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Abstract—Large language models are increasingly applied to
code-related tasks, raising growing concerns about the safety of
their generated code. Existing methods either directly update
the model or adjust generation behavior without changing
parameters to improve security. The latter approach is more
valuable due to stronger scalability but often improves safety at
the cost of functional correctness. Inspired by knowledge transfer,
we propose Adaptive Secure Code Generation, a framework
leveraging two expert models, respectively focused on security
and correctness, to collaboratively guide the code generation
of target model. We collect representative code repair and
instruction data to train the two experts. To achieve a balanced
integration of objectives, we further introduce an entropy-based
logits fusion strategy that adaptively adjusts expert guidance
strength, thereby enhancing the reliability of the generated
code. Specifically, our implementation achieves improvements of
6-13% in overall performance.

Index Terms—Large Language Models, Code Generation,
Program Security

I. INTRODUCTION

In recent years, large language models (LLMs) have rapidly
advanced in software engineering, evolving from function-
and file-level tasks to repository-level challenges [1]-[3].
However, with the growing reliance on LLM-generated code
to automate software development, security concerns have
become increasingly salient. Practitioners frequently struggle
to identify latent vulnerabilities in generated code, and in some
cases, may simply neglect the potential security hazards. This
poses serious risks to enterprise software and user privacy,
making secure code generation imperative.

To address this issue, recent research has proposed numer-
ous techniques for secure code generation. One straightforward
approach involves fine-tuning models with vulnerable and
fixed code pairs [4], [5]. In contrast, alternative approaches
avoid modifying model parameters and instead intervene at
different stages of the generation process, including before
input [6], during inference [7], or after output [8], [9]. These
methods typically employ strategies such as collaborative
decoding or post-processing to adjust model behavior. How-
ever, considering factors such as scalability, training costs,
and inference efficiency, decoding-time strategies demonstrate
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significant potential. However, a persistent limitation is that
efforts to inject security knowledge often inadvertently com-
promise functional correctness, highlighting an imbalance be-
tween these two critical objectives.

Considering the above constraints, we propose Adaptive
Secure Code Generation (ASCG), a framework that lever-
ages two expert models to adjust the behavior of the target
LLM, with one emphasizing code security and the other
functional correctness. To ensure semantic alignment, each
expert is selected as the smallest model from the same family
as the target LLM and trained via Low-Rank Adaptation
(LoRA) [10], guaranteeing both efficiency and scalability.
Departing from the probability-based manipulation employed
in existing decoding-time strategies such as CoSec [7], ASCG
fundamentally intervenes at the logit level during inference.
This design aligns with knowledge transfer paradigms to
more effectively convey critical signals, such as vulnerability
patterns and functional logic, from the experts to the target
model. To balance the influence of both experts, we further
introduce an entropy-based logit fusion mechanism that adap-
tively coordinates their contributions, thereby maintaining an
good trade-off between security and correctness.

For empirical evaluation, we train the expert models using
high-quality dataset, including a code repair corpus [4] and
a diverse collection of instruction-tuning samples [11]-[14].
Extensive experiments are conducted on multiple LLMs cov-
ering different architectures and scales, and results consistently
demonstrate competitive performance across two high quality
benchmarks. The results indicate that ASCG achieves average
improvements of 11.1% in security and 6.5% in functional
correctness, along with an enhancement of approximately
6-13% in the overall reliability of generated code, thereby
underscoring its practical significance.

Our main contributions are as follows:

o We propose ASCG, a novel framework for secure code
generation that integrates two expert models focused on
security and functional correctness. They collaboratively
guide the target LLM during decoding, leading to more
reliable and trustworthy code generation.

o We introduce an entropy-based logit fusion strategy that
adaptively integrates expert knowledge into the target
model during inference. This mechanism can achieve



effective knowledge transfer with minimal impact on
inference speed.

« We conduct extensive experiments across multiple code
LLMs and benchmarks, demonstrating the practicality
and effectiveness of the method.

II. RELATED WORK
A. Large Language Model for Code Generation

Driven by advances in model architecture, data scale, and
cross-domain generalization, LLMs have rapidly evolved in
recent years. In programming tasks, they exhibit strong code
understanding and generation capabilities, enabling applica-
tions in software development, debugging assistance, and au-
tomation tools. A series of code-centric LLMs have emerged,
such as CodeGen [15], the first to adopt a pure decoder
architecture and achieve leading program generation perfor-
mance, and Code Llama [16], optimized through long-context
fine-tuning (LCFT), thereby achieving improved performance
on extended code inputs. More recently, mainstream model
families including Claude, DeepSeek, and Qwen [17], [18]
have released specialized code generation variants, reflecting
an increasingly diverse and specialized code LLM ecosystem.

B. Secure Code Generation

Security is a critical property of code, and the Common
Weakness Enumeration (CWE) serves as a widely adopted
standard for classifying software vulnerabilities [19]. With the
growing use of LLMs in real-world programming, concerns
have arisen over the security of their outputs. A systematic
assessment [20] showed that about 40% of Copilot’s outputs
on CWE Top 25 tasks contained vulnerabilities, suggesting
that LLMs may replicate unsafe patterns from training data.
This has motivated research on secure code generation, in-
cluding fine-tuning with security-aware objectives [4], [5],
collaborative decoding [7], and agent-based frameworks that
iteratively refine outputs with security feedback [8], [9].

C. Decoding-time Strategy

Decoding-time methods steer LLM outputs without modi-
fying model parameters. A representative early work, DEx-
perts [21], controlled text generation via expert—anti-expert
ensembles on logits. Subsequent approaches including Proxy-
tuning [22] and EFT [23] further explored different logit-
based decoding-time strategies across common tasks. More-
over, CoSec [7] adopted a collaborative decoding method with
simple probability operations, demonstrating the effective-
ness of decoding-time strategies in security-sensitive contexts.
Building on these insights, we propose a dynamic logits fusion
strategy designed for secure code generation.

III. METHODOLOGY

In this section, we provide a detailed description of ASCG.
As shown in Figure 1, the framework consists of two stages:
training and inference. During training, small pre-trained
models are finetuned with preference-specific data to obtain
security and functional correctness experts. In inference, the

frozen target model is guided by experts at each decoding step,
with an entropy-based dynamic weighting adaptively fusing
their information to generate more reliable code.

A. Security Expert Model Fine-Tuning

Extensive research [4], [7] has demonstrated that fine-tuning
on vulnerable—fixed code pairs helps models learn safer code
representations. They leveraged code differences before and
after vulnerability fixes to guide the model toward security-
related contexts. Given its intuitive efficiency, we follow this
setting to train the security expert model (hereafter, security
expert). Specifically, the fine-tuning process employs a loss
function with two parts. The first is the standard cross-entropy
loss, which encourages the model to accurately predict tokens
directly related to security modifications:

L£5°°(x,m) = — th -log P(z¢|x<t), (1)
¢

Here, x denotes the secure code snippet, i.e., the fixed
one, and m is a binary mask where m; = 1 if token x
originates from the security fix and O otherwise, such that
L5°¢ encourages the model to attend to fix-related tokens.

The second term of the loss function incorporates KL
divergence, also known as relative entropy, to constrain the
deviation in prediction distributions between the security ex-
pert and its pre-fine-tuning counterpart, defined as follows:

L8 (x,m) =Y (1= my)KL(S(2]x<0)||B(i[x <)), (2)
t

Where & and B denote the prediction distributions of
the security expert and its base model prior to fine-tuning,
respectively. We integrate KL divergence as a regularization
term primarily to prevent the security expert from overfitting
to domain-specific patterns, which could otherwise introduce
functional errors or abnormal code structures. However, as
demonstrated in our experiments, relying solely on this con-
straint, as in CoSec, is insufficient to ensure functional cor-
rectness, indicating a need for stronger guidance signals. This
limitation consequently motivates our training of a dedicated
utility-oriented expert.

B. Correctness Expert Model Fine-Tuning

Previous studies [24], [25] have shown that instruction fine-
tuning can effectively enhance a model’s ability to understand
user intent, thereby improving downstream task performance.
In code generation, related work [26], [27] further indicates
that fine-tuning models using instruction-based code data can
significantly improve their understanding and reasoning capa-
bilities regarding code logic and semantics. Inspired by these
research, we fine-tune an expert model (hereafter, correctness
expert) on large-scale, high-quality instruction-based code data
to specialize in correct code generation. Specifically, each
sample consists of an instruction i and its correct code output
x, and the training objective is the negative log-likelihood loss:

[reorr (X, i) — Z log P(.’L‘t‘X<t, i) 3)
t
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Fig. 1. The overall framework of ASCG consists of two stages: training preference-specific experts and inference with adaptive logits fusion. Here, compared
to ‘exec’, the token ‘run’ sampled from the adjusted distribution is more reliable.

C. Adaptive Logit Fusion

While logit-based guidance from fine-tuned small models
has been utilized in general reasoning tasks [22], [28], its
application to the code generation domain remains underex-
plored. In this work, we extend this paradigm to the coding
domain, investigating its potential to enhance the reliability
of generated code. However, existing strategies predominantly
rely on static weighting for logit fusion. This rigidity ignores
the dynamic nature of generation, where an expert model’s
sensitivity to context and predictive reliability can fluctuate
significantly across decoding steps, potentially leading to
suboptimal fusion outcomes.

To address this, we leverage entropy as a robust proxy for
uncertainty. We posit that the entropy shift between the fine-
tuned and base models quantifies the confidence gain from
the fine-tuning process. Specifically, a significant reduction in
entropy implies that the expert model has acquired additional
confidence through fine-tuning. Consequently, we propose an
entropy-based adaptive logit fusion strategy. Instead of using
fixed weights, this mechanism dynamically modulates the
expert’s guidance strength based on the magnitude of this
confidence gap, thereby prioritizing expert knowledge when
it is most reliable. Formally, entropy is defined as follows:

~ 3 milw)logr, (a),

zeV

4)

H(m;)

Here, V' denotes the entire vocabulary, and 7;(x) denotes
the probability that model 7 predicts the next token to be z.
Then, at each decoding step ¢, the weight w; of expert model
1 is determined according to the following formula:

HI(m;)

HP(mr;)

exp 0(m;)
225 exp ()’

Where HP*(7;) and Hf*(m;) represent the entropy of the
token prediction distribution before and after fine-tuning for
expert i, and [ is a hyperparameter governing the overall
guidance strength. Consistent with our hypothesis, a substan-
tial drop in entropy signals enhanced predictive confidence
derived from fine-tuning. Therefore, our mechanism assigns a
larger weight to such high-confidence predictions, allowing the
guidance signal to dynamically adapt to the specific decoding
context. Finally, the adjusted logits z are computed as:

o(mi) =1— ; wi=p- ®)

20') + we(zl" — 22"). (6)
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IV. EXPERIMENTS
A. Experimental Setup

1) Models: Considering the open-source ecosystem, com-
munity popularity, and computational resource constraints, we
evaluate ASCG on three representative code LLM families:
CodeGen (350M, 2B, 6B), StarCoder (1B, 3B, 7B), and
Deepseek-Coder (1.3B, 6.7B). In each series, the smallest
variant is fine-tuned to serve as the expert model.

2) Datasets: For security tuning, we utilize the dataset
proposed by SVEN [4], which comprises Python and C
vulnerability—fix pairs across 9 common CWE categories. Re-
garding the correctness expert, we constructed a high-quality
instruction-tuning corpus for training by extracting approxi-
mately 6k C and 20k Python instances from CodeFeedback,



TABLE I
MAIN RESULTS ON CODEGUARDPLUST.

TABLE III
MAIN RESULTS ON HUMANEVAL.

t .
Target Model Setting CodeGuardPlus Target Model Setting HumanEval
secure@1  pass@1  secure-pass@1 pass@1  pass@10
n/a 51.56 59.08 30.75 n/a 13.1 24.5
CodeGen-2B i1 ASCG  67.65 63.46 43.96 CodeGen-2B with ASCG ~ 16.4 29.1
n/a 62.16 59.42 34.71 n/a 18.6 28.2
CodeGen-6B  ipASCG 78.17 68.88 51.71 CodeGen-68 with ASCG ~ 19.7 323
n/a 68.95 66.40 46.67 n/a 0.1 0.2
- -3B .
StarCoder-3B i AscG 7757 7146 56.29 StarCoder-3 with ASCG 1.0 58
n/a 69.37 71.50 51.83 n/a 0.5 33
StarCoder- 7B i1 ASCG 7609 78.38 62.00 StarCoder-7B with ASCG 2.7 119
Deepseek- n/a 64.13 76.17 51.17 n/a 44.4 71.6
Deepseek-Coder-6.7B .
Coder-6.7B  with ASCG  72.38 75.75 58.42 eepseek-Coder-6 with ASCG 488 72.5
TABLE II TABLE IV
ABLATION STUDIES ON CODEGUARDPLUST. ABLATION STUDIES ON HUMANEVAL.
Metrics Metrics
Target Model Component Target Model Component
secure@l  pass@l  s-p@1 pass@1  pass@10
w/o correctness expert 68.47 56.42 41.46 w/o correctness expert 13.1 25.1
w/o logit strategy 56.33 63.21 39.33 CodeGen-2B w/o logit strategy 12.6 21.8
CodeGen-2B ) dynamic weight 64.92 60.75 4041 odelen wlo dynamic weight  16.1 28.5
with all 67.65 63.46 43.96 with all 16.4 29.1
w/o correctness expert 75.83 71.75 57.96 w/o correctness expert 0.4 35
w/o logit strategy 70.53 73.04 53.12 StarCoder-7B w/o logit strategy 0.8 4.2
StarCoder-7B 0 qynamic weight 76.26 7694  61.12 ari-oder w/o dynamic weight 24 11.6
with all 76.09 78.38 62.00 with all 2.7 11.9
w/o correctness expert 70.23 76.50 58.38 w/o correctness expert 44.0 72.1
Deepseek- w/o logit strategy 65.15 75.71 53.04 Deepseek- w/o logit strategy 44.1 67.7
Coder-6.7B w/o dynamic weight 71.42 74.86 57.65 Coder-6.7B w/o dynamic weight 47.5 73.4
with all 72.38 75.75 58.42 with all 48.8 72.5

Magicoder-Evol, GlaiveCode, and OpenCodelnstruct [11]-
[14]. For both datasets, we randomly split the data into 90%
for training and 10% for validation.

3) Evaluation: Effectiveness is assessed on two bench-
marks tailored to specific code generation scenarios. First,
CodeGuardPlus [29] is adopted to assess method performance
in security-sensitive scenarios where code completions may
introduce vulnerabilities. Compared to the widely adopted
SVEN, CodeGuardPlus improves task prompt construction
and, crucially, integrates well-structured unit tests. It covers
both Python and C tasks, employing CodeQL and SonarQube
for vulnerability detection along with unit tests for functional-
ity. Second, following previous studies, we use HumanEval [1]
to assess the capability of methods in general-purpose scenar-
ios. This widely established benchmark serves as a standard
for evaluating the functional correctness of generated code,
comprising 164 Python function-completion tasks.

4) Metrics: We first introduce the notations used for our
evaluation metrics. Let n denote the total number of sampled
completions for each task. n,, n, and n. respectively represent
the number of compilable, secure (passing security analysis),
and correct samples (passing all unit tests), while ng. denotes
the number of samples that are both secure and correct.

pass@Kk: This metric, used in both HumanEval and Code-
GuardPlus, reflects the functional correctness of the top-k
generated completions and it is computed as:

Tl (7
(v)
secure-pass@Kk: Introduced in CodeGuardPlus, this metric

highlights the importance of preserving functional correctness
given secure code generation. Its formulation is:

pass@k =E,cx |1 —

(")
| ®)
(&)
secure@k: Inspired by the observation in CodeGuardPlus
that the original security metric, Security Ratio, overestimates
in the presence of duplicated vulnerable completions, we

introduce secure @k as an alternative that emphasizes security
while retaining the same form as the aforementioned metrics:

secure-pass@k = E,cx |1 —

np—ns)

N )
(%)

secure@k = E cx [1 —
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Fig. 2. Comparison of ASCG with CoSec and KL-Tuning across five code LLMs on CodeGuardPlus. The results indicate that ASCG exhibits a stronger

advantage in terms of code security.

TABLE V
DETAILED HYPERPARAMETER CONFIGURATIONS.

Training Configuration

Parameter Security Expert

Warm Up Steps 50 120

Correctness Expert

Learning Rate 5e-5 le-4
Adam Epsilon le-8 le-8
Weight Decay 0.01 0.01
Gradient Acc Step 2 16
Max. Gradient Norm 1.0 1.0
Batch Size 1 4
Epochs 8 4
LoRA Rank 8 16
LoRA Alpha 16 32
LoRA Dropout 0.05 0.05

Max. Input Length 2048 (CodeGen) / 4096 (Others)

Inference Configuration

Method / Variant Setting
ASCG =12
CoSec r=0.3
KL-Tuning a €0,2], step = 0.1
w/o correctness expert a=0.6

w/o dynamic weight
w/o logit strategy

a; = 0.6,i € {1,2}
r; =0.3,i€ {1,2}

5) Other Details: We fine-tuned both experts using the
AdamW optimizer with a linear warm-up strategy. For evalua-
tion, we employed Nucleus Sampling (top-p=0.95, Temp=0.4)
to generate 25 candidates. Detailed training and inference
settings are provided in Table V. To ensure the reliability
of our results, we repeated sampling 25 times using different
random seeds.

All experiments are conducted on 4 NVIDIA V100 GPUs
(32GB) and 2 NVIDIA A800 GPUs (40GB).

B. Main Results

Our main results are presented in Table I and Table III.
Specifically for CodeGuardPlus, we employ a subset, denoted
as CodeGuardPlus, which includes tasks associated with the
9 CWEs (out of the full 43) encountered during training.
We observe that while base models generally struggle to
jointly ensure security and functional correctness (secure-
pass@1) relative to their independent performance (secure@ 1

(O CoSec @ KL-Tuning (@) ASCG

50

40
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20

CG-2B CG-6B SC-3B SC-7B  DC-6.7B

Fig. 3. Comparison of ASCG with CoSec and KL-Tuning across five code
LLMs on HumanEval. Here, CG denotes CodeGen, SC denotes StarCoder,
and DC denotes DeepSeek-Coder. The results indicate that ASCG exhibits a
stronger advantage in terms of function correctness.

or pass@1), the ASCG framework achieves consistent im-
provements across both dimensions. This effectiveness is
substantial, reflected in secure-pass@1 gains of approximately
7-13%. Notably, Deepseek-Coder-6.7B exhibits a suboptimal
pass@1 performance on CodeGuardPlus’, which we attribute
to the relatively limited domain knowledge of the correct-
ness expert. Nonetheless, its improvements on HumanEval
confirm the robustness of ASCG. Furthermore, a detailed
breakdown of CodeGen-2B performance on CodeGuardPlus'
across individual CWEs and scenarios reveals that ASCG
yields consistent security improvements in nearly all cases,
while simultaneously enhancing functional correctness in over
half of the scenarios (18 out of 32).

C. Ablation Studies

Next, we evaluate the contribution of each key component of
ASCQG through three ablation baselines to assess their impact
on generating secure and functionally correct code across
different models, with the results presented in Tables IT and I'V.
Details of the experimental setup are provided in Table V.

For the *w/o correctness expert’ baseline, we remove the
functional correctness expert, retaining only the security expert
with a fixed weight. This generally leads to the most signifi-
cant pass@k degradation across benchmarks, highlighting the



TABLE VI
AVERAGE DECODING TIME (MS) PER CALL (> 10K CALLS).

Target Model ~ Metric n/a CoSec  KL-Tuning ASCG
] T 101 247 31084 155

CodeGen-2B 7= 5322 7905 44191  114.20
Tioge 103 245 30638 1.48

CodeGen-6B = 73012 97.17 45636 13118
Tigw 100 241 29230 158

StarCoder-3B ' 2104 4130 36943  77.92
o T 096 255 24773 1.50
StarCoder-7B ' 3319 5476 33679 9130
Deepseek- Tiogit 0.96 2.45 220.85 1.36

Coder-67B  Tup 5515 9359 38607  164.87

critical role of the correctness expert. However, an exception
is observed with Deepseek-Coder-6.7B, possibly due to its
sufficient intrinsic knowledge rendering the expert redundant.

In the second baseline “w/o logit strategy”, we replace logit
fusion with a token selection method adapted from CoSec [7].
Specifically, among the tokens predicted by the security expert,
we retain only those favored by both the correctness expert
and the target model. Results indicate that all metrics degrade
compared to the full framework, with a maximum drop of
11.32%, demonstrating that fine-grained logits-level guidance
is more effective than probability-based token filtering.

The last baseline, "w/o dynamic weight”’, employs fixed
weights in logit fusion (Eq. 6). It achieves the best ablation
results but still underperforms our full method, with an average
3% drop on CodeGen-2B. We attribute the marginal gap to the
target model’s existing proficiency and the potential saturation
of expert guidance. However, the results confirm that adaptive
weighting offers critical gains, particularly when models lack
the inherent capability to balance objectives.

D. Comparison Results

Now we perform a comparative analyses against two estab-
lished baselines: CoSec [7] and KL-Tuning. CoSec integrates
a security expert to collaboratively decode, with token selec-
tion determined by the probabilistic ratio. In contrast, KL-
Tuning modifies the ASCG by substituting its logit fusion
mechanism with a KL-divergence-based search strategy [28] to
dynamically optimize expert weights at each decoding step. To
facilitate an equitable comparison, all methods share the same
security and correctness experts. Baseline hyperparameters
follow their original publications, with details in Table V.

The comparative results are presented in Figures 2 and 3.
ASCG generally outperforms CoSec, substantially enhancing
both security and functional correctness, which is largely at-
tributed to the domain knowledge provided by the correctness
expert and the improved guidance efficiency enabled by the
logit fusion mechanism. Regarding KL-Tuning, we observe
that it narrows the performance gap and occasionally achieves
results comparable to ASCG, such as on DeepSeek-Coder-
6.7B. We further assess the inference speed in Table VI, where
Tiogir denotes the time consumed solely for selecting a token

TABLE VII
ASCG PERFORMANCE ON CODEGUARDPLUS?.

Target Model ~ Method  pass@1  secure@]  secure-pass@]1
n/a 4343 57.99 2274
CodeGen-2B  \scG 4149 58.63 23.20
n/a 67.54 55.10 34.23
StarCoder-7B g0 6869 59.10 38.30
Deepseek- n/a 72.69 56.19 38.00
Coder-6.7B  ASCG  70.40 5671 37.94

from logits, and Ty, represents the latency of a complete
decoding step, including the forward pass time. The results
indicate that KL-Tuning exhibits considerable computational
overhead due to its iterative search for optimal weights at each
decoding step. In contrast, ASCG adopts a simpler entropy-
driven approach, achieving a speedup of up to 300X in Tjogj
over KL-Tuning, thereby offering a significantly more practical
solution with comparable effectiveness.

Furthermore, comparisons with the baseline and CoSec
reveal notable findings. Regarding Tj.g, ASCG is slightly
faster than CoSec. We attribute this efficiency to the fact
that CoSec necessitates computationally intensive probability-
space transformations involving redundant normalizations,
whereas ASCG minimizes overhead by operating directly on
unnormalized logits with simple arithmetic. In terms of Tiep,
ASCQG inevitably incurs higher latency due to the additional
forward passes required by the multiple expert models, though
this overhead remains acceptable. Notably, while our cur-
rent implementation executes the target and expert models
sequentially, this inefficiency can be significantly mitigated by
parallelizing their forward propagation processes.

E. Performance on Unseen CWEs

Finally, we evaluate ASCG on the remaining tasks in Code-
GuardPlus involving CWEs unseen during training (denoted as
CodeGuardPlus?). The results, presented in Table VII, indicate
that ASCG achieves marginal gains on certain models. How-
ever, we conducted a further granular analysis which reveals
distinct performance disparities across different unseen CWEs.
Consequently, ASCG does not significantly enhance reliability
on these unseen scenarios. This observation aligns with prior
findings from SafeCoder [5], which demonstrated that direct
instruction tuning fails to generalize to unseen vulnerabilities.
We attribute this to the fact that vulnerability mitigation relies
on specific domain knowledge that is difficult to acquire
through simple fine-tuning. Given that ASCG explores the
paradigm of knowledge injection via fine-tuning, such results
are reasonable. We leave this for future investigation.

V. CONCLUSION

In this work, we propose ASCG, an adaptive framework for
secure code generation. ASCG leverages two expert models,
specialized in security and functional correctness, to steer the
target LLM’s behavior. During training, the experts are sepa-
rately optimized with vulnerability-fixing and instruction code



data. We introduce an entropy-based logit fusion mechanism
that dynamically balances their contributions. Experiments
across multiple code LLMs demonstrate the effectiveness of
ASCG in enhancing the quality of generated code. Future work
proceeds along two directions. One is to enhance expert spe-
cialization for stronger guidance, and the other is to improve
inference efficiency and memory utilization, as the current
strategy requires concurrent execution of multiple models.
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