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[bookmark: _Toc238381341]Abstract
Large language models (LLMs) can produce fluent travel itineraries, but fluency does not guarantee factual grounding, constraint adherence, or practical usefulness. This study compares direct LLM generation with a structured agentic-style prompting pipeline for bilingual travel planning. The primary experiment used 20 underlying easy-level TravelPlanner scenarios, each represented in English and Bengali to produce 40 matched scenario-language cases and 80 system outputs. Eight technical criteria plus a separate holistic overall-validity judgement were scored manually. The structured pipeline achieved higher mean hallucination-control and overall-validity scores than the baseline (1.825 versus 1.625 and 1.625 versus 1.550, respectively), but the baseline was higher on five of the eight technical criteria. For hallucination control, the mean paired difference was +0.200 (95% paired bootstrap CI [-0.025, 0.400]); the Wilcoxon test gave W = 63.0, raw p = .0736 and Holm-adjusted p = .5155. For overall validity, the mean paired difference was +0.075 (95% CI [-0.125, 0.300]); W = 80.0, raw p = .4913 and Holm-adjusted p = 1.000. Neither primary outcome was statistically significant after correction. Deterministic rule checks broadly supported a grounding-completeness trade-off. A supplementary planner-checker-revision-validator workflow was completed on six scenario-language cases; archived deterministic validation showed no clear advantage for the multi-agent condition. A two-case repair exercise provided only preliminary evidence that targeted repair can resolve flagged failures. Overall, structured prompting improved grounding descriptively without guaranteeing better completeness or overall planning performance. Conclusions are limited to the evaluated easy-level Gemini 2.5 Flash prompt-based implementation, without live tools, retrieval, persistent memory or autonomous action.


[bookmark: _Toc238381342]Chapter 1: Introduction
[bookmark: _Toc238381343]1.1 Background
Large language models (LLMs) have demonstrated strong capabilities across a wide range of natural language and reasoning tasks [1], [2], [3]. These models, typically based on the transformer architecture first proposed by Vaswani et al. [4], are trained on vast text corpora and learn to predict the next token in a sequence, enabling them to produce coherent, contextually appropriate text across diverse domains and styles. As their capabilities have advanced through scaling laws [5], instruction tuning [6], and alignment techniques, LLMs have increasingly been applied to practical planning tasks, including travel itinerary generation, where users seek personalised, accurate, and actionable plans that respect multiple constraints simultaneously [7], [8]. The practical relevance of these applications is substantial, yet the reliability of LLM-based planning remains an open research question.
Travel planning is a particularly demanding and relevant domain for LLM evaluation. A useful itinerary must satisfy multiple constraints at once. It must respect specified origin and destination locations, travel dates, trip duration, number of travellers, and budget limits, while also proposing realistic transport connections, viable accommodation options, and appropriate activities. Each of these elements must furthermore be factually grounded in real-world information rather than invented. Yet LLMs are known to suffer from a critical limitation that threatens precisely this requirement. They frequently generate plausible sounding but factually incorrect information, a phenomenon widely described in the research literature as hallucination [9], [10]. In the travel context, a hallucination could take the form of an invented hotel name, a non-existent flight number, an incorrect price, or an impossible transport connection. Such errors are not merely stylistic imperfections. They can render an itinerary unusable, financially costly, or misleading for the traveller who relies upon it. The stakes are therefore higher than in many other LLM application domains where factual inaccuracy may be less consequential.
The problem becomes more complex still in multilingual settings. Most LLM evaluation research has historically focused on English, and performance can degrade in languages with fewer training resources or less comprehensive benchmark coverage [11], [12]. Bengali is a major world language that nevertheless remains comparatively under-represented in many LLM evaluations. A system that performs well for English travel planning may not necessarily transfer reliably to Bengali, yet this multilingual dimension has been under-explored in the existing planning literature. Given the global nature of travel and the growing demand for LLM services in non-English languages, this gap is both academically significant and important.
Against this background, structured prompting and agentic-style workflows have emerged as candidate strategies for improving the reliability of LLM outputs. By decomposing a complex task into smaller stages, for example by first extracting constraints and then generating an itinerary conditioned on those extracted constraints, a system may reduce the cognitive load on the model at each step and produce outputs that are more closely grounded in the available evidence [13], [14]. Proponents of agentic AI argue that such decomposition, when combined with tools, memory, and reflection, can overcome many of the inherent limitations of direct single-step generation [15], [16]. However, the empirical evidence for such benefits remains mixed, and few studies have examined these approaches systematically in controlled multilingual travel-planning contexts. Furthermore, the term agentic itself is used inconsistently across the literature, sometimes describing simple prompt-structuring techniques and at other times implying full autonomy with tool use and persistent memory. This conceptual imprecision hampers academic progress and makes it difficult to compare findings across studies or to assess the practical significance of reported improvements. A clearer, more bounded account of what structured prompting can and cannot achieve is therefore both timely and necessary.
[bookmark: _Toc238381344]1.2 Research Problem
Travel planning with LLMs involves a fundamental and under-documented tension between fluency and fidelity. Direct single-step generation often produces natural, readable itineraries that flow well linguistically, but it may include unsupported entities, incorrect dates, or budget overruns. Structured approaches can improve grounding and caution, but they risk becoming overly cautious, omitting legitimate details, or producing less complete plans. There is limited empirical evidence about how this trade-off manifests across different evaluation criteria, how it interacts with language, and whether adding a separate validator stage in a multi-agent configuration can resolve it.
Furthermore, much existing research uses the term agentic broadly, applying it to any structured workflow and at times implying capabilities that the evaluated system does not actually possess, such as live tool use, autonomous action, or persistent memory. A clearer, more bounded account of what structured prompting can and cannot achieve, and a more precise use of terminology throughout, are needed to advance the field and to ensure that academic claims are defensible and reproducible. This study addresses both the empirical question of comparative performance and the methodological question of how to evaluate and describe such systems rigorously.
[bookmark: _Toc238381345]1.3 Aim and Objectives
Aim. To evaluate whether structured constraint-aware prompting improves the reliability of multilingual travel planning compared with direct grounded LLM generation, and to explore the descriptive contribution of an extended multi-agent planner-checker-revision-validator workflow on a smaller supplementary sample.
Objectives.
1. To design and implement two primary system conditions for travel itinerary production: a direct grounded baseline and a structured constraint-aware prompt containing an ordered checking/decomposition sequence, both using Gemini 2.5 Flash through Google Gemini API.
2. To construct a bilingual evaluation dataset from 20 underlying travel scenarios, with each represented in English and Bengali to produce 40 scenario-language cases, grounded in the TravelPlanner benchmark framework and accompanied by structured reference information describing attractions, restaurants, accommodation, and transport options.
3. To develop a replicable eight-criterion technical rubric, with overall validity assessed separately with explicit behavioural scoring anchors for each score level of 0, 1, and 2, supported by worked examples and rules for combining multiple errors within a single criterion.
4. To compare the two primary systems across hallucination control, constraint adherence, feasibility, completeness, and holistic validity, using both manual rubric scoring and complementary algorithmic rule validation.
5. To examine whether performance differences are consistent across English and Bengali, and whether the relative effect of the structured pipeline varies by language.
6. To identify common error patterns across systems, and to assess the convergence between manual rubric judgements and automated rule-based detection.
7. To explore descriptively the behaviour of an extended planner-checker-revision-validator workflow on a smaller supplementary sample comprising scenario IDs 1-3 in both English and Bengali.
[bookmark: _Toc238381346]1.4 Research Questions
The study addresses five research questions. RQ5 is framed explicitly as exploratory given the smaller sample size of the multi-agent arm.
- RQ1. To what extent does the structured agentic-style pipeline produce itineraries with fewer groundedness errors, that is, fewer unsupported flights, hotels, restaurants, attractions, prices, or transport options, compared with direct single-step generation?
- RQ2. Does the structured pipeline improve constraint adherence, assessed both as an overall dimension and across its component criteria of budget adherence, date consistency, transport feasibility, accommodation support, and itinerary completeness?
- RQ3. How does performance differ between English and Bengali, and does the relative effect of the structured pipeline change by language?
- RQ4. What types of error are most common across systems, and how do error patterns identified by manual rubric scoring correspond to those detected by complementary algorithmic rule checks?
- RQ5. (Exploratory.) What additional descriptive performance, if any, does a multi-agent planner-checker-revision-validator workflow show compared with the two primary systems?
[bookmark: _Toc238381347]1.5 Scope of the Study
This study evaluates a specific prompt-based implementation. The structured primary condition embeds constraint identification, reference checking and final itinerary generation within one Gemini API call. It does not use live tools, persistent memory, autonomous action, dynamic retrieval or external execution. The term agentic-style is therefore used descriptively to refer to the ordered decomposition and constraint-awareness of the prompt, not as a claim that the primary condition is a fully autonomous agent.
The primary evaluation covers 20 underlying TravelPlanner scenarios, each represented in English and Bengali to produce 40 matched scenario-language cases. The primary model was Gemini 2.5 Flash, accessed through the Google Gemini API during the experiment period [17]. A supplementary workflow study used three of the same underlying scenario IDs in both languages (six scenario-language cases) to examine a planner-checker-revision-validator configuration. The study does not test other models, benchmark families or domains, and the primary sample is restricted to easy-level TravelPlanner cases; generalisability beyond these boundaries should therefore not be assumed.
[bookmark: _Toc238381348]1.6 Dissertation Structure
This dissertation is organised into six chapters followed by references and appendices. Chapter 2 reviews the relevant literature on LLMs and planning, limitations of non-agentic approaches, agentic and tool-augmented systems, multilingual performance, and hallucination, concluding with an explicit gap-to-design mapping table. Chapter 3 describes the research design, dataset preparation, system conditions, prompt design, experimental procedure, evaluation metrics and full rubric, statistical approach, pilot study, supplementary multi-agent evaluation, reliability safeguards, and ethical considerations. Chapter 4 presents the implementation and results, including pilot findings, primary manual evaluation results, algorithmic rule validation as a complementary cross-check, results by language, supplementary three-system evaluation, and repair stage outcomes. Chapter 5 discusses the findings in relation to each research question, considers statistical robustness and uncertainty, relates the results to the existing literature, and draws out practical implications. Chapter 6 concludes, summarises the contributions of the study, acknowledges limitations, and suggests directions for future work. The references follow IEEE numbered format, and two appendices provide the complete scoring rubric with examples and detailed reproducibility information, respectively.
[bookmark: _Toc238381349]Chapter 2: Literature Review
[bookmark: _Toc238381350]2.1 Large Language Models and Planning
LLMs have demonstrated strong few-shot learning and general language capabilities [1], [18]. These capabilities have contributed to their application across increasingly complex tasks, including planning and decision-making [7], [8]. OpenAI's GPT-4 Technical Report, for example, demonstrated capabilities across a wide range of professional and academic domains, including simulated bar examinations, mathematics, and coding tasks [2], while survey work by Zhao et al. [18] documented the rapid progress of LLMs across reasoning, generation, alignment, and safety. The transformer architecture itself, with its self-attention mechanism enabling parallel processing and long-range dependency modelling, has proven remarkably adaptable across tasks, and subsequent innovations such as instruction tuning [6] and reinforcement learning from human feedback have further improved alignment with user intentions. The LLaMA family of models [19] and related open-source developments have also expanded access to large model capabilities, enabling broader research experimentation and fostering a vibrant ecosystem of model variants and fine-tuning approaches.
However, fluency does not guarantee reliability. Valmeekam et al. [7] demonstrated that LLMs frequently fail on planning benchmarks, producing plans that are syntactically plausible but semantically incorrect, incomplete, or logically inconsistent. The authors argued that LLMs should not be treated as reliable planners without additional safeguards. Travel-planning performance also depends on how task constraints and supporting reference information are represented [8]. The gap between linguistic competence and planning reliability is therefore a central motivation for the present study, which investigates whether structured prompting can narrow this gap. The question is not merely academic, as commercial deployments of LLM-based planners could expose users to real financial and practical risks if reliability is not properly addressed. Furthermore, the cognitive mechanisms by which LLMs produce plans remain incompletely understood, making it difficult to predict when or why a given plan might fail.
[bookmark: _Toc238381351]2.2 Limitations of Non-Agentic LLMs
Direct single-step generation, in which the model is given a single prompt and produces a complete output in a single generation call, suffers from several well-documented limitations that are particularly relevant to planning tasks.
First, models tend to hallucinate plausible sounding but unsupported facts [9]. Because they generate from parametric knowledge rather than consulting external evidence at generation time, they may confidently present invented details as facts. This tendency is exacerbated when the model encounters information gaps or ambiguous constraints, as it often prefers to produce a fluent, complete-sounding response rather than acknowledge uncertainty or omit details. Second, direct generation can struggle with arithmetic, multi-step constraint satisfaction, and logical consistency, particularly when several requirements must be satisfied simultaneously. They are overconfident, presenting uncertain or incorrect claims with high linguistic certainty, which can mislead users into trusting outputs that should be verified [20]. 
A travel plan that must respect a budget, date range, and set of transport constraints simultaneously requires multi-step reasoning that direct generation does not always perform reliably. The model may correctly identify each constraint individually but fail to ensure that all constraints are satisfied simultaneously in the final plan. Third, their knowledge is parametric and static, so they cannot reliably access real-time or domain-specific evidence without augmentation such as retrieval [21]. Fourth, they may also present incorrect claims with unwarranted confidence, which can make outputs appear more reliable than they are [20]. This overconfidence is particularly problematic in planning contexts where users may lack the domain knowledge to identify errors themselves.
Chain-of-thought prompting, in which the model is asked to generate intermediate reasoning steps before producing a final answer, can improve performance on some reasoning tasks [22]. However, it does not eliminate hallucination, nor does it guarantee adherence to external constraints. Other prompting strategies such as self-consistency, which samples multiple reasoning paths and selects the most frequent answer, and least-to-most prompting, which decomposes problems into sub-problems, have shown benefits on specific benchmarks but do not fully resolve the grounding problem for open-domain planning tasks. The limitations of direct generation motivate the search for more structured approaches, which are reviewed in the following section.
[bookmark: _Toc238381352]2.3 Agentic AI and Tool-Augmented Planning
The term agentic AI encompasses a broad spectrum of approaches, from simple structured prompting workflows to fully autonomous systems equipped with tools, memory, and action capabilities [15]. Several intermediate strategies have shown promise in the literature.
The ReAct framework interleaves reasoning traces with task-specific actions, allowing a model to decide when to consult external tools and when to rely on internal knowledge [13]. Toolformer teaches models to decide for themselves when to call external application programming interfaces (APIs), learning to use tools from a small number of demonstrations [23]. Reflexion uses verbal self-reflection across multiple attempts, enabling a model to criticise its own previous output and generate an improved version on the next trial [16]. Plan-and-Solve prompting decomposes a problem into an explicit plan first, then executes each step of that plan sequentially [14]. Generative agents extend this idea further, creating interactive simulacra of human behaviour with long-term memory and reflection capabilities [24].
Mialon et al. [25] provided a useful taxonomy of augmented language models, distinguishing between reasoning strategies, tool use, and memory systems. Importantly, many of the reported gains in this literature involve systems that use external tools, iterative refinement, or both [25]. The evidence for purely prompt-based decomposition without external feedback or iteration is more mixed, leaving the conditions under which simple structuring helps or hinders insufficiently understood. 
The distinction between various levels of agency is also conceptually important for this study. Some researchers use the term "agentic" broadly to describe any system that decomposes tasks into steps, while others reserve the term for systems that exhibit autonomy, goal-directed behaviour, tool use, and adaptation to feedback. This conceptual ambiguity can lead to confusion when comparing results across studies. A system that uses an ordered decomposition/checking prompt, as in the present primary study, is qualitatively different from a system that can autonomously decide when to call tools, reflect on its own outputs, and iteratively refine its approach. Both may be described as "agentic" in literature, but their capabilities and limitations differ substantially. This study addresses this ambiguity by explicitly defining what is meant by "agentic style" in the context of this specific implementation and by maintaining consistent terminology throughout. The findings should therefore be interpreted as applying to prompt-structured decomposition approaches rather than to fully autonomous agentic systems in a broader sense.
Another important consideration is the relationship between agentic-style prompting and chain-of-thought reasoning [22]. Both approaches involve structuring the model's reasoning process, but they differ in important ways. Chain-of-thought prompting asks the model to generate intermediate reasoning steps within a single generation, typically to improve logical reasoning on tasks such as arithmetic or logic puzzles. Structured or agentic-style decomposition can be implemented in different ways. In some systems, generation is separated into multiple model calls, with the output of one stage feeding into the next. In other implementations, including the primary condition evaluated in this study, decomposition is embedded within a single prompt as an ordered sequence of constraint identification, checking and generation instructions. Multi-call workflows allow greater inspection of intermediate outputs, whereas single-call structured prompting retains the entire reasoning process within one generation.
The findings of this study suggest that a trade-off between grounding control and completeness is plausible: the structured prompt achieved better hallucination-control scores but lower scores on several completeness and feasibility dimensions than direct generation. Understanding how ordered prompting changes these error patterns is important for developing a more precise account of structured LLM planning.
This is an important methodological choice, as it allows the research to identify what, if anything, structure alone contributes before considering more complex architecture. The findings may also help to explain why some agentic-style implementations succeed while others fail: the benefits often attributed to agency may in fact stem primarily from tool use or iteration rather than from decomposition per se.
[bookmark: _Toc238381353]2.4 LangChain and Agentic Pipelines
LangChain provides a popular framework for composing LLM workflows, including chains, agents and tool integrations [26]. Related research has explored structured agent workflows and tool-use configurations [27], [28]. The evidence for purely prompt-based decomposition without external feedback or iteration is more mixed, leaving the conditions under which simple structuring helps or hinders insufficiently understood. However, framework flexibility can also mask important conceptual distinctions. A LangChain agent might range from a simple prompt sequence with no tools to a complex system with multiple APIs, memory, and decision loops. 
AgentBench [28] offers a standardised evaluation framework for LLM agents across multiple environments, revealing that current agentic systems still struggle with reliability and reproducibility in complex settings. The need for clear terminology and careful characterisation of what a given agentic system does is therefore pressing. Without such precision, the literature risks accumulating findings that are difficult to compare or replicate, slowing rather than accelerating progress. The present study addresses this need by explicitly defining what is meant by agentic style in the context of this specific implementation and by maintaining consistent terminology throughout.
[bookmark: _Toc238381354]2.5 TravelPlanner and Benchmark-Based Evaluation
Xie et al. [8] introduced TravelPlanner, a benchmark for real-world travel planning with language agents. The benchmark provides structured scenarios with accompanying reference information describing available attractions, restaurants, accommodation, and transport options. Evaluators can then check whether generated itineraries remain grounded in that reference information and whether they satisfy the specified constraints. Oh et al. [29] extended this work with Flex-TravelPlanner, examining more flexible planning settings and the trade-off between adherence and adaptation.
A key insight from this line of research is that evaluation must go beyond linguistic fluency and measure grounding, constraint adherence, and feasibility explicitly. The TravelPlanner framework therefore forms the methodological foundation of the present study, which adopts its scenario structure and reference-information format while extending evaluation to a bilingual setting and adding a complementary algorithmic validation layer. 
The benchmark also highlights the importance of reproducible evaluation, which is addressed in this study through the rubric, the reproducibility appendix, and the retention of all outputs and scores in the research archive. By building on an established benchmark, this study ensures a degree of comparability with existing work while extending it in new directions. The choice of benchmark also reflects a deliberate commitment to evaluating LLM planning capabilities in a setting where the ground truth is known, enabling systematic assessment of both errors and successes.
[bookmark: _Toc238381355]2.6 Multilingual LLM Performance
Most LLM benchmarks are English-centric. Multilingual evaluations such as MEGA by Ahuja et al. [11], XTREME [30], and XTREME-R [31] reveal that performance typically declines in non-English languages, especially those with less training data or fewer benchmark resources. Models such as PaLM [3], BLOOM [32], and the NLLB translation system [12] have advanced multilingual capabilities, although meaningful performance gaps remain across many non-English languages, particularly in lower-resource settings [11], [30], [31].
Conneau et al. [33] and Artetxe and Schwenk [34] demonstrated that cross-lingual transfer is possible but uneven, and that zero-shot performance in a target language rarely matches English performance. In the context of travel planning, this raises the question of whether any benefits of structured prompting are preserved across languages, or whether they are attenuated in lower-resource settings. The bilingual design of the present study, with matched English and Bengali scenarios, allows this question to be addressed empirically. 
The inclusion of Bengali is particularly valuable given its status as a major world language that is nevertheless under-represented in many LLM evaluations. By comparing performance across the two languages, this study contributes evidence on whether structured prompting strategies transfer effectively across linguistic contexts, an issue of both theoretical and practical importance for global LLM deployments.
[bookmark: _Toc238381356]2.7 Hallucination and Constraint Satisfaction
Hallucination in natural language generation has been studied extensively across summarisation, dialogue, and open-domain generation tasks. Ji et al. [9] provided a comprehensive survey, distinguishing between factuality and faithfulness, and cataloguing detection and mitigation strategies. Detection benchmarks such as HaluEval [10] and TruthfulQA [20] have been developed to measure different facets of the problem. Mitigation strategies include retrieval-augmented generation [21], self-checking approaches such as SelfCheckGPT [35], fine-grained evaluation with FActScore [36], and research-and-revise methods such as RARR [37]. Maynez et al. [38] studied faithfulness in abstractive summarisation, while Rashkin et al. [39] developed measures of attribution in natural language generation. Automatic evaluation metrics such as BLEU [40], ROUGE [41], METEOR [42], BERTScore [43], and BLEURT [44] have also been developed, though these primarily measure fluency and similarity to reference texts rather than factual grounding per se.
In travel planning specifically, hallucination takes concrete and verifiable forms: invented hotels, unsupported flight numbers, incorrect prices, or impossible transport connections. Constraint satisfaction overlaps with grounding but is analytically distinct. A plan might use only supported entities yet still violate budget limits, date ranges, or traveller requirements. Both dimensions must be evaluated for a plan to be considered dependable. The eight-criterion technical rubric developed in this study therefore separates grounding criteria such as hallucination control from constraint criteria such as budget adherence and date consistency, enabling each to be assessed independently. This multi-dimensional evaluation approach is a methodological contribution of the study, moving beyond single-score evaluations that can mask important trade-offs. By measuring multiple dimensions simultaneously, the study provides a more nuanced account of system performance than would be possible with a single aggregate metric.
[bookmark: _Toc238381357]2.8 Research Gap
Three principal gaps in existing literature are addressed by this study.
First, there is limited multilingual planning evaluation. Existing travel-planning benchmarks and studies have evaluated systems in English, leaving the transfer of findings to other languages less well established [8], [11], [30], [31]. The bilingual design of this study responds directly to this gap.
Second, the benefit of structured generation without tools remains unclear. Many reported successes in the agentic literature involve external tool use, iterative refinement, or both. The independent contribution of prompt-structure decomposition alone, without tools or iteration, is less well established. By comparing a prompt-only structured pipeline against a direct baseline under controlled conditions, this study isolates the effect of structuring itself.
Third, there is limited evidence on validator roles within a planning pipeline. Few studies compare direct generation, structured prompting, and a separate validator stage within the same controlled experimental framework, leaving open the question of what each stage contributes and whether validation alone is sufficient without repair. The supplementary multi-agent arm of this study provides initial exploratory evidence on this question.



[bookmark: _Toc238381328]Table 1 - Literature gap to design mapping
	Literature gap

	Design response
	Evidence produced

	Limited multilingual planning evaluation

	Matched English and Bengali scenarios
	System-by-language comparisons across 40 cases

	Unclear benefit of structured generation without tools

	Matched direct and structured constraint-aware prompting conditions
	Paired metric differences across eight technical criteria plus separate overall validity

	Limited evidence for validator roles
	Exploratory planner-checker-revision-validator condition
	Three-system descriptive comparison on supplementary sample


	Overreliance on fluency as a proxy for
quality
	Grounding and constraint rubric with algorithmic cross-check
	Eight technical scores plus holistic validity and rule-failure analysis




Table 1 summarises how the study responds to the main gaps identified in literature, linking each limitation to the corresponding research design choice and the evidence generated by the study.
[bookmark: _Toc238381358]Chapter 3: Research Design and Methodology
[bookmark: _Toc238381359]3.1 Research Design
A matched-pair experimental design was employed to enable controlled comparison between the two primary system conditions. Each of the 40 scenario-language cases was processed under both conditions: a direct baseline using single-step generation and a structured agentic-style prompt containing explicit constraint identification and checking before the final itinerary. The same Gemini 2.5 Flash model was used for both conditions, ensuring that the comparison isolates prompt/workflow structure rather than model identity. A supplementary workflow comparison reused scenario IDs 1-3 in both languages and added a planner-checker-revision-validator condition.
All outputs were evaluated manually against an eight-criterion technical rubric, and algorithmic rule-based validation was applied as a complementary, reproducible cross-check. This approach was used to strengthen methodological rigour while acknowledging the limitations associated with single-evaluator scoring. The manual evaluation captured nuanced judgement across the planning criteria, while the deterministic checker assessed structural consistency using predefined rules. Agreement between the two forms of evaluation increased confidence in patterns that appeared in both, although the rule checker was not treated as an independent human rating or as a substitute for inter-rater reliability.
The matched-pair design was chosen over a between-subjects design for several methodological reasons. First, it controls scenario difficulty and characteristics: each scenario is evaluated under both conditions, so differences between conditions cannot be attributed to differences in scenario difficulty. This is particularly important because the matched design ensures that both systems are evaluated on the same scenario-language inputs, controlling differences in origin, destination, budget and reference information across cases. Second, the matched design increases statistical power by reducing variability due to scenario differences. Each scenario serves as its own control, making it easier to detect systematic differences between the two system conditions. Third, the design aligns naturally with the practical question of interest: for any given travel scenario, which system produces the better itinerary? The matched design answers this question directly by comparing the two systems with the same inputs.
The addition of algorithmic rule validation strengthens the research design by providing a reproducible cross-check on selected structural properties. In this study, convergence between manual scoring and automated structural checking on the key trade-off pattern, with the structured pipeline showing better grounding but worse completeness, supports the interpretation that the pattern is not solely an artefact of the manual scoring procedure. The two methods also capture complementary aspects of performance: the manual rubric captures nuanced judgements of quality and usability, while the rule checker provides objective, reproducible measurements of specific structural properties. Together, they provide a more comprehensive evaluation than either method could provide alone.
[bookmark: _Toc238381360]3.2 Dataset and Sampling Strategy
The primary evaluation used 20 underlying scenarios drawn from the prepared TravelPlanner-derived dataset [8]. Each scenario was represented in English and Bengali, producing 40 matched scenario-language cases. The final evaluated sample consisted of scenario IDs 1-20 in each language. All 20 underlying scenarios in this primary sample were labelled easy in the source data and had no additional local constraints recorded. The sample therefore provides a controlled comparison of the two workflows on matched bilingual inputs, but it should not be described as covering the full range of TravelPlanner difficulty levels or constraint profiles. Each case retained structured reference information on available attractions, restaurants, accommodation and transport.
The wider prepared input file contained 200 language-specific rows (100 English and 100 Bengali) spanning easy and medium cases, but only the first 20 underlying scenario IDs were carried forward into the completed primary evaluation. This was a pragmatic final-sample choice rather than a stratified or random sample. Consequently, the results should be interpreted as evidence for this evaluated subset rather than as an estimate of performance across the full TravelPlanner benchmark.
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[bookmark: _Toc238645889]Figure 1 - Preview of the first 10 English input scenarios from the evaluated TravelPlanner subset.
Figure 1 shows the first 10 English input cases from the final evaluated subset, illustrating the origins, destinations, three-day duration and budget values present in the selected cases. The corresponding Bengali cases use the same underlying structured scenario values.
[bookmark: _Toc238381361]3.3 Multilingual Dataset Preparation
The bilingual primary dataset consisted of 20 underlying TravelPlanner scenarios, each represented once in English and once in Bengali, resulting in 40 matched scenario-language cases. The final Bengali query text was generated from the structured scenario fields using a fixed Bengali template. Origin and destination names, dates, traveller counts, budgets and any available local-constraint fields were inserted directly from the corresponding source row. This approach was chosen after earlier translation experiments because it preserved the key constraints deterministically.
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[bookmark: _Toc238645890]Figure 2 - Example English TravelPlanner prompts and corresponding template-generated Bengali prompts used for bilingual evaluation.
Figure 2 illustrates the paired English and Bengali query construction. The Bengali prompts were template-generated from the same structured scenario fields rather than being free-form translations of the English text. This preserved origin, destination, trip duration, dates, number of travellers and budget across the two language versions.
The final input file was checked by comparing the paired structured fields used to construct each query. Because the Bengali prompt was generated from those fields, numerical values and named locations were preserved directly. This controls an important source of cross-lingual variation, although it does not constitute an independent linguistic validation of Bengali naturalness.
[bookmark: _Toc238381362]3.4 System Conditions
Three system conditions were implemented, with the third reserved for the supplementary smaller-sample evaluation.



[bookmark: _Toc238381329]Table 2 - System conditions compared.
	Feature
	Non-agentic baseline
	Structured agentic-style pipeline
	Multi-agent extension, supplementary only


	Response style
	Direct single-step generation
	Single API call with ordered constraint checking before final generation

	Separate Planner, Checker, Revision and Final Validator calls

	Constraint extraction

	Implicit, within a single prompt
	Explicitly prompted within the same generation call
	Explicitly checked across separate workflow stages

	Validation behaviour
	Not explicitly prompted
	Prompted to remain aligned with constraints during generation

	Checker and Final Validator review grounding, costs and feasibility

	Workflow complexity

	Lower
	Higher
	Highest

	External tools used

	None
	None
	None



The structured condition is consistently described in this document as a structured agentic-style pipeline or, where brevity is needed, an agentic-style pipeline. It does not use live tools, persistent memory, or autonomous action, and no broader claim about agentic systems in general is intended. This bounded terminology is used to avoid overclaiming and to ensure that the title and narrative accurately reflect the capabilities that were implemented. The distinction between agentic-style prompting and full agentic capability is maintained throughout the document to ensure conceptual clarity and to prevent readers from assuming capabilities that were not part of the experimental design.
[bookmark: _Toc238381363]3.5 Prompt Design
The baseline prompt instructed the model to create a travel plan using only the reference information provided. The prompt was designed to be clear and direct, mirroring how a user might naturally request a travel plan from an LLM.
The structured primary condition used a single Gemini API call with an explicitly ordered set of instructions inside the prompt. Before producing the final itinerary, the model was instructed to identify the origin, destination, dates, trip duration, traveller count and budget; inspect the available reference information; check support for transport, accommodation, restaurants and attractions; construct the day-by-day plan; re-check dates, budget and constraints; and state when information was missing rather than guessing. The baseline used the same model and reference information but did not contain this ordered decomposition/checking sequence. The contrast is therefore between direct grounded generation and structured grounded prompting, not between one API call and a genuinely autonomous multi-step agent.
[image: ]
[bookmark: _Toc238645891]Figure 3 - Summary of prompt design differences between the non-agentic baseline and structured agentic-style pipeline.
This diagram should be read as a conceptual contrast between direct generation and the ordered reasoning/checking stages embedded within the structured prompt. In the archived implementation, the structured primary condition was executed as one API call rather than as two separately persisted model calls.
The supplementary condition implemented a separate multi-call workflow consisting of Planner, Checker, Revision and Final Validator stages. This is operationally different from the primary structured prompt and is therefore reported only as an exploratory extension. The final primary prompts and a description of the supplementary stages are provided in Appendix B.
[bookmark: _Toc238381364]3.6 Experimental Procedure
All experiments were run in Google Colab using Python. For each scenario-language case, baseline and structured outputs were generated with Gemini 2.5 Flash and saved to CSV. The same reference information was supplied to both conditions. The generation code saved intermediate backups and used retry handling for API errors. The completed primary file contains 40 successful Baseline outputs and 40 successful Agentic-labelled structured-pipeline outputs; the notebook records that a missing Bengali Agentic output for scenario 11 was rerun and then written back to the completed file. Evaluation was performed on the saved outputs so that later API changes could not alter the scored material.
The experimental procedure was designed to minimise sources of variation other than the system condition itself, ensuring that observed differences could be attributed to the workflow structure rather than to confounding factors such as model version changes or different experimental environments.
[image: ]
[bookmark: _Toc238645892]Figure 4 - Experimental procedure for comparing baseline and structured-pipeline travel-planning outputs.
This flowchart depicts the experimental workflow: each scenario is processed by both systems, outputs are saved to CSV, then evaluated using manual rubric scoring and algorithmic rule validation.
[bookmark: _Toc238381365]3.7 Evaluation Metrics
Each output was evaluated against eight technical criteria, each scored 0, 1, or 2, plus a separate holistic overall-validity judgement scored on the same 0–2 scale. The rubric was refined from an initial version through a pilot study on three scenarios and is presented below with full behavioural anchors for each score level.



[bookmark: _Toc238381330]Table 3 - Evaluation of rubric with behavioural scoring anchors
	Metric

	0: Failed
	1: Partial
	2: Full

	Hallucination control
	Output includes one or more material unsupported entities such as flights, hotels, restaurants, attractions, prices, or transport options not present in the reference data
	Output is largely grounded but includes minor ambiguous phrasing or one borderline unsupported detail that does not materially affect the plan

	All named entities, prices, and transport options are traceable to the reference information

	Constraint satisfaction
	Plan violates one or more hard constraints such as wrong origin, wrong destination, wrong trip length, or wrong number of travellers
	Plan respects core constraints but contains one ambiguity or minor omission in how constraints are expressed

	All explicit constraints from the scenario are respected throughout the plan

	Budget adherence
	Plan demonstrably exceeds the stated budget or uses materially unsupported cost estimates
	Costing is incomplete or contains minor uncertainty but no confirmed major overrun; budget is at least acknowledged
	All included costs are supported, and the calculated total remains within budget


	Date consistency
	Wrong dates, wrong duration, or impossible day and date sequence
	Mostly correct but contains one ambiguity or minor inconsistency

	All dates, days, and travel sequences are internally consistent

	Transport feasibility
	Transport connections are impossible, unsupported, or materially misrepresented

	Transport is largely supported but one leg is ambiguous or suboptimally described
	All transport legs are supported and feasible given the reference data

	Accommodation support
	Accommodation is invented or contradicted by the reference data
	Some accommodation details are supported but important fields are missing or uncertain

	Accommodation and its material attributes are fully supported by the reference data

	Itinerary completeness
	Major days or trip components are missing
	Plan covers the trip but is thin on one day or component
	Each day of the trip is meaningfully covered with activities and logistics


	Language consistency
	Output is in the wrong language or mixes languages unintentionally
	Output is mostly in the target language but contains isolated foreign terms or awkward phrasing

	Output is consistently in the target language and reads naturally

	Overall validity
	Plan is materially unusable due to errors
	Plan is usable in principle but has notable weaknesses that would require correction

	Plan is coherent, grounded, and usable as a travel itinerary



Multiple errors within a metric are combined by taking the score that best reflects the overall severity of the failures. For hallucination control, a higher score indicates better performance, that is, fewer or no hallucinations. Missing information is treated as not provided and scored according to whether the omission renders the criterion failed, partial, or acceptable. A clear distinction is maintained between unsupported, meaning not present in the reference data, incorrect, meaning contradicting the reference data, and not provided, meaning simply absent from the output. One worked scoring example and one borderline example are provided in Appendix A to illustrate the application of these rules. The rubric was designed to balance specificity with practical applicability, providing enough guidance to ensure consistent scoring while remaining flexible enough to capture the nuances of real model outputs.
The development of the rubric followed an iterative process. An initial version with broader, less specific criteria was drafted based on the TravelPlanner benchmark evaluation guidelines [8]. This initial rubric was then applied to the three pilot scenarios, and ambiguities or inconsistencies in scoring were identified. For example, the initial version did not clearly distinguish between a plan that omits accommodation entirely and one that mentions accommodation but provides unsupported details. This distinction was clarified in the revised rubric through the behavioural anchors for each score level. The iterative refinement process helped to ensure that the rubric criteria are both comprehensive and discriminable, meaning that they cover the important dimensions of itinerary quality while also enabling consistent scoring across different outputs.
The decision to use a three-point scale (0, 1, 2) rather than a finer-grained scale was motivated by several considerations. First, a three-point scale was selected to provide a clear distinction between failed, partial, and fully satisfactory performance while keeping the manual evaluation process practical and consistent. Second, the distinctions between adjacent score levels on a finer-grained scale, such as a five-point scale, would be difficult to define clearly and apply consistently, particularly for a single evaluator. Third, the three-point scale maps naturally onto the conceptual distinction between failed, partial, and full performance on each criterion, which is both intuitive to apply and easy to interpret in the results. The trade-off, of course, is reduced sensitivity: slight differences in quality within each score band are not captured. This limitation is partially mitigated by the eight technical criteria, which together provide a multi-dimensional profile of each itinerary's strengths and weaknesses; overall validity is retained as a separate holistic judgement.
The directionality of each scale was also carefully considered. For all criteria, a higher score indicates better performance. This is straightforward for most criteria but requires careful definition for hallucination control, where "better" means fewer hallucinations. The rubric explicitly defines the score levels so that a score of 2 indicates no material unsupported entities, a score of 1 indicates largely grounded output with minor issues, and a score of 0 indicates material unsupported entities. This consistent directionality simplifies the interpretation of results and the calculation of composite scores, as all metrics are oriented in the same direction.
[bookmark: _Toc238381366]3.8 Statistical Analysis

The arithmetic mean was used to summarise performance for each system and criterion, where denotes an individual score and is the number of observations.

where denotes an individual score,  is the sample mean, and  is the number of observations.

where and denote the 2.5th and 97.5th percentiles of the bootstrap distribution of the mean paired difference, respectively.
For the primary outcomes, 95% paired bootstrap confidence intervals were calculated for the mean structured-minus-baseline difference using 10,000 paired resamples and the percentile method [45]. The scenario-language pair was the matching unit, and a fixed random seed (42) was used. 

where  is the paired difference for scenario-language case ,  is the structured-pipeline score, and  is the baseline score.

where  and  denote the sums of the positive and negative signed ranks, respectively.
The Wilcoxon signed-rank test was used for paired comparisons because each scenario-language case was evaluated under both system conditions [46]. Rank-biserial correlation was used as the paired effect-size measure, with positive values favouring the structured pipeline and negative values favouring the baseline.
For the primary experiment, the eight technical criteria and the separate holistic overall-validity judgement were analysed at the criterion level using paired Wilcoxon signed-rank tests. Hallucination control and overall validity were treated as the two primary outcomes, while the remaining seven technical criteria were treated as secondary. Holm correction was applied across the full set of nine criterion-level p-values, providing a conservative family-wise error control [47].
The primary analysis reports the mean paired difference, median paired difference, 95% paired bootstrap confidence interval for the mean difference, win/tie/loss counts, Wilcoxon statistic, raw p-value, Holm-adjusted p-value, and rank-biserial effect size for the two primary outcomes. No primary claim of statistical significance is made unless the corrected p-value is below .05.
The technical composite is calculated descriptively as the mean of the eight specific technical criteria, excluding holistic overall validity to avoid double-counting. Holistic overall validity is reported separately because it represents a summary judgement that partly reflects the underlying technical dimensions. 
The supplementary workflow was analysed descriptively because the archived work contains six scenario-language cases and a completed deterministic rule-validation output but does not contain a persisted final nine-criterion scored table from which the previously drafted Friedman and pairwise Wilcoxon results could be independently reproduced. The final report therefore does not make inferential claims for the supplementary three-system comparison.
For the supplementary comparison, the deterministic validator provides the reproducible evidence retained in the project archive. Baseline, structured and multi-agent outputs were checked using the same rule-based validation framework. The six language-specific cases correspond to three underlying scenarios represented in English and Bengali, so they are treated as a small exploratory sample rather than six fully independent real-world scenarios.
[bookmark: _Toc238381367]3.9 Pilot Study
A pilot study was conducted on three scenarios to refine the rubric and prompts. The pilot suggested that both systems could produce usable plans and that the evaluation criteria were discriminable. It also revealed ambiguities in the initial rubric wording that were resolved before the main experiment. In particular, the distinction between score levels 1 and 2 for accommodation support was clarified, and the generation prompts were slightly rephrased for clarity. The pilot also exposed practical issues with API call formatting and output saving, which were resolved before the main data collection.
[bookmark: _Toc238381368]3.10 Supplementary Multi-Agent Evaluation
On a supplementary sample comprising scenario IDs 1-3 in English and Bengali (six scenario-language cases), the notebook implemented a planner, checker, revision and final-validator workflow. The workflow generated one multi-agent output for each case and retained the corresponding baseline and structured outputs for comparison. All six multi-agent cases reached an 'approved with limitations' status in the notebook's final validation stage. Because this status was itself produced by a model-based validator, it is treated as workflow evidence rather than independent ground truth. The final quantitative supplementary comparison therefore relies on the archived deterministic rule-validation files.
[bookmark: _Toc238381369]3.11 Reliability of Manual Evaluation
All primary rubric scores were recorded by one researcher using the 0-1-2 rubric. Formal inter-rater reliability was not available because no independent second scorer was used. The deterministic validator was therefore used only as a complementary structural cross-check and not as a substitute for independent human agreement.
First, algorithmic rule validation. A deterministic rule-based checker separately verified structural properties such as date coverage, budget mention, and supported entity use. This provides a reproducible cross-check on the manual judgements. The agreement between the two methods is reported in Chapter 4 as converging evidence; it is not treated as independent inter-rater validation.
Second, no blinded second scoring pass was conducted. Formal intra-rater reliability therefore cannot be reported. This is acknowledged as a limitation rather than being presented as a completed validation step.
[bookmark: _Toc238381370]3.12 Ethical Considerations and Data Management
All data used in this study are from the publicly available TravelPlanner benchmark or generated via Google Gemini API under its terms of service. No personal or sensitive data were collected. Generated outputs, raw scores, and analysis code are retained in a secure research archive as described in the reproducibility appendix.
The broader ethical risks of large language models are acknowledged. These include the potential for biased outputs, the generation and amplification of misinformation, environmental impact from training and inference, and issues of fairness and access across different user groups and languages [48], [49], [50]. Model reporting and dataset documentation practices follow the principles of model cards [51] and datasheets for datasets [52] as far as they apply to this student project. The study also considers the ethical implications of its findings: if LLM-based travel planners are deployed commercially without adequate reliability safeguards, users could suffer financial loss or practical inconvenience, highlighting the importance of rigorous evaluation methodologies such as the one developed here.
The principal methodological limitations are the single-evaluator primary scoring, the absence of formal inter-rater or intra-rater reliability, and the restricted difficulty profile of the primary sample. Although a 200-row bilingual input file was prepared, the completed primary evaluation used the first 20 underlying scenario IDs in both languages; these were all easy-level cases without additional local constraints. The study therefore cannot establish whether the observed workflow trade-off would also occur in medium or hard TravelPlanner scenarios. In addition, the supplementary multi-agent evaluation contains only three underlying scenarios represented in two languages. Finally, the archived notebooks do not explicitly set Gemini generation parameters such as temperature, top-p or maximum output tokens; therefore, fixed values for these settings cannot be reported. These limitations are considered further in Chapter 6.
[bookmark: _Toc238381371]Chapter 4: Implementation and Results
[bookmark: _Toc238381372]4.1 Implementation Overview
The experiment was implemented in Python using Google Colab as the primary coding environment. Scenario data and reference information were loaded from structured CSV files. The Gemini 2.5 API was called for each system condition using the appropriate prompt or prompt sequence, and outputs were saved for later evaluation. Manual scoring was conducted against the rubric described in Chapter 3, and algorithmic rule validation was applied programmatically as a complementary cross-check. Graphs and statistical analyses were generated using standard Python libraries. The implementation was designed with reproducibility in mind, with the primary prompts, dataset structure, scoring rubric, analysis procedures and archived outputs documented in Appendix B.





[bookmark: _Toc238381331]Table 4 - Tools and libraries
	Tool or library

	Purpose in the study

	Google Colab

	Main coding and experiment environment

	Python

	Data processing, evaluation, and visualisation

	Pandas

	Loading, cleaning, and analysing CSV files

	Matplotlib

	Creating comparison graphs

	Google Gemini API

	Generating travel itineraries

	NumPy and SciPy

	Statistical calculations


[bookmark: _Toc238381373]
4.2 Implementation Environment
The experiments were implemented with Gemini 2.5 Flash through Google Colab and the Google Gemini API. The archived generation notebook explicitly records the model name as gemini-2.5-flash. API calls were made through SDK’s generate_content interface. The notebook does not set explicit temperature, top-p, maximum-output-token or generation seed values; those settings therefore remained at the API/SDK defaults in the archived implementation and are not reported as controlled experimental parameters. Both primary conditions used the same model and calling code, which preserves the within-case workflow comparison even though exact decoding parameters were not explicitly fixed.
[bookmark: _Toc238381374]



4.3 Final Dataset and Output Structure

[bookmark: _Toc238381332]Table 5 - Primary experiment scope
	Language condition
	Number of scenario-language cases
	System outputs per case
	Total generated outputs

	English

	20
	2
	40

	Bengali

	20
	2
	40

	Total

	40
	2
	80



Table 5 summarises the scope of the primary experiment. The evaluation comprised 40 scenario-language cases across two language conditions: English and Bengali, with 20 cases for each language. For every scenario-language case, both systems generated one output, resulting in 40 outputs per language condition and 80 generated outputs in total. This structure ensured that the two systems were evaluated on matched scenario content across both language conditions, enabling a consistent comparison of their performance.
[bookmark: _Toc238381375]4.4 Pilot Results
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[bookmark: _Toc238645893]Figure 5 - Pilot unsupported details: baseline in all three scenarios, structured pipeline in two.
The pilot revealed that unsupported details appeared in all three baseline outputs and two of the three structured outputs, providing preliminary evidence of a grounding advantage.
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[bookmark: _Toc238645894]Figure 6 - Pilot average overall validity score for baseline and structured-pipeline outputs.
Pilot average overall validity scores showed a small descriptive advantage for the structured agentic-style system (0.78 versus 0.67).
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[bookmark: _Toc238645895]Figure 7 - Pilot TravelPlanner format match for baseline and structured-pipeline outputs.
Neither system produced outputs that formally matched the TravelPlanner evaluation format in the pilot, indicating format adherence requires more explicit instruction.
[bookmark: _Toc238381333]Table 6 - Pilot study summary
	Pilot measure
	Non-agentic baseline
	Structured agentic-style pipeline


	Outputs with unsupported details

	3 out of 3
	2 out of 3

	Outputs matching TravelPlanner format

	0 out of 3
	0 out of 3

	Average overall validity score

	0.67
	0.78



The pilot indicated that both systems could produce usable plans and that the structured approach showed a small descriptive advantage on grounding. It also led to minor refinements in the rubric wording and prompt phrasing before the main experiment. In particular, the distinction between score levels 1 and 2 for accommodation support was clarified following pilot ambiguities.
[bookmark: _Toc238381376]4.5 Full Evaluation Results
[image: primary_results.png]
[bookmark: _Toc238645896]Figure 8 - Mean evaluation scores for the eight technical criteria and separate overall validity, n = 40.
Figure 8 summarises the eight technical criterion means and the separate holistic overall-validity mean for the 40 matched scenario-language pairs. The pattern is mixed: the structured pipeline is higher on hallucination control and holistic overall validity, whereas the baseline is higher on most constraints, feasibility, and completeness criteria.








[bookmark: _Toc238381334]Table 7 - Primary experiment, manual rubric scores, n = 40 matched pairs
	Evaluation metric
	Baseline mean
	Structured pipeline mean
	Mean paired difference, pipeline minus baseline

	Direction

	Hallucination control
	1.625
	1.825
	+0.200
	Structured pipeline higher


	Constraint satisfaction
	1.850
	1.675
	-0.175
	Baseline higher

	Budget adherence
	1.725
	1.725
	0.000
	Tied

	Date consistency
	1.875
	1.825
	-0.050
	Baseline higher


	Transport feasibility
	1.950
	1.900
	-0.050
	Baseline higher

	Accommodation support
	1.850
	1.675
	-0.175
	Baseline higher

	Itinerary completeness
	1.800
	1.675
	-0.125
	Baseline higher

	Language consistency
	2.000
	2.000
	0.000
	Tied

	Technical composite, 8 metrics only
	1.834
	1.788
	-0.046
	Baseline slightly higher

	Overall validity, holistic and separate
	1.550
	1.625
	+0.075
	Structured pipeline slightly higher



Across the eight technical criteria, the baseline is higher on five, the systems are tied on two, and the structured pipeline is higher on one. The largest baseline advantages occur in constraint satisfaction and accommodation support (both -0.175), followed by itinerary completeness (-0.125). The structured pipeline's largest advantage is hallucination control (+0.200). Overall validity is also higher for the structured pipeline by +0.075.
The primary criterion-level Wilcoxon results do not establish statistically significant differences after Holm correction. For hallucination control, the structured pipeline had a mean of 1.825 versus 1.625 for the baseline (mean paired difference = +0.200). The median paired difference was 0.000, and the 95% paired percentile-bootstrap CI for the mean difference was [-0.025, 0.400]. The Wilcoxon test gave W = 63.0, raw p = .0736 and Holm-adjusted p = .5155, with a rank-biserial effect of 0.4000; there were 14 Structured pipeline wins, 6 Baseline wins and 20 ties. For overall validity, the structured pipeline had a mean of 1.625 versus 1.550 for the baseline (mean paired difference = +0.075). The median paired difference was 0.000, with a 95% paired percentile-bootstrap CI of [-0.125, 0.300]. The Wilcoxon test gave W = 80.0, raw p = .4913 and Holm-adjusted p = 1.000, with a rank-biserial effect of 0.1579; there were 11 Structured pipeline wins, 8 Baseline wins and 21 ties. The results therefore support a descriptive trade-off rather than a claim of statistically significant superiority.
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[bookmark: _Toc238645897]Figure 9 - Difference between structured-pipeline and baseline average scores.
Figure 9 shows the 40 matched Structured pipeline-minus-Baseline differences for the two primary outcomes. The horizontal zero line denotes no paired change; the short horizontal marker within each outcome shows the median paired difference (0.000 for both outcomes).








[bookmark: _Toc238381335]Table 8 - Primary Inferential Results
	Primary outcome
	Baseline
	Structured pipeline
	Mean Δ
	Median Δ
	95% paired bootstrap CI

	Wilcoxon / effect

	Hallucination control
	1.625
	1.825
	+0.200
	0.000
	[-0.025, 0.400]
	W = 63.0; p = .0736; Holm p = .5155; r_rb = .4000; 14/20/6 wins/ties/losses


	Overall validity
	1.550
	1.625
	+0.075
	0.000
	[-0.125, 0.300]
	W = 80.0; p = .4913; Holm p = 1.000; r_rb = .1579; 11/21/8 wins/ties/losses




Note: Δ denotes Structured pipeline minus Baseline. Confidence intervals are 95% percentile intervals for the mean paired difference, based on 10,000 paired bootstrap resamples of the 40 scenario-language differences (random seed = 42). Holm-adjusted p-values shown here use the conservative nine-test family reported in the criterion-level analysis.
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[bookmark: _Toc238645898]Figure 10 - Win, tie and loss comparison between the baseline and structured agentic-style pipeline for the two primary outcomes
Figure 10 provides a case-level view of the two primary outcomes. For hallucination control, the structured pipeline performed better in 14 of the 40 matched cases, compared with 6 wins for the baseline, while 20 cases were tied. For overall validity, the structured pipeline recorded 11 wins and the baseline recorded 8, with 21 ties. Although the structured pipeline achieved more wins than the baseline on both outcomes, the high proportion of tied cases shows that differences between the systems were not consistent across the full sample. This supports the inferential results, which indicate a descriptive advantage for the structured pipeline but do not establish statistically significant superiority.
[bookmark: _Toc238381377]4.6 Algorithmic Rule Validation
A deterministic rule-based checker was applied to all 98 generated outputs, comprising 80 primary outputs and 18 supplementary outputs. The checker assessed structural properties such as date coverage, required-day coverage, accommodation support, origin and destination mention, supported food or attraction references, budget statements, transport support, and language consistency.
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[bookmark: _Toc238645899]Figure 11 - Mean structured-pipeline-minus-baseline differences across the eight technical criteria and separate overall validity.
The difference plot makes the trade-off visually clear: positive values favour the structured pipeline on hallucination control and overall validity, while negative values favour the baseline on most completeness and feasibility criteria.
[bookmark: _Toc238381336]














Table 9 - Deterministic rule failures, main experiment by system
	Rule
	Structured pipeline failure rate, per cent

	Baseline failure rate, per cent

	Requested dates covered

	40.0
	37.5

	Required days covered

	27.5
	17.5

	Supported accommodation or limitation noted

	22.5
	15.0

	Origin mentioned

	17.5
	15.0

	Supported food or attraction detected

	7.5
	5.0

	Stated total within budget

	5.0
	3.7

	Budget acknowledged

	2.5
	0.0

	Destination mentioned

	2.5
	2.5

	Supported transport detected

	0.0
	2.5

	Language consistent

	0.0
	0.0

	Output available

	0.0
	0.0



The rule-based results broadly converge with the manual pattern, particularly for accommodation and date-related omissions. In the main experiment, the structured pipeline had higher failure rates for requested-date coverage (40.0% versus 37.5%), required-day coverage (27.5% versus 17.5%), and supported accommodation or an explicit limitation note (22.5% versus 15.0%). These checks provide reproducible supporting evidence for the observed completeness trade-off, but they should not be described as independent human validation.
Note: Failure rates are calculated using the number of outputs for which each rule was applicable. Denominators therefore vary across rules. For example, the “stated total within budget” rule was applicable to 27 baseline outputs and 20 structured-pipeline outputs.
[bookmark: _Toc238381337]Table 10 - Rule validation summary scores
	System
	Mean validation score, per cent

	Pass rate, per cent

	Baseline

	94.11
	100.0

	Structured agentic-style pipeline

	93.68
	97.5



Table 10 summarises the overall rule-based validation performance for the two systems, showing similar mean validation scores and a slightly higher pass rate for the baseline.
[bookmark: _Toc238381378]4.7 Results by Language
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[bookmark: _Toc238645900]Figure 12 - Overall validity by language and system.
Both languages show the same descriptive direction for holistic overall validity: the structured pipeline is higher in English (1.70 versus 1.60) and Bengali (1.55 versus 1.50). The difference is larger in English (+0.10) than in Bengali (+0.05). These are descriptive language-level comparisons; the study does not claim a statistically significant language interaction.
[bookmark: _Toc238381338]Table 11 - Overall validity by language
	Language
	Baseline overall validity
	Structured pipeline overall validity


	English

	1.60
	1.70

	Bengali

	1.50
	1.55



The bilingual results suggest that the structured pipeline's modest holistic advantage was present in both languages, but the gain was smaller in Bengali. One possible explanation is that multi-stage instruction following or constraint extraction may be less reliable in Bengali, although this mechanism was not directly tested. The finding is therefore best treated as a descriptive indication that language may moderate the practical value of structured prompting.
[bookmark: _Toc238381379]4.8 Supplementary Three-System Evaluation
The supplementary evaluation examines a planner-checker-revision-validator workflow on three underlying scenarios represented in English and Bengali (six scenario-language cases). The archived notebook confirms completion of all six multi-agent workflows. For a reproducible quantitative comparison, this section reports the deterministic validator outputs retained in the project archive rather than the unsaved model-based nine-criterion evaluation.
[bookmark: _Toc238381339]Table 12 - Supplementary deterministic validation summary, n = 6 scenario-language cases per system
	System
	Outputs
	Mean validation score (%)
	Median validation score (%)


	Baseline
	6
	93.64
	90.91


	Structured pipeline

	6
	93.64
	90.91

	Multi-agent
	6
	93.64
	95.45




Table 12 reports the deterministic validation archived results. The mean validation score was identical across the three systems at 93.64%. The multi-agent condition had a higher median score (95.45% versus 90.91%), but its strict pass rate was lower because one of six outputs was classified as Pass with limitations. With only three underlying scenarios, these values are descriptive and do not demonstrate superiority of any system.
[bookmark: _Toc238381380]4.9 Repair Stage
Two outputs that failed initial rule validation were subjected to a targeted repair stage in which identified issues were addressed.

[bookmark: _Toc238381340]Table 13 - Targeted repair results
	Measure

	Value

	Number of repair candidates

	2

	Mean score before repair, per cent

	75

	Mean score after repair, per cent

	95

	Mean score improvement, percentage points

	+20

	Outputs reaching Pass after repair

	2 out of 2

	Repair success rate, per cent

	100



In the two cases examined, the repair stage resolved the identified validation failures: the mean validation score increased from 75% before repair to 95% after repair, and both candidates passed after repair. Because only two candidates were repaired, this should be treated as preliminary evidence rather than an estimate of a general repair success rate.
[bookmark: _Toc238381381]Chapter 5: Discussion
[bookmark: _Toc238381382]5.1 Interpreting the Findings
The primary results do not support a general claim that the structured agentic-style pipeline is better than direct generation. Instead, the 40 matched cases show a consistent trade-off: the structured pipeline is more successful at avoiding unsupported details, while the baseline performs better on several aspects of completeness and feasibility. The inferential tests strengthen the interpretation by showing that neither of the two primary outcomes reached statistical significance after Holm correction.
[bookmark: _Toc238381383]5.2 RQ1: Does the Structured Pipeline Produce Fewer Groundedness Errors?
RQ1 is supported descriptively but not inferentially. Hallucination control was higher for the structured pipeline (1.825 versus 1.625), a mean difference of +0.200. The paired Wilcoxon test gave W = 63.0 and a raw p-value of .0736; after Holm correction across the nine criterion-level tests, the adjusted p-value was .5155. The rank-biserial effect was 0.4000, and the paired results contained 14 Structured pipeline wins, 6 Baseline wins, and 20 ties. The result therefore suggests a meaningful descriptive tendency towards better grounding, but it is not statistically significant under the study's multiple-testing correction.
The absolute scores are also informative. The baseline mean of 1.625 indicates that most outputs were already reasonably well grounded, leaving limited room for improvement. The structured pipeline moved the mean closer to the maximum score of 2.0, but the uncertainty around the paired comparison means that this improvement should be treated as a pattern to investigate rather than a demonstrated effect.
A plausible explanation is that the ordered constraint-identification instructions focus the model on information explicitly represented in the scenario and reference data. It may also encourage a more cautious generation style, reducing the tendency to assert details that are not clearly supported. These are possible mechanisms rather than mechanisms established by the experiment; testing them would require targeted ablation studies.
[bookmark: _Toc238381384]5.3 RQ2: Does the Structured Pipeline Improve Constraint Adherence?
RQ2 is not supported as a general improvement claim. The baseline scored higher on constraint satisfaction (1.850 versus 1.675), date consistency (1.875 versus 1.825), transport feasibility (1.950 versus 1.900), accommodation support (1.850 versus 1.675), and itinerary completeness (1.800 versus 1.675). Budget adherence was identical at 1.725, while language consistency was 2.000 for both systems. None of the nine criterion-level Wilcoxon comparisons was statistically significant after Holm correction, so these differences should be interpreted as descriptive.
The pattern is consistent with a caution-completeness trade-off. The structured pipeline appears less willing to assert unsupported details, but that caution can also lead to omissions. The rule checker supports this interpretation: structured outputs had higher failure rates for date coverage, required-day coverage, and accommodation support. The evidence therefore points to a change in error type rather than a simple reduction in all errors.
This result demonstrates why a single aggregate score would have been insufficient. A grounding-only evaluation would favour the structured pipeline, while a completeness-oriented evaluation would favour the baseline. Separating the criteria makes the trade-off visible and avoids turning a mixed result into an overly broad claim of superiority.
The largest descriptive disadvantages for the structured pipeline were accommodation support and constraint satisfaction (-0.175 each), followed by itinerary completeness (-0.125). Smaller differences occurred regarding date consistency (-0.050) and transport feasibility (-0.050). These differences suggest that omission is concentrated in particular parts of the itinerary rather than being uniformly distributed across the task.
[bookmark: _Toc238381385]5.4 RQ3: How Does Performance Differ Between English and Bengali?
RQ3 shows the same descriptive direction in both languages. Overall validity was 1.70 for the structured pipeline versus 1.60 for the baseline in English, and 1.55 versus 1.50 in Bengali. The smaller Bengali gap should not be over-interpreted because no formal interaction test was conducted. One possible explanation, which was not directly tested, is that the model may follow complex multi-stage instructions less consistently in Bengali, reducing the benefit of the structured workflow.
[bookmark: _Toc238381386]5.5 RQ4: What Error Patterns Were Most Common?
The most prominent rule-based failures in the main experiment concerned requested-date coverage (40.0% for the structured pipeline versus 37.5% for the baseline), required-day coverage (27.5% versus 17.5%), and supported accommodation or an explicit limitation note (22.5% versus 15.0%). These are primarily omission-type failures. The manual scores show the same broad pattern, particularly for accommodation support and itinerary completeness.
The agreement between manual scoring and deterministic checking provides converging evidence that the pattern is not solely a product of the manual scoring procedure. However, the rule checker is not an independent human evaluator and does not establish inter-rater reliability. Its value is instead that it provides a reproducible structural cross-check of selected properties.
[bookmark: _Toc238381387]5.6 RQ5: What Does the Multi-Agent Extension Add?
RQ5 remains exploratory. The archived multi-agent notebook confirms completion of the planner-checker-revision-validator workflow for six scenario-language cases, while the deterministic validator gives the reproducible quantitative comparison. Mean deterministic validation scores were 93.64% for the baseline, 93.64% for the structured pipeline and 93.64% for the multi-agent condition. Median scores were 90.91%, 90.91% and 95.45%, respectively. Pass rates were 100% for baseline and structured outputs; the multi-agent outputs had an 83.33% pass rate and 16.67% pass-with-limitations rate. These results do not show a clear quantitative advantage for the more complex workflow. The separate repair exercise is more informative about the value of acting on detected errors: both of the two targeted repair candidates passed after repair, although n = 2 is far too small for a general effectiveness claim.
The supplementary results therefore do not demonstrate that adding a validator improves performance. They do, however, motivate a useful engineering question: whether validation becomes more valuable when it is followed by targeted repair. In the separate repair exercise, both of the two candidates passed after repair, but n = 2 is far too small to estimate a general success rate. The appropriate conclusion is that repair is promising enough to justify a larger controlled experiment.
[bookmark: _Toc238381388]5.7 Statistical Robustness and Uncertainty
Statistical analysis of the primary experiment provides a more cautious picture than the descriptive means alone. For hallucination control, the mean paired difference was +0.200, the median paired difference was 0.000, and the 95% paired bootstrap CI for the mean difference was [-0.025, 0.400]. The Wilcoxon test produced W = 63.0, raw p = .0736, Holm-adjusted p = .5155, and a rank-biserial effect of 0.4000. Overall validity showed a mean paired difference of +0.075, a median difference of 0.000, and a 95% paired bootstrap CI of [-0.125, 0.300], with W = 80.0, raw p = .4913, Holm-adjusted p = 1.000, and a rank-biserial effect of 0.1579. None of the nine criterion-level comparisons was significant after Holm correction. No inferential significance test is reported for the supplementary arm because the archived work does not contain a persisted final supplementary scoring table sufficient to reproduce the previously drafted inferential statistics.
[bookmark: _Toc238381389]5.8 Relationship to Literature
The findings add a more balanced perspective to the literature on structured and agentic-style prompting. Prior work has shown that decomposition, planning prompts, and tool-augmented workflows can improve performance on selected tasks [13], [14], but the present results show that prompt-based decomposition alone does not guarantee an across-the-board improvement. In this implementation, the main benefit was better grounding, while several completeness and feasibility measures moved in the opposite direction. The result is consistent with the TravelPlanner emphasis on evaluating grounding and constraint satisfaction rather than relying on fluent output alone [8].
[bookmark: _Toc238381390]5.9 The Grounding-Completeness Trade-off in Context
The central trade-off can be understood as a difference between cautious and expansive generation. The structured pipeline explicitly identifies constraints before generation, which may reduce commission errors such as unsupported claims. At the same time, the model may become more reluctant to supply details that are not directly foregrounded, increasing omission errors. The direct baseline is freer to produce a fuller itinerary, but that freedom can also increase the opportunity for unsupported details.
Conceptually, this pattern resembles a precision-recall trade-off, although precision and recall were not calculated directly in this study. The analogy is useful because it captures the tension between asserting fewer unsupported details and providing a complete set of useful details. It should be treated only as an interpretive analogy, not as a claim that the study measured precision or recall.
The findings also show why agentic-style systems should be evaluated across multiple dimensions. A system can improve factual grounding while becoming less complete, and a single aggregate score can hide that change. For real travel planning, users need both reliable facts and sufficient itinerary detail. Evaluation frameworks should therefore report the component dimensions as well as any composite or holistic judgement.
The smaller Bengali improvement adds another layer of uncertainty. The structured pipeline's holistic advantage was +0.10 in English but only +0.05 in Bengali. This may indicate that the effectiveness of multi-stage prompting depends partly on language, but the present design does not isolate the cause. Future work should evaluate language-specific prompt formulations and measure the quality of constraint extraction directly.
[bookmark: _Toc238381391]5.10 Practical Implications
Four practical implications follow. First, structure alone is not enough: the ordered constraint-aware prompt improved grounding descriptively but did not improve the broader set of planning criteria. Second, deterministic validation is useful as a post-generation quality check, particularly for dates, accommodation and required itinerary components. Third, validation may be more useful when paired with repair. The two repaired cases both passed after intervention, providing preliminary evidence that a repair stage deserves a larger controlled evaluation. Finally, multilingual systems should be evaluated separately by language rather than assuming that a strategy that works in English will transfer unchanged.
[bookmark: _Toc238381392]Chapter 6: Conclusion and Future Work
[bookmark: _Toc238381393]6.1 Conclusion
In the 40-case bilingual primary experiment, the structured agentic-style pipeline achieved higher mean scores for hallucination control (1.825 versus 1.625) and holistic overall validity (1.625 versus 1.550). However, the baseline was higher on five of the eight technical criteria, the systems were tied on two, and the structured pipeline was higher on one. The eight-criterion technical composite was 1.834 for the baseline and 1.788 for the structured pipeline. The two primary Wilcoxon tests did not identify statistically significant differences after the conservative Holm correction across all nine criterion-level tests.
The supplementary planner-checker-revision-validator workflow was completed for six scenario-language cases. Archived deterministic validation produced the same mean score (93.64%) for all three systems, with a slightly higher median for the multi-agent outputs but a lower strict pass rate. The supplementary evidence therefore does not establish an advantage for the more complex workflow. The targeted repair exercise resolved both of the two selected validation failures, but that sample is too small to support a general claim about repair effectiveness.
The main conclusion is therefore deliberately narrow. Within this implementation, explicit constraint extraction improved grounding descriptively but did not produce a statistically significant improvement in the two primary outcomes and did not improve the broader set of itinerary-quality criteria. The structured workflow changes the balance of errors rather than removing them: it appears to reduce some unsupported details while increasing omissions in areas such as accommodation and completeness.
The study also demonstrates the value of combining manual rubric scoring with deterministic structural checks. The two approaches point to the same broad trade-off, while serving different purposes. The manual rubric captures overall usefulness and nuanced judgement; the rule checker provides reproducible checks of selected structural properties. Together they provide converging evidence without being treated as equivalent forms of validation.
These conclusions apply only to the Gemini 2.5 prompt-based implementation evaluated here. They should not be generalised to fully autonomous agentic systems, tool-using agents, retrieval-augmented systems, or other models without further evidence.
[bookmark: _Toc238381394]6.2 Contribution of the Study
This study makes three main contributions. First, it provides matched bilingual evidence of a descriptive grounding-completeness trade-off, in which structured constraint-aware prompting produced higher grounding scores but lower scores on several completeness-related criteria. Second, it provides an eight-criterion technical evaluation framework with explicit behavioural anchors, a separate holistic validity judgement, deterministic rule checks, and paired statistical analysis. Third, it provides exploratory evidence on planner-checker-revision-validator and repair stages, showing why validation and repair deserve separate evaluation rather than being assumed to improve planning automatically.
[bookmark: _Toc238381395]6.3 Limitations
First, all primary manual rubric scoring was completed by a single researcher. No independent second evaluator or blinded second scoring pass was conducted, so formal inter-rater and intra-rater reliability could not be calculated. The deterministic rule-based checker provides a reproducible complementary cross-check on selected structural properties, but it does not replace independent human agreement.
Second, the primary sample was not stratified across TravelPlanner difficulty. The completed experiment used scenario IDs 1-20 in both languages, and all 20 underlying cases were labelled easy with no additional local constraints. The findings therefore apply most directly to this easier subset and should not be generalised to more constrained or difficult planning cases without further testing.
Third, only Gemini 2.5 Flash and TravelPlanner-derived scenarios were tested, so generalisability to other models, datasets, domains and languages is limited. The archived generation notebook also does not explicitly set temperature, top-p, maximum output tokens or a generation seed. Although both primary systems used the same model and API pathway, exact decoding settings were not controlled in the saved implementation.
Fourth, the structured pipeline used no live tools, dynamic retrieval, persistent memory or autonomous action. Results may therefore differ substantially for systems with external evidence or iterative tool use. 
Fifth, the supplementary comparison contains only three underlying scenarios represented in two languages. Its archived deterministic results are descriptive, and the absence of a persisted final supplementary rubric-score table prevents independent reproduction of the previously drafted inferential analysis. 
Sixth, the repair exercise involved only two candidates. The 100% post-repair pass rate describes those two cases and is not an estimate of general repair effectiveness.
[bookmark: _Toc238381396]6.4 Future Work
Several directions would strengthen the study. First, a fourth experimental condition should assess generation plus validation plus repair on a larger sample. Second, deterministic checks could be integrated into the generation loop so that the model receives explicit feedback before the final answer is produced. Third, retrieval-augmented generation could be tested to determine whether external evidence reduces hallucination without increasing omission. Fourth, future evaluations should use multiple blinded raters and report an appropriate inter-rater reliability statistic. Fifth, the experiment should be repeated across models, languages, and benchmark families. Sixth, scenario-level moderators such as budget tightness and constraint density should be analysed to identify where structured prompting helps or harms most.
Further work should also examine prompt design directly. Variations in the constraint-extraction instructions, generation prompt, and validator criteria may change the balance between grounding and completeness. A useful test would be to add an explicit instruction to include all relevant supported details after the constraints have been extracted, then compare whether this reduces omission without reintroducing unsupported content.
Finally, future work should consider user preferences and practical utility. A controlled user study could examine whether travellers prefer a shorter, more cautious plan or a fuller plan containing a small number of uncertain details. Hybrid systems combining structured prompting, retrieval, deterministic checks, and repair may provide a more reliable route to practical travel planning than increasing workflow complexity alone.
[bookmark: _Toc238381397]6.5 Final Reflection
This project began with the expectation that a more structured workflow would generally outperform direct generation. The results were more nuanced. Structure helped with grounding, but it did not solve completeness and feasibility problems, and the primary statistical tests did not show significant differences after correction. The most useful lesson is therefore not that one architecture is universally better, but that reliable planning depends on how different safeguards work together. A practical system is likely to need structure to identify constraints, evidence to support factual claims, deterministic checks to catch omissions, and repair to correct the problems that remain.
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[bookmark: _Toc238381399]Appendix A: Complete Scoring Rubric and Examples
[bookmark: _Toc238381400]A.1 Full Rubric with Behavioural Anchors
The full rubric, repeated from Chapter 3 for convenience, is shown in Table A.1.


Table A.1 Complete evaluation rubric
	Metric
	0: Failed
	1: Partial
	2: Full


	Hallucination control
	Material unsupported entities present
	Largely grounded with one minor ambiguity

	All entities traceable to reference

	Constraint satisfaction
	Hard constraint violated
	Core constraints respected, one ambiguity

	All constraints respected

	Budget adherence
	Exceeds budget or unsupported costs
	Incomplete cost but no confirmed overrun

	All costs supported, total within budget

	Date consistency
	Wrong dates, duration, or impossible sequence

	Mostly correct, one ambiguity
	All dates and sequences consistent

	Transport feasibility
	Impossible or unsupported connections

	Largely supported, one ambiguous leg
	All transport supported and feasible

	Accommodation support
	Invented or contradicted
	Some details supported, important fields missing

	Fully supported by reference data

	Itinerary completeness
	Major components missing
	Covers trip but thin on one day

	Each day meaningfully covered

	Language consistency
	Wrong language or mixing
	Mostly target language, isolated issues

	Consistently natural target language

	Overall validity
	Materially unusable
	Usable in principle, notable weaknesses

	Coherent, grounded, and usable


[bookmark: _Toc238381401]A.2 Worked Scoring Example
Scenario: three-day Washington to Myrtle Beach, budget 1,400 US dollars, self-driving option available.
Baseline output excerpt. Day one, self-driving to Myrtle Beach for 34 dollars. Stay at Yellow submarine for 179 dollars per night. Dinner at First Eat for 21 dollars. Day two, visit WonderWorks, lunch at Nagai for 19 dollars, afternoon at Broadway at the Beach, dinner at d Curry House for 33 dollars. Day three, morning at Myrtle Beach State Park, return self-driving for 34 dollars.
Scoring rationale. Hallucination control: all entities, including yellow submarine, First Eat, WonderWorks, Nagai, Broadway at the Beach, d Curry House, and Myrtle Beach State Park, appear in the reference data. Score 2. Budget adherence: transport 68 dollars, accommodation 358 dollars, food approximately 101 dollars, total approximately 527 dollars, well within 1,400 dollars. Score 2. Accommodation support: Yellow submarine is listed with price, room type, house rules, and minimum nights. Score 2.
[bookmark: _Toc238381402]A.3 Borderline Example
Same scenario. Structured pipeline output correctly avoids inventing entities but does not explicitly name an accommodation, stating only "check into your accommodation" without identifying a supported option.
Scoring rationale. Hallucination control: no invented entities. Score 2. Accommodation support: no specific accommodation from the reference is named, and important fields are missing. Score 1.
This illustrates the core trade-off observed in the study. The cautious structured output avoids hallucination but omits a concrete accommodation reference, lowering its completeness score.
[bookmark: _Toc238381403]Appendix B: Reproducibility Details
Primary evaluation data source. The 40-case primary analysis was reconstructed from the supplied evaluation archive containing 80 evaluated rows: 40 Baseline and 40 structured pipeline outputs, with 20 English and 20 Bengali scenario-language cases. The file used for the final statistical check was travelplanner_evaluation_working.csv.
[bookmark: _Toc238381404]B.1 Model and Parameters
- Model: Gemini 2.5 Flash (gemini-2.5-flash)
- API access date and experiment run dates: May to August 2026
- Temperature: not explicitly set in the archived generation notebook (API/SDK default used)
- Top-p: not explicitly set in the archived generation notebook (API/SDK default used)
- Maximum output tokens: not explicitly set in the archived generation notebook (API/SDK default used)
- Platform: Google Colab
- Python version: 3.12
- Key libraries: Pandas, NumPy, SciPy, Matplotlib (exact package versions not captured in the archive).
- Generation seed: not explicitly set in the archived generation notebook. The statistical bootstrap analysis used random seed 42.
[bookmark: _Toc238381405]B.2 Prompts
Baseline prompt (final generation function): "You are a travel planning assistant. Target response language: {language}. Use ONLY the provided reference information. Do not invent hotels, restaurants, flights, attractions, transport options, prices, or activities. If something is not available in the provided reference information, clearly state that it is not available. Travel request: {query_text}. Provided reference information: {reference_information}. Task: Create a clear day-by-day travel plan directly from the travel request and the provided reference information. Important rules: respond ONLY in {language}; do not switch language; do not use outside knowledge; do not invent unsupported details."
Structured agentic-style prompt (final generation function): "You are an expert travel planning agent. Target response language: {language}. Use ONLY the provided reference information and do not invent unsupported details. Before writing the final itinerary: (1) identify origin, destination, dates, duration, travellers and budget; (2) identify available reference information; (3) check whether transport, accommodation, restaurants and attractions are supported; (4) create a day-by-day itinerary using only supported information; (5) check dates, budget and user constraints; and (6) state when information is missing rather than guessing. Travel request: {query_text}. Provided reference information: {reference_information}. Respond ONLY in {language}, do not use outside knowledge, and return a clear day-by-day plan."
Implementation note: the archived primary generation notebook implements the structured condition as one prompt containing an explicit ordered checking/decomposition sequence before the final answer. It does not make a separate API call for a persisted stage-one constraint list. The term "two-stage" therefore describes the prompted reasoning structure, not two independently executed model calls.
Supplementary workflow: the archived notebook implements separate Planner, Checker, Revision and Final Validator calls. The final validator checks origin/destination/dates/travellers, outward and return journeys, support for named entities, unsupported details, known-cost arithmetic, labelling of unavailable costs, budget certainty, schedule completeness and output language, returning APPROVED, APPROVED WITH LIMITATIONS or REVISION REQUIRED.
[bookmark: _Toc238381406]B.3 Data Dictionary
Primary evaluation CSV columns: scenario_id, underlying scenario identifier (1-20, repeated across English and Bengali); language; system_type (Baseline or Agentic); query_text; reference_information; generated_output; generation_status; nine rubric score columns from hallucination_score through overall_validity_score; and evaluation_notes. The primary evaluation file contains 80 rows because each of the 40 scenario-language cases has one Baseline and one Agentic output.
[bookmark: _Toc238381407]B.4 Analysis and Archive
The supplied research archive contains the generation notebooks, the completed 40-case primary output CSV, the 80-row primary evaluation CSV, the 200-row prepared bilingual input/results files, the supplementary multi-agent notebook, and deterministic validation/repair CSVs. Generation code includes retry logic and intermediate backups. One missing Bengali Agentic output (scenario 11) was explicitly rerun and then saved into the completed primary file. The archive does not contain a persisted final supplementary nine-criterion scored table, so supplementary inferential statistics are not reported in the final dissertation.
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