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Abstract

Deploying small language models (SLMs) for strategic
decision-making in regulated domains requires balancing ac-
curacy, cost, and auditability. Fine-tuning, cascading, and
prompt augmentation can improve performance, but these
approaches are typically studied independently. This paper
presents a taxonomy that organizes enhancement strategies
by the type of signal delivered to the SLM. Comparing strate-
gies along this dimension shows differences not only in train-
ing requirements but also in what information crosses the
model boundary at inference time. These distinctions have
practical consequences for cost, auditability, and robustness
that remain underexamined. The paper concludes with open
questions for enterprise deployment.

Research Background
Small language models (SLMs; <10B parameters) (Sub-
ramanian, Elango, and Gungor 2025) are increasingly de-
ployed where cost, latency, and regulatory constraints limit
frontier API models. However, their accuracy on domain-
specific tasks remains inconsistent. Instruction-tuned mod-
els improve on seen data but degrade on unseen inputs (Du
et al. 2024; Fatemi, Hu, and Mousavi 2025), a pattern also
reported in financial, medical, and legal text classification.
Yet existing work compares performance, not signal type.

Taxonomy of Enhancement Strategies
Table 1 classifies five strategies by signal type: what infor-
mation, if any, reaches the SLM at inference time.

Strategy Signal to SLM Training

Capacity Reallocation None (weights modified) Required
Model Replacement None (input routed away) Not required
Retrieval Augmentation Retrieved documents Not required
Prompt Engineering Natural-language guidance Optional
Symbolic Injection Structured rules / ontologies Optional

Table 1: SLM enhancement strategies grouped by signal
type. The Signal to SLM column indicates what informa-
tion, if any, is added to the model input at inference time.
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Capacity Reallocation. Fine-tuning reallocates represen-
tational capacity toward the target task at the cost of general
capability (Fu et al. 2023; Wei et al. 2022a).

Model Replacement. Cascade architectures route low-
confidence inputs to larger models, discarding the small
model’s probability distribution (Chen, Zaharia, and Zou
2024; Rabanser et al. 2025; Gupta et al. 2024).

Retrieval Augmentation. Retrieval-augmented gen-
eration (RAG) appends retrieved documents to the
prompt (Lewis et al. 2020; Fan et al. 2024), adding context
but not classification-level confidence signals.

Prompt Engineering. Chain-of-thought prompting (Wei
et al. 2022b) and model-generated guidance (Juneja et al.
2023; Bi et al. 2025) fall into this category. These ap-
proaches introduce structured linguistic cues but require
prompt design or additional training.

Symbolic Injection. Ontology-based methods encode do-
main constraints as formal rules, either by post-correcting
neural outputs or aligning model representations with struc-
tured knowledge (Gueddes and Mahjoub 2026; Liu et al.
2025), though they depend on ontology construction.

Gaps and Open Questions
Cost–performance trade-offs. Fine-tuning reduces gen-

eral capability (Fu et al. 2023), and guidance methods in-
crease inference cost (Bi et al. 2025). Whether zero-training
signal injection can narrow the accuracy gap at lower over-
head remains an open question, particularly in cost-sensitive
decision-making settings (Kirtac and Germano 2024).

Uncertainty as input rather than filter. Neural networks
exhibit systematic overconfidence (Guo et al. 2017; Geng
et al. 2024), but confidence is usually reduced to a routing
threshold (Geifman and El-Yaniv 2017). Whether a classi-
fier’s full probability distribution can serve as structured in-
put to an SLM remains an open research question.

Auditability of information flow. Replacement cascades
distribute the decision rationale across multiple models,
which complicates bias tracing in algorithmic decision-
making systems (Marabelli, Newell, and Handunge 2021).
LLM-based financial analysis shows systematic bias linked
to model selection and firm characteristics (Nakagawa, Hi-
rano, and Fujimoto 2024; Lee et al. 2025). A single-path de-
sign that varies only the input signal remains underexplored.
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N.; Küttler, H.; Lewis, M.; Yih, W.-t.; Rocktäschel, T.; et al. 2020.
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