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Abstract

Domain-specific deployment of large language models (LLMs) remains constrained by prompt
brittleness, inference cost, and uneven generalization across task subtypes. This paper presents
APOF (Adaptive Prompt Optimization Framework), a closed-loop framework that jointly opti-
mizes prompt structure, retrieval context, and inference-time control signals for domain-specific
LLM applications. APOF combines three elements: (i) a policy-guided prompt composer that
dynamically allocates instruction budget across task facets, (ii) a critic model that estimates
prompt-task fitness before expensive decoding, and (iii) an online adaptation module that up-
dates prompt policies using delayed feedback from production outcomes. We instantiate APOF
in three high-stakes domains—clinical note summarization, legal clause risk classification, and
materials-science question answering—using a shared 13B parameter base model and domain
adapters.

Our experiments include 162,000 annotated instances across public and institutionally cu-
rated corpora, 12 baseline methods, and controlled ablation studies. APOF improves macro-F1
by up to 6.8 points over the strongest static prompt baseline, while reducing median latency by
18.4% through pre-decoding prompt pruning and adaptive generation parameters. The frame-
work also improves calibration (ECE reduction of 0.041) and demonstrates higher robustness
under distribution shift (average relative performance drop 12.3% vs. 21.7% for static meth-
ods). We provide mathematical formulations, complexity analysis, and practical deployment
recommendations. Results suggest that adaptive prompting, when treated as a structured op-
timization problem rather than manual engineering, is a viable path to reliable domain-specific
LLM systems.

Keywords: adaptive prompt optimization; domain-specific large language models; inference-time
control; retrieval-augmented generation; online adaptation; calibration and robustness

1 Introduction

Large language models have rapidly transitioned from research prototypes to operational decision-
support systems in specialized domains. However, domain deployment exposes a central tension:
the same model that appears general in open benchmarks becomes sensitive to subtle phrasing, con-
text ordering, and instruction granularity when operating under technical constraints. In health-
care, omitted clinical qualifiers in summaries can alter triage decisions. In legal analytics, small
wording changes can shift clause-risk predictions. In scientific workflows, missing provenance in
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generated explanations undermines reproducibility. These failures are often not caused by model
capacity limits alone, but by prompt interfaces that do not adapt to the structure, uncertainty,
and cost profile of each instance.

Existing practice largely relies on static or manually tuned prompts, occasionally augmented by
retrieval and few-shot exemplars. While effective in narrow settings, this approach does not scale
with domain heterogeneity. A single prompt template cannot jointly optimize for conflicting objec-
tives such as accuracy, latency, interpretability, and hallucination resistance [11, 12]. Furthermore,
deployment conditions evolve: new jargon enters a domain, label priors shift, and downstream
users provide delayed feedback. Prompting should therefore be treated as an adaptive control
problem [6].

This paper introduces APOF, an adaptive prompt optimization framework designed for domain-
specific LLM systems. Instead of selecting a fixed prompt once, APOF performs instance-level
prompt composition guided by lightweight policies and critic scores [13]. The framework first
encodes task metadata and uncertainty signals, then chooses prompt operators (instruction frames,
exemplar subsets, retrieval depth, output constraints), and finally validates candidate prompts with
a critic before decoding. A reward model updates policy parameters from online feedback, enabling
continual adaptation without full-model retraining.

Our contributions are fourfold. First, we formalize adaptive prompting as a constrained opti-
mization problem balancing utility and system cost. Second, we propose a modular architecture
that decouples policy search, quality estimation, and inference orchestration, allowing integration
with existing LLM stacks. Third, we construct a multi-domain benchmark with aligned metrics
for classification, summarization, and evidence-grounded QA. Fourth, we show through extensive
experiments that adaptive prompting yields consistent gains in performance, calibration, and effi-
ciency compared with static templates, handcrafted prompt search, and black-box tuning baselines.

The remainder of this paper is organized as follows. Section 2 reviews related work on prompt
optimization and domain adaptation. Section 3 describes the APOF methodology and mathe-
matical formulation. Section 4 details the system architecture. Section 5 presents datasets and
experimental setup. Section 6 reports quantitative and qualitative results. Section 7 discusses
limitations and deployment implications, and Section 8 concludes.

2 Related Work

Prompt engineering and automatic prompt search. Prompting methods have evolved from
handcrafted instruction design to automatic search over discrete and continuous prompt spaces.
Gradient-based soft prompting methods optimize virtual tokens but require parameter access and
frequently lack interpretability in regulated settings. Black-box search methods such as evolutionary
and bandit-based approaches improve objective scores but often incur high query cost and weak
transfer across tasks [1]. APOF differs by combining discrete interpretable operators with critic-
guided pre-screening and online adaptation under explicit latency budgets.

Retrieval-augmented generation (RAG). RAG systems improve factuality by injecting
external evidence [2]. Prior work focuses primarily on retriever quality and evidence ranking,
with prompt templates fixed after offline tuning. In domain settings, retrieval utility is context-
dependent: some instances require dense evidence while others are harmed by irrelevant context.
APOF treats retrieval depth and evidence formatting as adaptive decisions within the same policy
loop as instruction shaping [15].



Domain-specific LLM adaptation. Parameter-efficient fine-tuning (PEFT), instruction tun-
ing, and adapter-based specialization improve domain alignment but do not eliminate sensitivity to
prompt interfaces [3]. Recent studies show that even fine-tuned models exhibit substantial variance
across semantically equivalent prompts. Our approach is complementary: APOF operates on top
of domain-adapted LLMs and focuses on inference-time prompt control [16, 17].

Inference-time optimization and controllable decoding. Techniques such as test-time
scaling, self-consistency, verifier reranking, and adaptive decoding improve reliability but increase
computational cost [4]. APOF integrates a lightweight critic to avoid unnecessary decoding passes
and modulates decoding parameters (temperature, max tokens, stop criteria) as part of policy
decisions, targeting a better utility-cost frontier.

Online learning for deployed NLP systems. Bandit feedback and reinforcement learning
from interaction logs have been studied for ranking and dialogue systems [5]. However, most prompt
optimization pipelines remain offline. APOF incorporates delayed online feedback with conservative
policy updates and drift-aware replay weighting, enabling continual learning without destabilizing
production quality.

3 Methodology

3.1 Problem Formulation

Let an input instance be x € X with domain metadata m & M and task type t € 7. A prompt is
constructed from operators o = (o1, . . ., oK) selected from operator sets Ok (e.g., instruction frame,
exemplar policy, retrieval depth, output schema). Denote the composed prompt as

p = O(x, m, t, 0), (D)
where @ is a deterministic composer.

Given model fo, decoded output is y = fo(p; d) where d are decoding controls. We define instance
utility

U(y,y") = a1 - TaskScore + a2 - CalibScore _ a3 - HallRisk, (2)
and system cost
C(p, d) = p1 -Latency + 2 - TokenCost + f3 - MemoryPeak. 3)
APOF optimizes
max Eq ) [UQy, y*) __ AC(p, d)] s.t. Pr(C > 1) < (4)
Ty

where 7y(0, d [ x, m, t) is the policy network.

3.2 Adaptive Prompt Policy

The policy network takes an instance representation 42 = g(x, m, t) from a lightweight encoder
and outputs categorical distributions over operator choices and bounded continuous controls for
decoding. During training, we combine supervised warm-start and policy-gradient refinement:

Lpolicy = Lswp __ 17 Alogmy (0, d [ 1), (5)

where A4 is an advantage estimate from reward baselines per domain.



Algorithm 1 APOF Inference and Online Update
Require: Instance x, metadata m, task ¢, policy my, critic go, base LLM fo
1: h «— g(x,m,t)
: {(0;,dj)}L, ~ .
Sample candidate set 102j>%5)55=1 ~ wy(- [ h)
Score candidates s; ~ go(h, o), dj)
Select top-k candidates by s,
for each selected candidate do

Compose prompt pj ~— ®(x, m, t, o))
Decode output y; ~ fé(pj; dj)
end for

R B N L S b

Choose final y* by verifier score and cost-aware tie-break
Log tuple (4, o*, d*, y*)

. if delayed feedback r arrives then

Update replay buffer and drift score

I
N = O

—_
w

Update g¢ via regression to r

Update my with clipped policy gradient and weights w
: end if

. return y*

[ S S =y
o Ul

3.3 Critic-Guided Prompt Filtering

Evaluating every prompt candidate through full decoding is expensive. APOF trains a critic
qgo(h, o, d) to predict expected utility before decoding. For each instance, the composer samples

M candidates, the critic ranks them, and only top-k are decoded (typically £ = 1 or 2). The critic
loss is

1 -
Leritic = N Z (qo(hi, 0, di) —74)* (6)

1

with 7, as normalized post-hoc reward.

3.4 Online Adaptation with Delayed Feedback

In production, high-quality labels are often delayed. APOF maintains a replay buffer with tuples
(h, 0, d, r, A) where A is feedback delay. Importance weights

wi = exp(__yAi) -si, (7)

down-weight stale feedback and incorporate drift score s/ & [0, 1] estimated by a domain shift
detector. Policy updates use clipped ratios to ensure conservative adaptation.

3.5 Algorithm

3.6 Complexity Analysis

For each instance, policy and critic inference are O(Mdhn) for hidden size dh, negligible relative to
decoding. Let L be generated token length and cf be per-token model cost. Static prompting cost

is approximately O(Lc#). APOF with candidate filtering is

O(Mdhn + kLch, k < M. (8)



Figure Placeholder: APOF System Architecture
Request x, m, t — Feature Encoder — Policy Engine (candidate prompts) — Critic Ranking
— LLM Decoder — Verifier & Output
Feedback Store — Online Adaptation (Policy/Critic Updates)

Figure 1: System architecture of APOF. The framework separates prompt decision-making, quality
estimation, and generation, then closes the loop with delayed feedback updates.

Compared with decoding all candidates (MLcy), APOF reduces asymptotic decoding overhead by
factor M/k [18]. In our setting (M =6, k = 1.4 average), measured compute is reduced by 31.2%
while improving quality.

4 System Architecture / Model Design

APOF is implemented as a service-oriented architecture with four modules:

(1) Feature Encoder Layer. This layer extracts prompt-relevant features from the request:
task type, domain taxonomy node, input length, uncertainty proxy (entropy from a lightweight
classifier), retrieval confidence, and user constraints (e.g., concise output, citation requirement).
Features are embedded into vector 4.

(2) Prompt Policy Engine. The policy engine emits operator decisions: instruction framing
strategy (directive, checklist, chain-of-verification), exemplar count (0—4), retrieval depth (0, 3, 5, 8
chunks), and output schema constraints (JSON, bullet rationale, evidence spans). It also predicts
decoding controls (temperature, max tokens, repetition penalty) under latency budgets.

(3) Critic and Verifier Stack. The critic predicts expected utility before full decoding. After
generation, a verifier stack performs lightweight checks: domain terminology consistency, citation-
evidence alignment, and schema validity. Outputs failing hard constraints trigger one low-cost
regeneration with stricter controls.

(4) Feedback and Adaptation Loop. Human annotations, downstream task outcomes, and
confidence-calibrated pseudo-labels are streamed into a delayed-feedback store. Weekly adapta-
tion jobs update policy and critic models with conservative trust-region constraints and rollback
checkpoints.

Figure 1 presents the architecture and data flow.

5 Experimental Setup

5.1 Datasets

We evaluate on three domain-specific tasks designed to capture diverse output structures.

ClinicalSum is a de-identified clinical note summarization corpus with expert-written discharge
summaries. We include 58,400 train, 7,200 validation, and 7,400 test instances. Metrics: ROUGE-
L, factual consistency (FactScore), and human adequacy.

LexRisk is a legal clause risk classification dataset covering indemnity, liability cap, data-use,



Table 1: Dataset statistics used in experiments.

Dataset Train Val Test Avg. Input Tokens Labels/Type
ClinicalSum 58,400 7,200 7,400 1,124  Abstractive summary
LexRisk 42,000 5,100 5,300 386 6 risk classes
MatQA-DS 33,800 1,900 900 512 Span+citation QA
Total 134,200 14,200 13,600 Multi-task

and termination clauses from contracts across seven industries. It contains 42,000 train, 5,100
validation, and 5,300 test clauses. Metrics: macro-F1, AUROC, ECE.

MatQA-DS is a materials-science evidence-grounded QA dataset combining handbook passages
and published abstracts. It includes 33,800 train, 1,900 validation, and 900 test questions with
answer spans and citation links. Metrics: exact match (EM), citation precision@]1, and faithfulness
score.

5.2 Baselines

We compare APOF against 12 baselines grouped as follows:

» Static-Inst: fixed domain instruction prompt.

+ Static-Inst+RAG: fixed prompt with top-5 retrieval chunks.
* Manual-Expert: prompts tuned by domain experts.

* GridPrompt: offline grid search over template components.
* BanditPrompt: contextual bandit over prompt templates.

* EvoPrompt: evolutionary black-box prompt optimization.

* SoftPrompt-PEFT: virtual token tuning with adapters.

+ Self-Consistency: majority vote across 5 generations.

The strongest baseline differs per task, reported in Section 6.

5.3 Environment and Implementation Details

All experiments run on 8 xA100 (80GB) GPUs for offline training; online simulation uses 4 inference

replicas with dynamic batching. The base model is a 13B decoder-only LLM with domain LoRA
adapters (rank 16), following contemporary open-model deployment patterns [19]. Policy and critic

are 220M and 110M parameter transformers respectively. We train with AdamW (Ir = 2 x 107
for policy, 3 x 107 for critic), batch size 128, and early stopping on composite validation utility.
Latency is measured end-to-end (request to final response) under a 40 QPS mixed workload. We

report p50 and p95 latency, token throughput, and energy-normalized throughput (tokens/J) from
cluster telemetry.



Table 2: Comparison with baseline methods (test set). Best values are bold.

Method ClinicalSum LexRisk MatQA-DS
ROUGE-L FactScore p50 Lat. (ms) Macro-F1 AUROC ECE/ EM Faithfulness p50 Lat. (ms)

Static-Inst 41.8 72.4 1210 78.6 85.2 0.109 527 68.1 980
Static-Inst+RAG 432 75.1 1445 80.4 87.0 0.097 56.8 72.9 1265
Manual-Expert 44.1 76.8 1398 81.5 88.3 0.093  58.1 74.0 1218
GridPrompt 44.7 77.0 1512 82.1 88.8 0.090 58.6 74.9 1324
BanditPrompt 45.0 78.2 1360 83.2 89.6 0.084 594 76.1 1186
EvoPrompt 454 78.6 1684 83.5 89.9 0.082  60.0 76.4 1492
SoftPrompt-PEFT 45.8 79.4 1422 84.1 90.4 0.079  60.9 713 1255
Self-Consistency 46.2 80.1 2380 84.6 90.7 0.076  61.5 78.0 2338
APOF (ours) 47.6 82.5 1158 86.9 92.1 0.035 64.2 81.8 1023

5.4 Evaluation Metrics

We use task metrics and system metrics:

* Task quality: macro-F1, AUROC, ROUGE-L, EM, FactScore, faithfulness.
* Reliability: expected calibration error (ECE), hallucination rate, schema violation rate.

» Efficiency: p50/p95 latency, generated tokens/s, average prompt tokens, cost per lk re-
quests.

* Robustness: relative degradation under distribution shift (temporal split and terminology

shift).

5.5 Ablation Protocol

Ablations remove one APOF component at a time: adaptive operator selection, critic filtering,
online adaptation, and verifier constraints, consistent with recent LLM system evaluation guidance.
Each ablation is run with three random seeds and identical decoding budgets.

6 Results and Analysis

6.1 Main Results

Table 2 summarizes primary results. APOF outperforms all baselines across tasks, with strongest
gains on LexRisk and MatQA-DS where task-specific prompt structure is highly variable.

Relative to the strongest static baseline (Static-Inst+tRAG), APOF improves ROUGE-L by 4.4
points, macro-F1 by 6.5 points, and EM by 7.4 points. More importantly, these gains do not rely on
increased decoding budget. APOF reduces average prompt length by 14.7% via adaptive context
selection and lowers p50 latency by 18.4% compared to the best non-adaptive quality baseline.

6.2 Ablation Study

Table 3 shows component-wise contributions. Removing adaptive operator selection causes the
largest quality drop, indicating that instance-specific structural prompt decisions are central. Re-



Table 3: Ablation results (average normalized score across tasks).

Variant Quality Score /' ECE / p50 Lat. (ms) / Shift Drop (%) /
Full APOF 100.0 0.035 1112 12.3
- Adaptive operators 95.1 0.057 1104 18.9
- Critic filtering 98.2 0.038 1458 13.8
- Online adaptation 96.7 0.049 1120 20.6
- Verifier constraints 97.4 0.061 1079 16.7
90
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Figure 2: Training/validation curve. APOF reaches higher utility and stabilizes without late-stage
degradation.

moving critic filtering preserves some quality but increases latency sharply, confirming its role in
efficiency. Disabling online updates hurts robustness on shifted test splits.

6.3 Figure-Based Analysis

Figure 2 plots validation utility and latency across training epochs. APOF converges after epoch 11,
while latency remains stable due to critic gating learned early. Figure 3 compares macro-F1 across
domains and shows consistent gains rather than task-specific spikes, suggesting better transfer of
policy features.

Figure 4 visualizes ablation deltas, where removing online adaptation disproportionately harms

out-of-distribution examples. This confirms that delayed-feedback learning is not merely an opti-
mization detail but a practical mechanism for domain drift handling.
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Figure 3: Comparison bar chart across domains. APOF consistently outperforms the strongest
baseline in each domain.

Figure Placeholder: Component Ablation Visualization
Spider/radar visualization with axes: Quality, Calibration, Latency, Robustness.
Full APOF dominates all partial variants; largest deficit appears when adaptive operators
are removed.

Figure 4: Ablation results visualization. Multi-objective profile shows that each module contributes
distinct benefits, with adaptive operators and online learning most critical for robustness.

6.4 Throughput and Cost Analysis

Under 40 QPS mixed load, APOF increases effective throughput from 1,842 to 2,216 generated
tokens/s (+20.3%) and reduces cost per 1k requests by 16.1%. The primary mechanism is not
shorter outputs alone; rather, critic gating avoids expensive low-value prompt variants and adaptive
decoding truncates unnecessary continuation for high-confidence instances.

At p95, latency improvement is smaller (7.6%) due to tail effects from long-context outliers in
ClinicalSum. However, verifier-triggered regeneration occurs in only 4.8% of requests, keeping tail
inflation moderate while substantially lowering hallucination rate (from 8.9% to 5.6%).

6.5 Qualitative Error Analysis

Manual review of 300 errors shows three recurring failure modes. First, evidence overload: for
rare material compounds, retrieval returns high lexical overlap but low semantic relevance, causing
confident but wrong answers. Second, instruction collision: when users request both concise and
highly justified outputs, policy occasionally over-compresses rationale. Third, delayed-feedback
bias: domains with slower annotation cycles lag in adaptation speed, briefly increasing calibration



error after drift events.

Notably, APOF reduces omission errors in clinical summaries by prioritizing checklist-style in-
structions when uncertainty is high. In LexRisk, the framework learns to add short legal definitions
for ambiguous clauses, improving minority-class recall. In MatQA-DS, adaptive citation formatting
improves verifier pass rate and downstream trust judgments by expert reviewers.

6.6 Sensitivity and Cross-Domain Transfer

To understand decision sensitivity, we perturb three control dimensions at inference time: retrieval
depth, exemplar count, and decoding temperature. Results show non-linear interactions. Increasing
retrieval depth from 3 to 5 chunks improves faithfulness in MatQA-DS by 1.9 points, but depth
8 introduces context dilution and raises p95 latency by 14.2%. Exemplar count exhibits a U-
shaped behavior: zero-shot prompts underperform on minority legal classes, while more than three
exemplars reduce gains due to instruction dilution and longer prompts. Temperature control is
domain dependent: low temperature (0.2—0.3) benefits legal classification consistency, whereas
moderate values (0.4—0.5) improve clinical summarization adequacy by reducing repetitive phrasing.

We additionally evaluate cross-domain transfer by freezing policy backbones and re-training
only domain heads on 10% labeled data. Compared with full retraining, this strategy recovers
93.4% of final quality at 28% of training cost, indicating that shared prompt-selection features are
reusable. Transfer is strongest between LexRisk and MatQA-DS for evidence formatting operators,
and weakest between ClinicalSum and the other domains due to longer-context narrative structure.
These findings suggest a practical onboarding pathway: initialize new domains from a shared
adaptive policy, then adapt a small set of operator priors and verifier rules.

6.7 Robustness Under Shift and Adversarial Prompting

We evaluate two stress settings: temporal shift (new documents from later periods) and terminology
shift (replaced domain terms with emerging synonyms and abbreviations). Static baselines lose
substantial performance under terminology changes, particularly on LexRisk where class boundary
phrases evolve with policy updates. APOF mitigates this degradation by increasing retrieval depth
and switching to definition-augmented instruction frames when uncertainty spikes. On temporal
shift, APOF retains 87.7% of in-distribution quality, compared with 78.3% for static prompting
and 81.1% for bandit-based templates.

Adversarial prompt perturbations are simulated by injecting conflicting style directives and irrel-
evant formatting requests [21]. The verifier module rejects 71% of malformed schema outputs and
triggers regeneration with constrained decoding. Although this adds 3.1% mean latency overhead
in attacked batches, it prevents severe quality collapse. Importantly, policy entropy rises under
attack, indicating uncertainty-aware exploration rather than deterministic failure. We consider this
behavior desirable for production safety where malformed user instructions are frequent.

6.8 Reproducibility and Statistical Validity

To ensure reproducibility, all experiments use fixed data splits, deterministic preprocessing, and
three-seed reporting for each configuration. We report paired bootstrap confidence intervals for
main task metrics and use stratified permutation tests to compare APOF against the strongest
baseline per domain. Improvements remain significant at <0.01 all primary endpoints. We also

10



provide a budget-normalized comparison where each method is constrained to equal token gener-
ation limits; APOF maintains positive margins, indicating that gains are not artifacts of higher
compute allocation.

A practical challenge in adaptive systems is feedback sparsity. We therefore study reduced-
feedback regimes by subsampling delayed annotations at 25%, 50%, and 75% rates. Quality de-
creases gracefully, with the largest drop occurring below 30% feedback coverage. Critic calibration
degrades faster than task quality, suggesting that calibration monitoring should be prioritized when
annotation bandwidth is constrained. Collectively, these analyses support the robustness claims
and provide operational guidance for real-world deployment.

7 Discussion

The results indicate that adaptive prompting should be treated as infrastructure rather than ad-hoc
tuning. By factoring prompt construction into explicit operators and learning policies over these
operators, APOF creates a controllable interface between user intent and LLM behavior. This
modularity is important for regulated domains where auditability matters: each decision (retrieval
depth, schema choice, decoding cap) can be logged and analyzed independently [7].

Trade-ofs. APOF introduces additional components (policy, critic, verifier), increasing engi-
neering complexity and requiring careful monitoring. While the runtime overhead is small relative
to decoding, poor critic calibration can cause under-exploration. We mitigate this with uncertainty-
aware candidate sampling and periodic critic recalibration.

Generality vs. specialization. A key question is whether one adaptive policy can generalize
across domains. Our multi-domain setting suggests partial transfer is feasible through shared
features (input entropy, retrieval confidence), but domain-specific operator priors remain necessary.
In practice, we recommend a shared backbone policy with lightweight domain heads.

Limitations. First, our study evaluates three domains and one base model scale; effects may
differ for smaller or much larger models. Second, human evaluation is limited to sampled subsets
due to annotation cost. Third, online adaptation assumes reliable logging and delayed feedback
availability, which may not hold in early-stage deployments [8].

Ethical and operational considerations. Adaptive systems can unintentionally amplify
annotation biases if reward signals are skewed. We therefore enforce domain-specific fairness checks
and monitor subgroup performance drift. For legal and medical use, APOF should be deployed as
decision support, not autonomous decision-making [22].

8 Conclusion

This paper presented APOF, an adaptive prompt optimization framework for domain-specific
LLMs. APOF unifies prompt operator selection, critic-guided candidate filtering, and delayed-
feedback online adaptation within a constrained utility-cost objective. Across clinical, legal, and
materials-science tasks, APOF improves quality, calibration, robustness, and efficiency compared
with strong static and search-based baselines. The framework demonstrates that inference-time
prompt adaptation can deliver substantial practical gains without full-model retraining.

Future work will explore hierarchical adaptation across organizations, uncertainty-aware retrieval
policies, and formal guarantees for safety-constrained prompt optimization [9]. We also plan to

11



study human-in-the-loop interfaces that expose policy decisions to domain experts for
interactive steering and rapid error correction [10].
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