A is a displacement component deviating from the linear
maniform. When the system encounters cross-domain scenarios or highly specialized
contexts, A will generate the missing "semantic blocks" in the original expert model. In
this way, the representation vector is moved from the linear mariform to a more precise
coordinate point.

Optimization And Training Strategy

We adopt a two-stage decoupling training strategy. In this way, SuRe-EM can
achieve both the generalization ability in the general field and the professional accuracy
in the vertical field. In the first stage, the model uses in-domain data and optimizes the
loss function through InfoNCE contrastive learning. In this stage, the distance between
the positive sample pairs is closer and the distance between the negative sample pairs
is pulled apart. Through this process, a discriminative semantic space is constructed, as
shown in Equation (7).

fom(aa?)r)

25‘?:1 e(Sim(qi-d}—)/T) + Z%zleﬁm(qi‘nw)/r

)

Loss = —log

Here, sim( ) denotes the cosine similarity function. d; represents the positive sample,
n;, denotes the k hard negative sample, and T serves as the temperature hyperparame-
ter.
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In the second stage, the parameters of the expert model were frozen by us. Then we
use the hybrid dataset to jointly train the routing module and the residual correction
module. Let Ejjeor = Concat(0®, 0@, ..., 0)) denote the fused representation ob-
tained by concatenating the routed subspace outputs, and let Eg,.) = Ejjpear + A denote
the final embedding after residual correction. The overall training objective is defined
as Equation (8).

Ltotal = InfONCE(Efinal) + 7\”A”2 (8)

Ejinear 18 here the dynamic fusion subspace representation generated by the routing
module. The residual term A is used to model nonlinear cross-domain deviations, which
cannot be represented by linear fusion alone. The scalar A is a learnable parameter
whose initial value 0. The 1, regularization term is used to constrain the size of the
residual. This constraint prompts the model to start from linear fusion and gradually
learn the necessary corrections. The above joint goals enable the routing mechanism
and the residual mechanism to learn together. In this way, the model can achieve cross-
domain alignment while maintaining domain-specific capabilities.

4 Experiments

4.1 Datasets

The experimental datasets utilized in this study comprise two publicly available gen-
eral-domain datasets: CMRC2018 (denoted as CMRC) [25] and ChineseSQuAD (de-
noted as SQuAD), along with a self-constructed vertical-domain dataset named AHD
(AutoHandbook Dataset).

CMRC2018 constitutes a Chinese machine reading comprehension dataset contain-
ing triplets of questions, answers, and contextual passages. Through rigorous data cu-
ration and augmentation techniques, we constructed a refined corpus of 6,685 QA in-
stances.

ChineseSquad is a dataset specifically constructed for Chinese machine reading
comprehension research, based on the original SQuAD [26] dataset. It retains the com-
plete information of questions, answers, and corresponding contexts. Through carefully
designed filtering mechanisms and data augmentation methods, we ultimately selected
10,995 high-quality instances from the original dataset.

AHD is a specialized vertical-domain benchmark focused on the intelligent cockpit.
The corpus is derived from 500+ pages of original vehicle manuals. After data augmen-
tation, it ultimately comprises 2,145 high-fidelity samples. To ensure annotation qual-
ity, we implemented a rigorous protocol where three domain experts conducted a dou-
ble-blind review of the GPT-4 generated queries based on factual consistency, linguis-
tic naturalness, and semantic complexity. Furthermore, each query is paired with five
hard negative samples retrieved via BGE-M3. The high density of long-tail technical
terminology and unstructured tabular data in AHD poses a significant challenge for
cross-domain retrieval robustness.
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Training Strategy. Stage 1 fine-tunes three domain experts on AHD, CMRC, and
SQuAD individually. Stage 2 trains SuRe-EM on mixed in-domain and cross-domain
data using AHD:CMRC (4:6, 2K), CMRC:AHD (4:6, 2K), and SQuAD:AHD (6:4,
3K). We train SuRe-EM separately for each domain expert, resulting in three pairwise
domain-adaptive SuRe-EM models.

4.2  Baseline
We compare our method with the following baseline methods.

e Base: The pre-trained BGE-base-zh-v1.5 [27] deployed directly without any further
fine-tuning.

e FT: We use the Sentence-Transformer framework, where the model was fine-tuned
on our augmented training corpus.

e LM: Linearly fuses the Base and FT models [9]:
(1) LM (fixed), with A = 0.5, a commonly adopted default in prior work;
(2) LM (oracle), where A € {0.1,0.2, ..., 0.9} is selected via grid search, and we re-
port the best-performing result for each evaluation setting. Detailed results across
different A values are provided in 5.3, and Fig. 2 further illustrates the sensitivity of
LM performance to the choice of A. The oracle variant represents an upper bound for
linear fusion, as it requires access to target-domain validation signals and scenario-
specific tuning, which is typically unavailable in real-world deployment.

4.3 Evaluation Metrics

In the experiments conducted for this study, we employed multiple evaluation metrics
to assess retrieval quality, specifically: Recall@10, NDCG@10, and MAP@100. Re-
call@10: This metric measures retrieval depth. It reflects the proportion of correct an-
swers contained within the top-k candidate documents, demonstrating the model's ca-
pability for preliminary screening. NDCG@10: This metric serves as an indicator of
ranking quality. By incorporating position-based logarithmic discounting, it under-
scores the importance of positioning highly relevant documents at the top of the list.
MAP@100: This metric evaluates the overall ranking performance within a larger re-
trieval scope from the perspective of long-tail distribution, serving as a critical indicator
of retrieval robustness.

4.4 Implementation Details

We employ BGE-base-zh-v1.5 as the backbone encoder. For the expert fine-tuning
stage, we use a learning rate of 2e-5. In the subsequent training of the SuRe-EM com-
ponents, the learning rate is set to 5e-4. We use a batch size of B = 512 and sample
M =5 hard negatives for each query. The temperature is set to T = 0.05, following
common practice in contrastive learning. To facilitate fine-grained feature disentangle-
ment, the number of routing subspaces is set to H = 8. All experiments are imple-
mented in PyTorch and conducted on NVIDIA A100 80GB GPUs.
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5 Results And Analysis

In this section, we systematically evaluate and analyze the performance of our proposed
SuRe-EM model, and conduct additional ablation studies to substantiate our experi-
mental findings.

~—&— LM: In-Domain ~—&— LM: Cross-Domain == SuRe-EM: In-Domain == SuRe-EM: Cross-Domain

(a) AHD (b) CMRC (¢) SQuAD
094

085 0.58 4

08 _-W 1 056

0.54 4

0.80 4

0.75 o

0.74
0.52 4

Recall@10

°

3

3
1

0.50 4

| 045

0.5+ 0.46 4
T T T T T T T T T T T T T T T T T T T T T T T T
01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 07

Base Weight (A) Base Weight (A) Base Weight (A)

0.6
0.65 <

0.60 4

T T
08 09

Fig. 2. Recall@10 of LM across different fusion coefficients A under in-domain and cross-do-
main evaluations. The optimal A varies significantly across settings, revealing the limitation of
static linear interpolation.

5.1 In-Domain Performance

Table 1 reports the in-domain retrieval performance of all models. On the highly spe-
cialized AHD dataset, the Base model performs poorly due to the lack of domain-spe-
cific knowledge, achieving a Recall@10 of only 0.5479.

On the AHD dataset, the Recall@10 value obtained by SuRe-EM is 0.8177. This
result is slightly lower than the pure fine-tuning (FT) model, but it is still competitive
compared with the linear fusion model. This shows that the fine-grained subspace rout-
ing mechanism can effectively guide in-domain queries to the corresponding domain
experts. Therefore, while maintaining the overall robustness, the model can also obtain
high in-domain accuracy.

On the CMRC dataset, the Recall@10 value of SuRe-EM is 0.8152, which is slightly
lower than LM(oracle). This small difference can be regarded as a reasonable trade-off.
While avoiding coefficient tuning for specific scenarios, SuRe-EM minimizes the loss
of in-domain accuracy and significantly improves cross-domain performance.

Overall, these results demonstrate that SuRe-EM maintains competitive in-domain
performance while providing a better balance between domain specialization and gen-
eral robustness.

Table 1. In-Domain retrieval performance comparison.

Test Scenario Model R@10 N@10 M@100
Base 0.7724 0.8029 0.7459
FT 0.8215 0.8330 0.7875

CMRC (in-domain)
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LM(fixed) 0.8216 0.8390 0.7922
LM(oracle) 0.8247 0.8360 0.7877
SuRe-EM  0.8152 0.8300 0.7847
Base 0.4654 0.4963 0.3934
FT 0.4740 0.4847 0.3956
SQUAD (in-domain)  LM(fixed) 0.4890 0.5130 0.4178
LM(oracle) 0.4914 0.5161 0.4185
SuRe-EM  0.4716 0.4868 0.3935
Base 0.5479 0.5439 0.4550
FT 0.8233 0.7598 0.7318
AHD (in-domain) LM(fixed) 0.8047 0.7500 0.7112
LM(oracle) 0.8205 0.7564 0.7260
SuRe-EM  0.8177 0.7530 0.7165

5.2 Cross-Domain Performance

Table 2 summarizes the retrieval performance under cross-domain settings, evaluating
robustness against catastrophic forgetting and zero-shot transfer ability.

In the AHD—CMRC scenario, SuRe-EM achieves competitive performance com-
pared to LM with tuned A, while still outperforming FT by a clear margin. Although
LM (oracle) attains slightly higher Recall@10 in this case, the optimal A is strongly
biased toward the base model, effectively reducing the fusion model to a near-base
configuration. This behavior benefits this specific transfer direction but does not gen-
eralize.

In contrast, in the CMRC—AHD and SQuAD—AHD settings, SuRe-EM consist-
ently outperforms both LM (fixed) and LM (oracle), achieving gains of up to +4.46 and
+1.40 in Recall@10, respectively. Similar improvements are observed in NDCG@10
and MAP@100, demonstrating superior transferability to the vertical domain. These
results indicate that the non-linear residual correction module effectively compensates
for semantic drift introduced during domain-specific fine-tuning.

The results of Fig. 2 show that the performance of LM is highly sensitive to A values.
Under in-domain settings and cross-domain settings, the optimal value of A is different.
This highlights the limitations of static linear fusion under domain offset, because this
fusion needs to be adjusted for specific scenarios. In contrast, SuRe-EM can maintain
consistent good performance without manual selection coefficients and show better ro-
bustness under various domain offsets.

Table 2. cross-domain and zero-shot transfer performance. A — B denotes training on source A
and evaluating on target B.

Test Scenario Model R@10 N@10 M@100
FT 0.5428 0.5258 0.4411

LM(fixed) 0.5595 0.5488 0.4632

CMRC > AHD LM(oracle) 0.5642 0.5540 0.4665

SuRe-EM 0.6088 0.5845 0.5075
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0.5330
0.5544
0.5544
0.5684
0.7294
0.7682
0.7808
0.7758

0.5214
0.5425
0.5425
0.5567
0.7597
0.7971
0.8080
0.8004

11

0.4367
0.4530
0.4530
0.4733
0.7001
0.7419
0.7516
0.7481

5.3  Sensitivity Analysis Of Linear Fusion

To demonstrate the limitations of static linear fusion, we report the Recall@10 of LM
under varying coefficients A in Table 3 and Table 4. The results reveal a critical coef-
ficient drift: the optimal A varies significantly across tasks, shifting from 0.2 in AHD
in-domain evaluation to 0.7 in CMRC — AHD cross-domain transfer. This instability
confirms that a single linear manifold cannot effectively rectify complex semantic

drifts.

Table 3. cross-domain performance of LM under different fusion coefficients (Base : FT).

Base:FT

AHD - CMRC

CMRC - AHD

SQuAD - AHD

R@10 N@100

M@100

R@10 N@100

M@100

R@10 N@100 M@100

0.1:0.9
0.2:0.8
0.3:0.7
0.4:0.6
0.5:0.5
0.6:0.4
0.7:0.3
0.8:0.2
0.9:0.1

0.7343
0.7423
0.7518
0.7580
0.7682
0.7741
0.7808
0.7786
0.7763

0.7648
0.7728
0.7814
0.7886
0.7971
0.8032
0.8080
0.8080
0.8060

0.7066
0.7152
0.7242
0.7339
0.7419
0.7485
0.7516
0.7537
0.7500

0.5409
0.5530
0.5614
0.5605
0.5595
0.5623
0.5642
0.5642
0.5567

0.5316
0.5395
0.5492
0.5503
0.5488
0.5501
0.5540
0.5540
0.5502

0.4471
0.4514
0.4604
0.4635
0.4632
0.4635
0.4665
0.4645
0.4591

0.5330
0.5433
0.5423
0.5423
0.5544
0.5507
0.5535
0.5498
0.5433

0.5213
0.5289
0.5311
0.5348
0.5425
0.5418
0.5426
0.5443
0.5396

0.4364
0.4413
0.4447
0.4497
0.4530
0.4525
0.4520
0.4548
0.4513

Table 4. In-Domain performance of LM under different fusion coefficients (Base :

FT).

Base:FT

AHD

CMRC

SQuAD

R@10 N@100

M@100

R@10 N@100

M@100

R@10

N@100

M@100

0.1:0.9
0.2:0.8
0.3:0.7
0.4:0.6
0.5:0.5
0.6:0.4
0.7:0.3
0.8:0.2
0.9:0.1

0.8177
0.8205
0.8195
0.8158
0.8047
0.7944
0.7600
0.6981
0.6191

0.7560
0.7564
0.7567
0.7563
0.7500
0.7421
0.7192
0.6707
0.6028

0.7270
0.7260
0.7250
0.7218
0.7112
0.6935
0.6575
0.5940
0.5168

0.8247
0.8247
0.8223
0.8205
0.8216
0.8186
0.8124
0.8062
0.7921

0.8357
0.8360
0.8369
0.8366
0.8390
0.8381
0.8344
0.8292
0.8189

0.7873
0.7877
0.7902
0.7908
0.7922
0.7912
0.7866
0.7781
0.7651

0.4776
0.4816
0.4840
0.4846
0.4890
0.4914
0.4900
0.4830
0.4744

0.4917
0.4988
0.5042
0.5083
0.5130
0.5161
0.5154
0.5114
0.5042

0.4010
0.4071
0.4121
0.4157
0.4178
0.4185
0.4164
0.4113
0.4030




12 Xifan Liu et al.

5.4  Ablation

We did further experiments to explore the contribution of each component in the model.
These experiments include systematic ablation studies on nonlinear residual correction
modules and fine-grained subspace routing modules. Experimental results show that
each module plays a different role in different scenarios. At the same time, there is also
an obvious synergy between these modules.
Ablation Analysis Of The Non-linear Residual Correction Module

The Non-linear Residual Correction module is designed to correct cross-domain se-
mantic misalignment. As shown in Table 5, removing this module results in only mar-
ginal changes in in-domain performance, while causing a substantial degradation in
cross-domain scenarios. For example, Recall@l0 drops by 4.18 points in the
CMRC-AHD setting. This observation indicates that linear fusion alone is insufficient
to handle domain shift, and highlights the importance of residual correction for cross-
domain alignment.

Table 5. Impact of removing the Non-linear Residual Correction module. A — B denotes train-
ing on source A and evaluating on target B. A values are reported in absolute points (x100).

Test Scenario R@10 AR(points) N@10 AN(points)
AHD (in-domain) 0.8093 -0.84 0.7475 -0.55
CMRC (in-domain) 0.8207 +0.55 0.8340 +0.40
SQuAD (in-domain) 0.4728 +0.12 0.4855 -0.13
AHD - CMRC 0.7674 -0.84 0.7941 -0.63
CMRC - AHD 0.5670 -4.18 0.5546 -2.99
SQuAD — AHD 0.5367 -3.17 0.5223 -3.44

Ablation Analysis Of The Fine-grained Subspace Routing Module

To evaluate the necessity of fine-grained routing, we reduce the number of subspaces
from H = 8 to H = 1, effectively degenerating the model into a global scalar gating
mechanism. As reported in Table 6, this degeneration leads to consistent performance
drops across cross-domain tasks, with Recall@10 decreasing by up to 7.53 points in
CMRC—-AHD. These results demonstrate that fine-grained feature partitioning is cru-
cial for capturing heterogeneous semantic shifts across domains. Empirically, we sug-
gest H = 8 as a heuristic balance between representation capacity and computational
efficiency, as higher values offer diminishing returns.

Table 6. Analysis of Subspace Routing granularity (H = 8 vs H = 1). A — B denotes training
on source A and evaluating on target B. A values are reported in absolute points (x100).

Test Scenario R@10 AR(points) N@10 AN(points)
AHD (in-domain) 0.8177 +0.00 0.7543 +0.13
CMRC (in-domain) 0.8182 +0.30 0.8301 -0.01
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SQuAD (in-domain) 0.4694 -0.22 0.4819 -0.49
CMRC - AHD 0.5335 -7.53 0.5345 -5.00
SQuAD —» AHD 0.5205 -4.79 0.5148 -4.19
AHD —» CMRC 0.7266 -4.92 0.7572 -4.32

Ablation Analysis Of Dual-Module Synergy

We further studied the combined effect of subspace routing and residual correction.
The practice is to remove these two modules at the same time. As shown in Table 7, t
this practice leads to a significant decline in performance in most cases. In the scene in
the AHD domain, the recall rate (Recall@10) decreased by 14.61 percentage points.

A slight improvement (+1.17) is observed in the AHD—CMRC setting, which may
be attributed to reduced model capacity and weaker source-domain bias. However, this
comes at the cost of degraded performance in other settings, indicating that the full
model provides more robust overall performance.

Table 7. Assessment of component synergy. A — B denotes training on source A and evaluat-
ing on target B. A values are reported in absolute points (x100).

Test Scenario R@10 AR(points) N@10 AN(points)
AHD (in-domain) 0.6716 -14.61 0.6483 -10.47
CMRC (in-domain) 0.8124 -0.28 0.8266 -0.34
SQuAD (in-domain) 0.4664 -0.52 0.4804 -0.64
CMRC - AHD 0.5870 -2.18 0.5661 -1.84
SQuAD —» AHD 0.5316 -3.68 0.5077 -4.90
AHD - CMRC 0.7875 +1.17 0.8119 +1.15

5.5 Efficiency Analysis

As shown in Table 8, SuRe-EM introduces only 2.60M trainable parameters (+2.54%)
while the Base and FT encoders remain frozen. The fusion modules are highly efficient,
with the additional computation over subspace representations resulting in a negligible
latency overhead of only +0.03ms beyond the dual-encoder baseline. This ensures that
SuRe-EM achieves superior domain adaptation with minimal deployment cost com-
pared to existing merging strategies.

Table 8. Computational Complexity Comparison (Batch Size = 1).

Model Parameters (M) Latency (ms)
Base 102.27 8.44
FT 102.27 8.45

SuRe-EM (Ours) 104.87 (+2.54%)  16.92 (+0.03)
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6 Conclusion

This paper presents SuRe-EM, an efficient retrieval model that addresses the trade-off
between domain specialization and general robustness via a non-linear residual correc-
tion module and fine-grained subspace routing. Experimental results demonstrate that
SuRe-EM consistently improves cross-domain performance while maintaining in-do-
main precision, thereby effectively alleviating catastrophic forgetting. Future work will
extend this framework to heterogeneous multi-expert and multi-modal retrieval scenar-
ios.
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