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[bookmark: _Toc232081714]Agentic vs Non-Agentic LLMs for Multilingual Travel Planning
[bookmark: _Toc232081715]1. Abstract 
Large language models are increasingly used for tasks that require structured reasoning, yet their reliability in producing constraint valid plans remains uncertain, particularly when tasks involve more than one language. This study investigates whether an agentic pipeline built using the LangChain framework, which enables iterative planning and self-correction, produces more accurate travel itineraries than a standard non agentic Gemini model that generates responses in a single step.
The evaluation uses the TravelPlanner benchmark [1], a publicly available dataset containing realistic travel scenarios with explicit budget, timing, and geographic constraints. The study examines performance in English, a high resource language, and Bengali, a widely spoken but comparatively lower resource language.
All outputs are assessed using automated rule-based checks that measure budget adherence, temporal consistency, and geographic plausibility. No human participants are involved. The expected outcome is that the agentic system will reduce constraint violations in both languages, although a noticeable performance gap is anticipated for Bengali. The findings aim to contribute new multilingual evidence to ongoing discussions on the reliability of agentic reasoning in large language models and whether these benefits extend across different language communities.
[bookmark: _Toc232081716]2. Introduction
Planning a journey involves coordinating budgets, travel times, and geographic constraints, making it a demanding test of structured reasoning for artificial intelligence systems. Although large language models such as Gemini and GPT‑4 can generate fluent and plausible itineraries, research shows that single‑pass models often produce hidden errors, including unrealistic timings, budget violations, and geographically inconsistent routes [1], [2], [3]. This gap between fluency and constraint‑aware reasoning has motivated interest in agentic architectures, which allow models to break tasks into smaller steps, use external tools, and revise their outputs iteratively [4]. However, most evidence for these benefits comes from English‑only studies.
This raises important questions for lower‑resource languages such as Bengali, which is spoken by more than 230 million people but remains underrepresented in LLM training data [5]. If agentic reasoning improves planning reliability only in high‑resource languages, this will have implications for fairness and accessibility in multilingual AI systems.
To address this gap, the present study compares a non‑agentic Gemini baseline with an agentic LangChain pipeline using the TravelPlanner benchmark [1] in both English and Bengali. Outputs are evaluated using automated rule‑based checks to ensure consistency and reproducibility. The remainder of this proposal outlines the research objectives, significance, literature context, methodology, timeline, and expected findings.
[bookmark: _Toc232081717]3. Research Objectives
This study pursues four specific and measurable objectives, each aligned with the central research question and directly supported by the methodology described in Section 6.
Objective 1: To establish a performance baseline for a standard non-agentic Gemini model on the TravelPlanner benchmark in English, measuring constraint satisfaction across budget, timing, and geographic dimensions.
Objective 2: To evaluate the constraint satisfaction performance of an agentic LangChain pipeline on the same benchmark and using identical metrics, enabling a direct and controlled comparison with the baseline.
Objective 3: To replicate both evaluations using Bengali-language scenario inputs, to examine whether the relative performance of the two systems is maintained, reduced, or reversed when operating in a lower-resource language.
Objective 4: To quantify the cross-language performance gap for both systems and identify which constraint types are most affected by language resource level, providing evidence relevant to the equitable deployment of AI planning tools.
[bookmark: _Toc232081718]4. Importance of Research
[bookmark: _Toc232081719]4.1 Scientific Value
This study offers a timely and original contribution to three active areas of research. The first concerns the evaluation of large language models on structured planning tasks. Although recent work has highlighted the limitations of single‑pass LLMs in producing logically coherent itineraries [1], [3], there remains a shortage of controlled comparisons between agentic and non‑agentic systems on standardised benchmarks. By directly contrasting a Gemini baseline with a LangChain agentic pipeline on the TravelPlanner dataset, the study provides empirical evidence that responds to calls for more rigorous and reproducible evaluation frameworks within the LLM literature [6].
The second contribution lies in the multilingual dimension. Existing research on agentic reasoning has focused entirely on English, even though many widely spoken languages remain underrepresented in model training data. Bengali is a clear example of this imbalance [5]. By examining performance in both English and Bengali, the study generates new insights into how agentic reasoning behaves across languages with different resource levels. This fills a notable gap in the literature on multilingual NLP and contributes to a more inclusive understanding of LLM capabilities.
The third scientific contribution arises from the use of a publicly available benchmark. Because TravelPlanner provides ground‑truth constraints and deterministic evaluation scripts, the results of this study can be replicated and extended by future researchers. This strengthens the cumulative value of the findings and supports the development of more reliable evaluation methodologies for LLM planning systems.
[bookmark: _Toc232028314][bookmark: _Toc232081720]4.2 Practical Value
The practical relevance of this research is equally significant. Travel planning is one of the most commercially promising applications of generative AI, and major technology companies are already integrating LLM‑based itinerary generation into consumer products. However, these systems are often deployed without systematic constraint checking, which can lead to itineraries that are attractive in language but unworkable in practice. By quantifying the extent to which an agentic pipeline improves constraint satisfaction, the study provides evidence that can inform the design of safer and more reliable AI travel assistants.
The multilingual findings also carry important implications for fairness and accessibility. If Bengali users receive less accurate or less reliable travel plans than English users, this raises concerns about the equitable distribution of AI benefits. Given the global scale of the Bengali‑speaking population, understanding whether agentic reasoning reduces or exacerbates this disparity is essential for responsible deployment. The study therefore offers practical guidance for developers, policymakers, and organisations seeking to ensure that AI‑driven planning tools serve diverse language communities effectively.
[bookmark: _Toc232081721]5. Literature Review
[bookmark: _Toc232081722]5.1 LLM Performance on Planning Tasks
Research on the planning capabilities of large language models has grown rapidly in recent years, particularly as these systems are increasingly used for tasks that require structured reasoning. Zhu et al. [1] introduced the TravelPlanner benchmark to evaluate how well LLMs manage realistic travel scenarios that contain explicit numeric constraints. Their findings showed that even advanced models such as GPT‑4 frequently produced itineraries that violated budgets, relied on impossible timings, or ignored geographic feasibility. This work established a clear distinction between linguistic fluency and constraint‑aware reasoning, demonstrating that a model can generate persuasive text while failing to satisfy objective requirements.
Valmeekam et al. [3] extended this critique by evaluating LLMs across a broader range of planning and reasoning tasks. They found that single‑pass models often failed to respect constraints even when those constraints were explicitly stated in the prompt. Their analysis suggested that current LLMs lack the internal mechanisms required for reliable multi‑step reasoning, particularly when tasks involve arithmetic, temporal logic, or spatial consistency. These findings provide a strong motivation for exploring alternative architectures that can support more deliberate forms of reasoning.
[bookmark: _Toc232081723]5.2 Agentic Architectures and LangChain
Agentic systems have emerged as a promising response to the limitations of single‑pass generation. Rather than producing an answer in one step, an agentic architecture allows the model to plan, use external tools, and revise its outputs through iterative cycles [4]. The LangChain framework has become a widely adopted platform for building such systems, offering structured components for task decomposition, tool invocation, and self‑verification [7].
Several influential studies have demonstrated the potential of agentic reasoning. Yao et al. [8] introduced the ReAct framework, which integrates reasoning and acting steps within the model’s context window. This approach improved performance on tasks that require both decision making and access to external information. Shinn et al. [9] proposed Reflexion, a method that enables models to generate feedback on their own outputs and use this feedback to refine subsequent attempts. Reflexion achieved notable gains on sequential decision tasks, suggesting that iterative self‑correction can compensate for some of the weaknesses of single‑pass inference.
Although these studies provide encouraging evidence, they have been conducted entirely in English. The extent to which agentic reasoning generalises to lower‑resource languages remains unexplored, creating a significant gap in the literature.
[bookmark: _Toc232081724]5.3 Multilingual NLP and Lower‑Resource Languages
Performance disparities across languages are a well‑documented challenge in multilingual NLP. Ruder et al. [10] highlight that languages with limited representation in training corpora consistently show weaker performance on downstream tasks. Bengali, despite being spoken by more than 230 million people, accounts for a small proportion of the data used to train many large language models [5]. This imbalance places Bengali at a disadvantage relative to high‑resource languages such as English.
Ahuja et al. [11] evaluated GPT‑4 across thirty languages and found that performance declined sharply for lower‑resource languages, particularly on tasks that require complex reasoning rather than simple pattern recognition. Hasan et al. [12] further observed that Bengali presents additional challenges due to its rich morphology and the differences between formal and colloquial registers. These linguistic characteristics can make it more difficult for models to parse and generate reliable text, which may in turn affect the effectiveness of agentic self‑checking.
Taken together, these findings suggest that the benefits of agentic reasoning may not transfer uniformly across languages. Understanding whether agentic pipelines reduce or amplify multilingual performance gaps is therefore an important research question.
[bookmark: _Toc232081725]5.4 Automated Evaluation of LLM Outputs
The choice to use automated evaluation rather than human annotation is supported by a growing body of methodological research. Chang et al. [6] note that rule‑based metrics offer strong advantages for tasks with clearly defined correctness criteria, including consistency, scalability, and reproducibility. Travel planning is well suited to this approach because budgets, travel times, and distances can be evaluated deterministically.
The TravelPlanner dataset was designed with this type of evaluation in mind. Each scenario includes ground‑truth values that allow generated itineraries to be assessed automatically [1]. This alignment between dataset design and evaluation method strengthens the reliability of the present study and ensures that results can be replicated by future researchers.
[bookmark: _Toc232081726]6. Research Question and Hypotheses 
[bookmark: _Toc232081727]6.1 Research Question
The central question guiding this study is whether an agentic large language model pipeline, implemented through the LangChain framework, produces a higher proportion of constraint‑valid travel plans than a standard non‑agentic Gemini model. The study also examines whether this performance difference is consistent across English and Bengali inputs. This question reflects two core concerns in the current literature: the reliability of agentic reasoning for structured planning tasks [1], [3], and the extent to which such benefits are equitably distributed across languages with different resource levels [5], [11].
[bookmark: _Toc232081728]6.2 Hypotheses
The study proposes three hypotheses; each aligned with the research objectives and grounded in existing empirical findings.
H1: The agentic LangChain pipeline will achieve a significantly higher overall constraint satisfaction rate in English than the non‑agentic Gemini baseline. This expectation is supported by prior work showing that iterative self‑checking can reduce planning errors in English‑language tasks [1], [8], [9].
H2: Both systems will show reduced constraint satisfaction rates in Bengali compared with English. This reflects the well‑established pattern that lower‑resource languages tend to yield weaker performance on tasks requiring complex reasoning [10], [11], [12].
H3: The performance advantage of the agentic system will be smaller in Bengali than in English. Agentic reasoning relies on the model’s ability to interpret and generate text accurately during each revision cycle, and this process may be less reliable in a lower‑resource language such as Bengali [5], [12].
These hypotheses are testable using quantitative comparisons of binary pass or fail outcomes for each scenario. Statistical significance will be assessed using Fisher’s exact test, with effect sizes reported using Cohen’s h. Each hypothesis maps directly to the study’s objectives, ensuring a coherent and logically structured evaluation framework.
[bookmark: _Toc232081729]7. Research Design and Methodology 
[bookmark: _Toc232081730]7.1 Overview
This study adopts a quantitative comparative design to evaluate the performance of two large language model architectures on structured travel planning tasks. Both systems receive identical inputs drawn from the TravelPlanner benchmark [1], and both are assessed using the same automated rule‑based evaluation framework. The design ensures that any observed differences in performance can be attributed to the system architecture rather than to variation in prompts, datasets, or evaluation procedures. Figure 1 provides a conceptual overview of the experimental pipeline, which proceeds from scenario input to model output and then to automated constraint checking.
[image: ]
[bookmark: _Toc232028410]Figure 1 - Experimental pipeline.
Both systems receive identical TravelPlanner scenario inputs, and their outputs are evaluated by the same automated rule‑based evaluator. CSR refers to the Constraint Satisfaction Rate.
[bookmark: _Toc232081731]7.2 Dataset
The TravelPlanner dataset contains 1,225 scenarios that simulate realistic travel planning tasks of varying complexity, including two-day, three days, and five-day itineraries [1]. Each scenario specifies a departure location, a destination, a budget, and additional constraints such as accommodation preferences or dietary requirements. The dataset also provides ground‑truth information about distances, travel times, and typical costs, which enables deterministic evaluation of generated plans.
A stratified random sample of two hundred scenarios will be selected for this study. The sample will be balanced across trip lengths to ensure that the evaluation reflects the full range of scenario complexity. Bengali versions of the prompts will be produced through careful translation of the original English scenarios. All numeric values, including budgets, dates, and distances, will be preserved exactly. A manual verification step will confirm that the translated prompts remain faithful to the original constraints.
[bookmark: _Toc232081732]7.3 System A: Non‑Agentic Gemini Baseline
The first system is a standard non‑agentic configuration of the Gemini model (gemini‑1.5‑pro), accessed through the Google AI Studio SDK. Each scenario is submitted as a single prompt, accompanied by a consistent system instruction that requests a structured travel plan. The model produces one complete itinerary per scenario without any opportunity for revision, tool use, or self‑checking. The temperature parameter is set to zero to maximise determinism and ensure that repeated runs yield identical outputs. This configuration is applied to both English and Bengali inputs.
[bookmark: _Toc232081733]7.4 System B: Agentic LangChain Pipeline
The second system is an agentic pipeline constructed using the LangChain framework (Python SDK version 0.2 or later). The pipeline consists of three components. The first is a planner agent that generates an initial itinerary. The second is a constraint checker that evaluates the draft plan against the scenario’s budget, timing, and geographic requirements. The third is a reviser agent that receives structured feedback from the checker and produces an improved version of the plan. The pipeline allows up to three revision cycles per scenario to balance performance gains with computational cost. Importantly, both the planner and reviser agents use the same underlying Gemini model as the baseline system. This ensures that any performance differences arise from the agentic architecture rather than from differences in model capability.
[bookmark: _Toc232081734]7.5 Evaluation Metrics
The study employs four evaluation metrics, each designed to capture a distinct dimension of constraint satisfaction. These metrics, presented in Table 1, are applied consistently across both systems and all supported languages to ensure a fair and controlled comparison.


[bookmark: _Toc232028342][bookmark: _Toc232028495]Table 1 - Evaluation metrics and their operationalisation. CSR refers to the Constraint Satisfaction Rate.
	Metric
	Definition
	Evaluation Procedure


	Budget Adherence
	Assesses whether the total cost of the generated travel plan remains within the specified budget constraint
	The total cost of all itinerary components is calculated and compared against the predefined scenario budget

	Temporal Consistency
	Evaluates whether all travel timings are logically coherent and free from impossible or conflicting schedules
	Departure and arrival times are parsed and validated to ensure there are no negative durations or inconsistencies

	Geographic Plausibility
	Measures whether the sequence of locations and travel distances are realistic given the mode of transport
	Distances between consecutive locations are cross checked against route data to ensure feasibility

	Constraint Satisfaction Rate (CSR)
	Represents the proportion of scenarios in which all defined constraints are satisfied simultaneously
	Each constraint is evaluated as satisfied or not satisfied and combined using a logical AND operation with the final score reported as a percentage



The selected metrics include budget adherence, temporal consistency, and geographic plausibility, alongside the overall Constraint Satisfaction Rate (CSR), which evaluates whether all constraints are satisfied simultaneously within a given scenario.
Each metric is computed using deterministic, rule-based evaluation procedures that systematically compare generated travel plans against ground truth values provided in the dataset. This approach ensures objectivity, reproducibility, and consistency in the evaluation process, while reducing reliance on subjective interpretation.
[bookmark: _Toc232081735]7.6 Statistical Analysis
For each system and language combination, the CSR will be calculated as the proportion of scenarios that satisfy all constraints. Pairwise comparisons will be conducted to evaluate the study’s hypotheses. Fisher’s exact test will be used to assess statistical significance, as it is well suited to binary outcome data and modest sample sizes. A significance threshold of p less than 0.05 will be applied. Effect sizes will be reported using Cohen’s h to provide a meaningful interpretation of the magnitude of observed differences. This analytical approach ensures that the findings are both statistically robust and aligned with established practices in quantitative evaluation research.
[bookmark: _Toc232081736]8. Research Limitations 
Although the study is designed to produce reliable and reproducible findings, several limitations must be acknowledged to provide a balanced and transparent account of the research.
Translation quality presents the first limitation. The Bengali versions of the TravelPlanner scenarios are produced through translation rather than by native authors. While all numeric values are preserved exactly and each translation is manually checked for fidelity, subtle differences in phrasing may influence how the model interprets the prompt. This limitation is common in multilingual NLP research, particularly when working with lower‑resource languages [10], and reflects the practical constraints of the project rather than a conceptual oversight.
A second limitation concerns dataset scope. The study uses a stratified sample of two hundred scenarios drawn from the full TravelPlanner dataset. Although this sample is sufficient for the statistical analyses planned, it may not capture the full diversity of scenario types, especially those involving complex multi‑destination itineraries. As a result, the findings may not generalise to all travel planning contexts.
A third limitation relates to model access and API dependency. Both systems rely on the Gemini API, which is a commercial service. Changes to pricing, rate limits, or availability could affect the timeline or feasibility of repeated experiments. This risk is mitigated by completing all data collection within a defined time window and by storing all outputs locally, but it remains an external dependency that cannot be fully controlled.
A fourth limitation concerns the scope of the evaluation metrics. The automated rule‑based checks assess whether a plan satisfies budget, timing, and geographic constraints, but they do not evaluate qualitative aspects such as cultural appropriateness, user enjoyment, or practical convenience. This is a deliberate methodological choice, as the study focuses on constraint satisfaction rather than subjective plan quality. However, it means that the findings cannot be interpreted as a holistic assessment of itinerary usefulness.
Finally, the study’s generalisability is limited by its focus on a single model family and a single agentic framework. The results may not transfer directly to other LLMs, such as LLaMA or Mistral, or to alternative agentic systems such as AutoGen or CrewAI. Exploring these variations would require additional experiments that fall outside the scope of the present project.
[bookmark: _Toc232081737]9. Timeline 
The project runs from 15 May to 28 August 2026. The schedule is structured to ensure that data preparation, system implementation, evaluation, and analysis progress efficiently, with parallel tasks used where appropriate.
The opening phase focuses on the literature review and acquisition of the TravelPlanner dataset. Once this foundation is in place, the English scenarios are prepared, and the Bengali versions are translated and verified in parallel to ensure both language sets are ready for evaluation.
System development occupies the middle of the project. The Gemini baseline is implemented first to establish a reference point, followed by the construction and testing of the LangChain agentic pipeline.
Evaluation is conducted in two stages. English scenarios are processed first, allowing any issues to be identified and resolved before running the more linguistically complex Bengali scenarios. All outputs are stored locally to support reproducibility.
The final weeks are dedicated to statistical analysis, interpretation of results, and the writing and refinement of the dissertation. This ensures a smooth transition from experimentation to the production of a polished final report.
[image: ]
[bookmark: _Toc232028411]Figure 2 - Project Gantt chart.
Multiple tasks run in parallel to make efficient use of the sixteen-week project window.
[bookmark: _Toc232081738]10. Expected Findings 
The study is expected to produce clear and interpretable patterns that align with the existing literature on LLM planning, agentic reasoning, and multilingual performance. These predictions are not treated as assumptions but as theoretically grounded expectations that the empirical analysis will evaluate.
[bookmark: _Toc232081739]10.1 Expected Results for English
For the English scenarios, the agentic LangChain pipeline is expected to achieve a noticeably higher overall constraint satisfaction rate than the non‑agentic Gemini baseline. Prior research has shown that single‑pass LLMs often violate numeric and logical constraints even when these constraints are explicitly stated [1], [3]. The iterative structure of the agentic pipeline provides multiple opportunities to identify and correct such errors, particularly in tasks that involve arithmetic or temporal reasoning. Budget adherence is likely to show the greatest improvement, as cost calculations can be verified deterministically during the self‑checking stage. Temporal consistency and geographic plausibility are also expected to improve, although the gains may be more modest because these constraints depend on the model’s ability to interpret and revise narrative structure.
[bookmark: _Toc232081740]10.2 Expected Results for Bengali
Both systems are expected to perform less effectively on the Bengali scenarios. This reflects the broader pattern that lower‑resource languages tend to yield weaker performance on tasks requiring complex reasoning [10], [11], [12]. The agentic pipeline may still outperform the baseline, but the margin of improvement is expected to be smaller than in English. This is because the effectiveness of agentic self‑checking depends on the model’s ability to parse and generate reliable text during each revision cycle, and this process may be less stable in Bengali due to its limited representation in training data and its rich morphological structure [5], [12]. The study therefore anticipates a measurable language gap in constraint satisfaction for both systems.
[bookmark: _Toc232081741]10.3 Summary of Predicted Outcomes
The anticipated quantitative patterns are summarised in Table 2. These values do not represent formal prior probabilities, but instead reflect informed estimates derived from existing literature, benchmark studies, and theoretical reasoning.











[bookmark: _Toc232028343][bookmark: _Toc232028496]Table 2 - Summary of predicted quantitative outcomes
	Comparison
	System A (Baseline)
	System B (Agentic)
	Predicted Outcome

	English CSR
	40 to 50 percent
	65 to 75 percent
	Agentic system is expected to significantly outperform the baseline supporting H1

	Bengali CSR
	25 to 35 percent
	40 to 55 percent
	Overall performance is lower than English with a smaller agentic advantage supporting H2 and H3

	Budget adherence gap (EN)
	55 percent
	80 percent
	Largest improvement observed in budget handling within English scenarios

	Temporal consistency gap (EN)
	60 percent
	75 percent
	Moderate improvement attributed to enhanced reasoning and self-checking

	Language performance gap (Agentic)
	Not applicable
	20 to 25 percentage points
	Noticeable performance degradation in Bengali for the agentic system



The predicted results suggest that the agentic system will consistently outperform the baseline model across key evaluation metrics, particularly in constraint satisfaction. However, performance is expected to vary across languages, with lower overall scores observed in Bengali due to increased linguistic complexity and potential degradation in multilingual reasoning.
All reported percentages represent approximate ranges rather than precise values and are intended to provide a structured expectation of system behaviour rather than definitive quantitative claims.
[bookmark: _Toc232081742]11. Conclusion
This study sets out to provide a clear and rigorous comparison between an agentic LangChain pipeline and a non‑agentic Gemini baseline on the TravelPlanner benchmark, with a particular focus on how these systems perform in both English and Bengali. The research addresses two important gaps in the current literature. The first concerns the limited empirical evidence on whether agentic reasoning genuinely improves constraint‑aware planning. The second concerns the lack of multilingual evaluation, especially for lower‑resource languages such as Bengali, which remain significantly underrepresented in the training data of large language models.
By combining a controlled experimental design with automated rule‑based evaluation, the study offers a robust framework for assessing constraint satisfaction across budget, timing, and geographic dimensions. The use of identical prompts, identical underlying model weights, and deterministic evaluation ensures that any observed differences can be attributed to the architectural contrast between single‑pass and agentic systems. The inclusion of Bengali provides an opportunity to examine whether the benefits of agentic reasoning extend beyond high‑resource languages or whether they depend on the model’s underlying linguistic competence.
The expected findings suggest that the agentic pipeline will outperform the baseline in English, particularly in tasks that involve arithmetic or temporal logic. However, both systems are predicted to perform less effectively in Bengali, with a narrower performance gap between them. If these patterns are confirmed, they will have important implications for the development of AI planning tools. They would indicate that agentic reasoning improves reliability but does not fully mitigate the challenges posed by lower‑resource languages. This would highlight the need for more inclusive model training practices and for agentic systems that are explicitly designed to operate effectively across diverse linguistic contexts.
Overall, the study aims to contribute meaningful evidence to ongoing discussions about the reliability, fairness, and multilingual robustness of large language models. By grounding the analysis in a reproducible benchmark and a transparent methodology, the project seeks to support future research and inform the responsible deployment of AI systems in real‑world planning applications.
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