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Abstract—[Introduction] Requirements traceability is essen-
tial in software development, supporting tasks such as system
understanding and change impact analysis. Traceability link
recovery (TLR) methods, including those using large language
models (LLMs) or retrieval-augmented generation (RAG), often
rely on information retrieval (IR) to identify candidate artifact
pairs. They are sensitive to hyperparameters (e.g., top-k, simi-
larity thresholds) that require extensive, project-specific tuning.

[Methods] We propose an inter-requirements TLR approach
that uses an ensemble of small LLMs (or small language models
(SLM)) to incrementally reduce the search space, aiming to re-
place IR-based candidate selection. We first analyze the sensitivity
of IR methods to hyperparameters, then evaluate the ability of
small LLMs to filter unrelated requirement pairs, and compare
their performance when integrated into a TLR approach. The
evaluation includes five projects from the requirements engineer-
ing community.

[Results] We find that IR performance heavily depends
on project-specific hyperparameter tuning. Furthermore, small
LLMs effectively reduce the candidate space with minimal loss
of recall. While our LLM-based ensemble approach achieves
comparable F2-scores to IR methods, it lags in precision.

[Conclusion] This work provides insights into the capabilities
of small LLMs as a filter in inter-requirements TLR. Moreover,
it provides insights into the performance of traditional IR
techniques for TLR and their dependency on hyperparameters.

Index Terms—Traceability Link Recovery, Requirements
Traceability, Requirements Engineering, Large Language Model,
Small Language Model, Retrieval-Augmented Generation

I. INTRODUCTION

In software development, a variety of interrelated artifacts
are created. Understanding the relation between these artifacts
is crucial for understanding the system and for supporting tasks
such as change impact analysis and software reusability [1],
[2]. To identify these relationships, traceability link recovery
(TLR) approaches frequently employ information retrieval
(IR) techniques. These range from traditional methods such as
the vector space model (VSM) [3] and latent semantic index-
ing (LSI) [4] to approaches that combine different techniques
and knowledge from different artifacts [5], [6]. More recent
approaches use large language models (LLMs) and retrieval
mechanisms [7], [8].

However, the effectiveness of these methods heavily de-
pends on the quality of the retrieval, which is often constrained
by parameters such as the top-k candidates or a predefined
similarity threshold. Importantly, these hyperparameters are
often project-specific and require careful tuning to achieve
optimal performance [8].

To overcome these limitations, we explore an ensemble
approach using LLMs to incrementally reduce the search
space. This idea builds on successful applications in related do-
mains. For instance, the Crowd and User Informed Suggestion
Engine for Acceptance Criteria (CrUISE-AC) uses ensembles
of LLMs to link bug reports to user stories [9]. Our approach
adapts this concept for inter-requirements traceability.

The core idea is to use smaller, faster LLMs to pre-filter
candidate pairs of high-level requirements (HLRs) and low-
level requirements (LLRs), eliminating those unlikely to be
related. In this context, small LLMs (also known as small
language models (SLM)) refer to models with fewer than 15
billion parameters, which can typically be run on consumer-
grade hardware. We introduce a layered architecture in which
multiple LLMs are applied in succession. Using a simple
prompt to identify potentially linked artifacts, the approach
progressively narrows down the candidate space for more
expensive evaluations. We integrate this filtering step into the
Linking Software System Artifacts (LiSSA) framework [7],
[8] as a replacement for its retrieval step. LiSSA then uses a
single LLM to classify the remaining candidates.

Finding the optimal thresholds or k values for IR techniques
is not always feasible in practice, as it requires data for tuning.
As we expect non-optimal parameters to have a non-negligible
impact, we see an advantage in a fully automated replacement.
To back that up, we first assess the impact of thresholds or
k values on the performance of IR techniques. Therefore, we
formulate the first research question:
RQ1: To what extent does the performance of IR techniques

for TLR is affected by thresholds or top-k?
The combinatorial complexity based on the number of

artifacts in a project can be high. Thus, the small LLMs have
to be able to reduce the search space to save resources. To
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assess the feasibility of our proposed approach, our second
question investigates how well filtering can reduce the number
of candidates while maintaining a high recall:
RQ2: To what extent can small LLMs effectively reduce the

search space for inter-requirements traceability?
Finally, we assess the performance of our approach in

comparison to state-of-the-art and baseline approaches:
RQ3: How does an LLM ensemble compare to existing

retrieval-based methods for TLR?
Our contributions are insights into the performance of

traditional and embedding-based IR techniques for TLR and
their dependency on hyperparameters, an evaluation of the
filtering capabilities of small LLMs for inter-requirements
traceability, and a comparison of how this filtering combined
with an LLM classifier performs against other methods in the
context of inter-requirements traceability.

II. RELATED WORK

A. Requirements Traceability Link Recovery

TLR between requirements has been widely studied over
the past decades. Early work relied on IR methods such as
VSM [3], LSI [4], and probabilistic network models [10],
often enhanced with resources like glossaries [10], thesauri [3],
[11], and ontologies [12]. Some approaches combined IR
methods [13], included syntactic information combined with
spreading activation [14], or used intermediate artifacts [15].

More recently, approaches applied word embeddings [16]–
[18] and machine learning [19]–[22], though most require pre-
existing links to train or fit their approach on.

Most of the latest approaches make use of LLMs. Lin et
al. [23] compare domain- and task-adapted variants of the
LLM BERT, showing that task-specific training on GitHub
data yields the best trace link completion and expansion per-
formance. Rodriguez et al. [24] demonstrate that prompt engi-
neering, especially so-called chain-of-thought (CoT) prompt-
ing, impacts TLR results. Based upon the insights of Ro-
driguez et al., our retrieval-augmented generation (RAG)-
based inter-requirements TLR approach [7] using GPT-4o
and CoT showed significant improvements over baseline and
related approaches. This approach, however, is dependent on
the retrieval performance, which is limited by the selected top-
k value. We target this issue in this work.

B. LLM Classifier and Ensemble Approaches

The use of classifier ensembles, where multiple base clas-
sifiers are combined to form a single predictive model [25],
is a well-established strategy in classification tasks. Extensive
research has shown that such ensemble methods often yield
superior classification performance compared to individual
classifiers (see, e.g., [26]). Recent work by Chen et al. [27]
explores various ensemble techniques with LLMs, demonstrat-
ing that aggregating predictions from multiple LLMs through
majority voting can outperform single-model approaches and,
in some cases, even surpass more sophisticated methods such
as CoT pipelines [28]. The approach of assembling multiple

LLMs to improve classification performance has also been
applied in requirements engineering. For example, Schwedt et
al. [9] implemented an LLM ensemble to successfully establish
links between bug reports and user stories.

III. APPROACH

This section presents our approach for inter-requirements
TLR using an ensemble of LLMs as an alternative to classical
IR methods. First, we give an overview of the LiSSA frame-
work in Section III-A that we extended for our experiments.
In Section III-B, we describe the ensemble of small LLMs and
the configurations under investigation.

A. LiSSA Framework

LiSSA, the Linking Software System Artifacts framework
[8], is designed to enable different TLR tasks, i.e., by iden-
tifying links between different artifacts like requirements,
documentation, or code. The framework consists of two main
steps: retrieval and mapping. In the retrieval step, LiSSA uses
an embedding-based retrieval method to identify candidate
pairs of artifacts that are likely to be linked. The retrieval is
based on a pre-trained embedding model that maps the artifacts
into a vector space, where similar artifacts are close to each
other. In the mapping step, LiSSA uses an LLM to classify
the candidate pairs as linked or not linked. In this paper, we
focus on replacing the retrieval step with an ensemble of LLMs
that reduces the search space. We describe the details of the
ensemble in the next section.

In previous work, LiSSA has been applied to the task of
inter-requirements TLR [7] and outperformed state-of-the-art
approaches. To ensure comparability with previous work, we
use the same prompts. The first prompt is a simple classi-
fication prompt that asks the LLM to classify the candidate
pairs as linked or not linked — the KISS prompt (Prompt 1).
The second prompt is more complex CoT, asking the LLM to
reason about the link between the artifacts (Prompt 2).

Prompt 1: KISS
Question: Here are two parts of software develop-
ment artifacts.
{source type}: '''{source content}'''
{target type}: '''{target content}'''
Are they related?
Answer with 'yes' or 'no'.

Prompt 2: Chain-of-thought
Below are two artifacts from the same software
system. Is there a traceability link between (1) and
(2)? Give your reasoning and then answer with 'yes'
or 'no' enclosed in <trace> </trace>.
(1) {source type}: '''{source content}'''
(2) {target type}: '''{target content}'''
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Fig. 1. Two approaches to filter trace link candidates using a ensemble of LLMs. On the left, the chaining approach is shown, where each LLM filters the
candidates and passes them to the next LLM. On the right, the majority voting approach is shown, where multiple LLMs vote on the candidates and the
majority decides whether a candidate is kept or not.

B. Ensemble LLM-based Approaches for Retrieval

Figure 1 shows our two approaches to filter the search space
for matching requirements, which we detail in the following.

1) Chaining Approach: Figure 1a depicts the chaining
strategy for LLMs. This method uses the LLMs sequentially
to consecutively filter the set of candidate requirements. Each
LLM forwards only those identified as potential matches to
the next LLM in the chain. The models are arranged in order
of increasing parameter size, beginning with the smallest and
concluding with the largest. This design aims to optimize both
computational efficiency and overall performance: smaller
LLMs, being faster and less resource-intensive, handle the
initial broad filtering, while larger, potentially more capable
models focus on a reduced subset of candidates. All LLMs in
the chain use the same KISS prompt (Prompt 1), instructing
them to classify whether a candidate pair is linked.

2) Majority Voting Approach: Figure 1b shows the majority
voting strategy. Here, multiple LLMs independently classify
each candidate pair, and their decisions are combined using
a majority vote. Since every LLM processes the same set
of candidates, computational costs scale with the number
of involved models. To balance classification quality and
efficiency, we adopt a layered approach: a small, fast LLM first
filters the candidate pairs, and only the reduced set is passed to
the other models. In the second layer, three LLMs evaluate the
remaining pairs, and a candidate is accepted as linked if at least
two out of three models agree. Like the chaining approach, all
LLMs use the KISS prompt (Prompt 1) at each stage.

IV. EVALUATION

In this section, we present the evaluation. We first in-
troduce our setup, including the datasets in Section IV-A,
the used LLMs in Section IV-B, and the applied metrics in
Section IV-C. We then discuss the results in Section IV-D.

A. Datasets

To compare our results with results that are obtained from
using embedding-based retrieval and other approaches, we

TABLE I
OVERVIEW OF THE DATASETS. DATASETS COMPRISE HIGH-LEVEL
REQUIREMENTS (HLR) AND LOW-LEVEL REQUIREMENTS (LLR).

PERCENTAGE OF LINKED SOURCE AND TARGET ARTIFACTS IN THE GOLD
STANDARD IS GIVEN IN BRACKETS.

Number of Artifacts

Dataset Domain HLR LLR TLs

CM1-NASA Aerospace 22 (86%) 53 (57%) 45
Dronology Aerospace 99 (96%) 211 (99%) 220
GANNT Proj. Mngmt. 17 (100%) 69 (99%) 68
MODIS Aerospace 19 (63%) 49 (63%) 41
WARC Archiving 63 (95%) 89 (89%) 136

utilize commonly used datasets from the TLR community.
Table I gives an overview of the datasets. We took the
datasets CM1-NASA, GANNT, MODIS, and WARC from the
repository of the Center of Excellence for Software & Systems
Traceability (CoEST) [29]. Additionally, we make use of the
Dronology dataset [30] that we also used for evaluating our
previous RAG-based approach [7]. All datasets comprise HLR
and their respective LLR, i.e., their refinements.

It is worth noting that the gold standards for the CM1 and
the MODIS dataset only cover a low number of LLR. This ei-
ther means the set of source/target requirements is incomplete
or the gold standard is incomplete, assuming that a refinement
should have a corresponding high-level requirement.

B. Language Models

We use different LLMs in this evaluation. We decided to
use models by OpenAI and locally deployed open-source
models. As mentioned in Section III-B, we use smaller models
for the filtering, as they are faster and require fewer re-
sources: Gemma-2:2b, Gemma-2:9b, Mistral-Nemo:12b, and
Phi-4:14b. For the final classification step, we use larger
models that have already shown good performance for TLR
tasks [7]: GPT-4o mini (gpt-4o-mini-2024-07-18) and GPT-
4o (gpt-4o-2024-08-06). We ensured that the versions of
OpenAI’s models used in this work are identical to those used



TABLE II
VSM, LSI, AND EMBEDDING-BASED RETRIEVAL RESULTS ACROSS PROJECTS. GO DENOTES GLOBALLY OPTIMZED. PO DENOTES PROJECT OPTIMIZED.

Configuration CM1-NASA Dronology GANNT MODIS WARC Average

P R F2 P R F2 P R F2 P R F2 P R F2 P R F1 F2

EmbeddingsGO .30 .73 .57 .32 .73 .58 .45 .56 .53 .13 .29 .23 .32 .75 .59 .30 .61 .40 .50
VSMGO .29 .53 .46 .08 .95 .31 .30 .40 .37 .34 .27 .28 .10 .65 .30 .22 .56 .27 .34
LSIGO .17 .60 .40 .10 .94 .35 .26 .44 .39 .26 .32 .30 .05 .77 .19 .17 .61 .23 .33

EmbeddingsPO .30 .73 .57 .39 .70 .60 .54 .54 .54 .09 .78 .30 .32 .75 .59 .33 .70 .42 .52
VSMPO .34 .51 .47 .37 .65 .56 .17 .65 .42 .16 .51 .35 .12 .52 .31 .23 .57 .32 .42
LSIPO .22 .53 .42 .36 .62 .54 .13 .78 .39 .12 .59 .33 .08 .52 .25 .18 .61 .27 .39

TABLE III
THRESHOLDS / TOP-K OPTIMIZED FOR HIGH F2 -SCORE BY PROJECT AND

APPROACH. Globally Optimized (GO) SHOWS THE VALUES TO ACHIEVE
THE BEST AVERAGE F2 -SCORE ACROSS ALL PROJECTS.

Project / Approach Threshold
for VSM

Threshold
for LSI

k value for
Embeddings

CM1-NASA .12 .20 5
Dronology .35 .43 4
GANNT .06 .08 4
MODIS .04 .07 19
WARC .14 .29 5

Globally Optimized .11 .17 5

in our previous work. We used a machine equipped with a
Tesla V100S GPU, 32 GB of VRAM, 112 CPUs (2.7 GHz),
and 256 GB of RAM to execute the experiments with the
open-source models. However, the models can also be run
on consumer hardware. For the GPT-based models, we used
OpenAI’s API.

C. Metrics

As our approach regards the task of recovering trace links
as a classification task, we make use of classification metrics
that are commonly applied to evaluate the performance of TLR
approaches [4], [31]: precision, recall, and the Fβ-score. We
choose β = 2, as for semi-automatic TLR, recall should be
valued higher than precision to prevent too many missed links.
However, we also provide the F1-score, since fully automating
TLR requires both good precision and recall [4].

D. Results

In this section, we present our results structured by our re-
search questions. Afterward, we discuss our threats to validity.

1) Impact of Top-K and Thresholds: This section covers
the impact of thresholds, respectively, the value k for Top-
k retrieval. To get corresponding insights, we analyze the
results of our previous work [7] regarding different values
for k and thresholds. For the baselines VSM and LSI, we
analyze the impact of the similarity threshold, ranging from
0.01 to 1.0 in steps of 0.01. For the embedding-based TLR
approach that relies on OpenAI’s text-embedding-3-large, we
analyze the impact of the k value, ranging from 1 to 30
in steps of 1. We calculated the precision and recall for
each of these configurations. Figure 2 shows the results. The

graphs show the relationship between precision and recall for
the different configurations. The approaches’ performance is
dependent on the project. For example, the embedding-based
retrieval performs better than VSM and LSI for WARC, as
the curve is above the other two approaches. This is similar
to GANNT. However, the performances of the approaches are
more similar for the other projects. Lastly, the graphs show
that the performance of the three approaches varies based on
the different thresholds and values for k. This suggests that
the choice of thresholds and k values impacts performance.

Based on the overall analysis of the results, our goal is to
identify optimal configuration settings for each approach. We
particularly focus on the F2-score as the primary metric for
optimization. We distinguish two kinds of configurations: The
first type is the Globally Optimized F2 (GO) configuration,
which returns the highest average F2-score across all projects.
The second kind are the Project Optimized F2 (PO) config-
urations, which are individually optimized for each project
to return the best F2-score. The specific values for k and
the thresholds can be found in our replication package [32].
For our experiments, the average best threshold (i.e., GO
configuration) for VSM was 0.11 and for LSI it was 0.17.
The average best k value for the embedding-based retrieval
was 5. If we optimize per project (PO configuration), the
best thresholds for VSM range in [0.04, 0.35] and for LSI
in [0.07, 0.43]. For the embedding-based retrieval, the best k
values per project range in [4, 19]. The thresholds and k values
are summarized in Table III. The optimal configurations vary
across projects, and the choice of thresholds and k values
impacts the performance.

Table II shows the results of the optimal configurations,
displaying the corresponding precision, recall, and F2-score.
Moreover, the table shows the average scores across all
projects, including the F1-score as well. It is important to note
that the average scores for the PO configurations require tuning
the thresholds and k values for each project individually,
making them less realistic as users typically do not know the
optimal configuration. However, these scores indicate an upper
bound for the performance. The difference between the GO
and PO configurations also demonstrates the importance of
tuning the thresholds and k values. For example, VSM has a
difference of 0.08 average F2-score between the GO and PO
configurations.
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Fig. 2. Precision-Recall Graphs for the different projects. The x axis shows the recall, the y axis the precision. The colors indicate the different approaches.
Each dot corresponds to a different configuration.

TABLE IV
FILTERING CAPABILITIES OF THE DIFFERENT MODES

Mode CM1-NASA Dronology GANNT MODIS WARC Average

P R F2 P R F2 P R F2 P R F2 P R F2 P R F1 F2

Gemma-2:2b .04 1.0 .19 .01 1.0 .05 .08 1.0 .29 .08 .90 .31 .03 1.0 .12 .05 .98 .09 .19
Gemma-2:9b .04 1.0 .17 .01 1.0 .06 .06 .99 .25 .06 1.0 .25 .03 1.0 .12 .04 1.0 .08 .17
Mistral-Nemo:12b .08 1.0 .32 .04 .96 .17 .15 .99 .47 .16 .78 .45 .08 .92 .29 .10 .93 .18 .34
Phi-4:14b .14 1.0 .46 .08 .97 .30 .18 .99 .51 .27 .59 .47 .12 .97 .41 .16 .90 .26 .43

Chaining .15 1.0 .47 .08 .93 .30 .20 .97 .54 .32 .56 .49 .14 .91 .43 .18 .88 .28 .45
Majority Voting .09 1.0 .32 .04 1.0 .17 .14 .99 .45 .17 .78 .45 .07 .98 .29 .10 .95 .18 .34

Conclusion RQ1: The performance of IR techniques
for TLR is highly dependent on the choice of thresh-
olds and k values. The optimal configurations vary
across projects.

2) Filtering Capabilities of Small LLMs: To analyze the
filtering capabilities of the small LLMs that we use in our
ensemble, we first focus on the performance of the small
LLMs in isolation. Then, we look into the performance of
the two proposed ensemble modes. Table IV and Figure 3
summarize and visualize the results of the filtering capabilities.

In the Table IV, we show the precision, recall, and F2-score
for each of the small LLMs and the two ensemble modes. The
filtering performance varies across the different models. While
both Gemma-2:2b and Gemma-2:9b filter few candidates,
Mistral-Nemo:12b and Phi-4:14b filter the most. However, the
larger Gemma model does not filter more candidates than the

smaller one. Overall, the LLMs can maintain a high recall
except for MODIS, where there is a low recall using Mistral-
Nemo:12b and Phi-4:14b.

Considering the ensemble modes, the chaining model, as
expected, filters the most candidates. However, the average
recall remains high, averaging 0.88 across all projects. Major-
ity voting performs worse regarding F1- and F2-score, while
the chaining mode achieves the best average F2- and F1-score.

Conclusion RQ2: Small LLMs can filter out many
candidates while preserving high recall. The most
effective mode is chaining, which eliminates the most
candidates without compromising recall.

3) Ensemble of LLMs vs. Retrieval for TLR: In this final
result section, we compare the performance of the best ensem-
ble of LLMs to the retrieval-based approach from our previous
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TABLE V
PERFORMANCE OF DIFFERENT CONFIGURATIONS ACROSS PROJECTS

Configuration CM1-NASA Dronology GANNT MODIS WARC Average

P R F2 P R F2 P R F2 P R F2 P R F2 P R F1 F2

Embeddings [7]
k = 4 .33 .64 .54 .39 .70 .60 .54 .54 .54 .14 .27 .23 .37 .69 .59 .36 .57 .43 .50
+ GPT-4o (CoT) .46 .60 .56 .51 .65 .62 .61 .54 .56 .50 .17 .20 .54 .64 .62 .52 .52 .50 .51

EmbeddingsGO .30 .73 .57 .32 .73 .58 .45 .56 .53 .13 .29 .23 .32 .75 .59 .30 .61 .40 .50
VSMGO .29 .53 .46 .08 .95 .31 .30 .40 .37 .34 .27 .28 .10 .65 .30 .22 .56 .27 .34
LSIGO .17 .60 .40 .10 .94 .35 .26 .44 .39 .26 .32 .30 .05 .77 .19 .17 .61 .23 .33

Chaining .15 1.0 .47 .08 .93 .30 .20 .97 .54 .32 .56 .49 .14 .91 .43 .18 .88 .28 .45
+ GPT-4o mini (CoT) .16 .98 .49 .09 .91 .33 .21 .97 .56 .34 .56 .50 .15 .89 .44 .19 .86 .29 .46
+ GPT-4o (CoT) .27 .93 .62 .16 .86 .45 .24 .91 .58 .35 .29 .30 .21 .86 .53 .25 .77 .34 .50

work [7]. We focus on the chaining mode since it outper-
formed the majority voting mode in both F1 and F2-scores.
Furthermore, we compare the performance to the globally
optimized configurations of the VSM, LSI, and embedding-
based retrieval.

Table V shows the results of our experiments. The table
is structured into multiple sections. The first section shows
the baseline results of our previous work [7] using RAG
with embedding-based retrieval. Here, the table shows the
results for the embedding-based retrieval with a fixed k = 4
and with subsequent classification using the CoT prompt
(Prompt 2). The second section of the table shows the globally
optimized configurations of the VSM, LSI, and embedding-
based retrieval. Lastly, the third section shows the results of
the chaining mode with subsequent classification using a CoT
prompt. We applied the models GPT-4o mini and GPT-4o for
the classification step, as we also used them in previous work.

On average, both ensemble modes with classification out-
perform the VSM and LSI baselines in F1-score and F2-score.
Considering the F2-score, the ensemble approach with GPT-
4o performs comparably to the embedding-based approaches.

However, the ensemble approaches have a lower precision than
the best-performing embedding-based + GPT-4o approach.

Conclusion RQ3: The ensemble can outperform
baselines based on VSM and LSI in F1-score and
F2-score. It is unable to outperform the embedding-
based retrieval approaches in terms of precision.

E. Threats to Validity

Based on the guidelines by Runeson and Höst [33] and the
identified challenges of using LLMs in software engineering as
discussed by Sallou et al. [34], we outline and address potential
threats to the validity of our research and experiments.

The choice of prompts poses a potential threat to construct
validity. In this work, we intentionally did not focus on prompt
engineering, as our objective is to provide initial exploratory
insights into the use of small LLMs as filters for TLR. To
mitigate the risk, we reused prompt sets from prior studies [7],
[8] that are based on the work by Rodriguez et al. [24].



Confounding factors may influence our findings and the
conclusions drawn from them. To reduce this risk, we adhered
to established practices. We utilized widely recognized bench-
mark datasets, thereby minimizing the possibility of selection
bias, and clearly stated the origins of the included projects.

We evaluated our approach on a limited number of projects,
which may limit the generalizability of our findings. To
mitigate this threat, we selected benchmark datasets commonly
used in TLR research that span different domains and project
sizes. However, many of them are comparably old and may not
fully capture the challenges of modern traceability scenarios.

Another limitation arises from the restricted set of evaluated
LLMs that does not allow us to generalize to other LLMs.

A further threat stems from our use of closed-source models.
Because their training data is not publicly disclosed, we cannot
rule out potential data leakage.

Finally, LLMs are inherently non-deterministic. To reduce
this threat, we fixed the random seed and set the model
temperature to 0. Our results are therefore dependent on the
specific seed 133742243 that we reused from prior work.

V. DISCUSSION

Our evaluation reveals a trade-off between precision and
recall between the ensemble methods and embedding-based
IR techniques.

On the one hand, the ensemble approach, e.g., using chain-
ing, consistently achieves high recall, which is valuable in sce-
narios where missing relevant links is particularly important.
However, this comes at the cost of lower precision, resulting
in a decreased average F1-score, even though the average F2-
score remains comparable to other approaches due to the high
recall. Still, there is potential for future improvements.

The ensemble approach is computationally more demanding
and, thus, more expensive. It involves many calls to multiple
LLMs, increasing both inference time and resource consump-
tion. This makes it less practical in environments where
computational efficiency or scalability are primary concerns.

On the other hand, embedding-based and traditional IR
methods are generally more efficient and cost-effective. How-
ever, they rely on similarity thresholds or the selection of
the top-k candidates, parameters that heavily influence per-
formance. Due to the sensitivity of these parameters to the
specific context or dataset, optimal configurations vary across
projects and are not easily predictable without prior tuning. As
such, these approaches may underperform in practical, real-
world settings if default or suboptimal values are used.

Therefore, declaring one approach as universally superior
is not straightforward. The choice depends heavily on the
intended use case and available resources. In semi-automated
settings, where human reviewers can refine candidate trace
links, the ensemble approach may be more desirable due to its
higher recall, which ensures fewer missed links. In contrast, for
fully automated pipelines where manual validation is infeasi-
ble, embedding-based approaches might be more appropriate,
offering a more favorable balance between precision and cost.

VI. CONCLUSION

In this work, we investigated the retrieval component of
a state-of-the-art TLR approach for inter-requirements trace-
ability. Our investigation was motivated by the limitations
of traditional information retrieval (IR) techniques, which
typically demand extensive, project-specific tuning of hyperpa-
rameters such as similarity thresholds and top-k values. These
parameters impact performance but often lack generalizability
across diverse project contexts.

We began by analyzing the impact of these hyperparame-
ters on the performance of IR techniques. Subsequently, we
evaluated an ensemble approach that uses multiple lightweight
LLMs to incrementally reduce the search space for inter-
requirements trace links. Our goal was to assess whether this
ensemble could effectively replace the retrieval component
of a TLR approach based on RAG with embedding-based
retrieval. To this end, we first investigated the ensemble’s
filtering capabilities, followed by a comparison of the over-
all TLR performance against conventional retrieval methods.
Our evaluation was conducted using five publicly available
benchmark datasets widely adopted in the TLR community.

Our results demonstrate that small LLMs are effective in fil-
tering a substantial number of non-linked candidate pairs while
preserving high recall, particularly when using a chaining-
mode where filters are applied sequentially across layers. In
terms of effectiveness, the ensemble outperforms traditional
baselines based on vector space model (VSM) and latent
semantic indexing (LSI) in both F1- and F2-scores. However,
it does not exceed the precision of recent embedding-based
retrieval methods. While the ensemble’s multi-model archi-
tecture incurs higher computational costs compared to single-
model alternatives, it eliminates the need for hyperparameter
tuning. This trade-off makes it particularly suitable when such
tuning is difficult, costly, or infeasible.

Future research can build on this work in several directions.
One natural extension is to evaluate the proposed approach
on broader traceability tasks beyond inter-requirements links,
such as requirements-to-code TLR, where search space reduc-
tion remains a key challenge. Our current method utilizes fixed
prompt templates derived from earlier studies; future work
could explore more adaptive prompt engineering techniques,
specifically tailored to filtering and ranking in traceability
contexts. Another promising direction involves a deeper inves-
tigation into ensemble design choices, including the number
and sequencing of LLM layers, the used models, as well as
strategies for combining their outputs (e.g., majority voting,
weighted aggregation, or confidence-based filtering). Finally,
we see potential in hybrid approaches that integrate LLM-
based filtering with traditional IR techniques. By combining
the semantic reasoning capabilities of LLMs with the effi-
ciency and scalability of classical methods, while mitigating
the limitations of each, such approaches may offer more robust
and adaptable solutions to traceability link recovery across
diverse software engineering artifacts and domains.
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