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Abstract
Traditional evaluation methods for user simulators in Information Retrieval systems have limitations
in assessing their reliability for comparative analysis. To address this, we apply the Fréchet Distance
(FD) to measure similarity between real and simulated user search session distributions. Using the TREC
Session 2014 Track dataset, we compare FD’s performance against established metrics like session nDCG
and Expected Global Utility. Our study explores FD’s effectiveness in various scenarios, including those
with minimal and extensive interaction data, and examines its sensitivity to different feature extraction
methods. Results show that FD correlates strongly with existing metrics while offering unique insights
into session similarity, particularly for complex, multi-query sessions. FD demonstrates robustness across
feature extraction techniques and versatility in various evaluation scenarios. This research contributes
to the field of Interactive Information Retrieval (IIR) by providing a more comprehensive framework for
evaluating simulated search sessions.
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1. Introduction

The evolution of Interactive Information Retrieval (IIR) systems has introduced new challenges
in performance evaluation, particularly for simulated search sessions. Traditional metrics often
fail to capture the complex, dynamic nature of user interactions in modern search environments,
which involve query sequences, diverse user actions, and temporal elements. Conventional
methods typically require extensive real user interaction data, which is costly and difficult
to obtain, and may not adequately assess simulation fidelity for comparative analyses across
different IIR systems.

To address these limitations, we propose the application of Fréchet Distance (FD) as a novel
metric for evaluating the similarity between real and simulated user search sessions in IIR. This
approach extends FD’s successful application from fields like computer vision to information
retrieval. FD offers a quantitative measure of how well simulated data replicates complex
patterns of real user behavior, potentially serving as a standard for assessing user simulator
performance and reliability in IIR systems. Our investigation into FD’s efficacy for IIR systems is
guided by four research questions: (1) How effectively does FD measure the quality of simulated
search sessions with minimal interaction data? (2) Can FD accurately evaluate the quality of
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simulated search sessions with extensive interaction data? (3) How correlated is the performance
of IR systems in simulated search sessions, as measured by FD, compared to other metrics used
to assess the similarity of simulated user sessions? (4) How sensitive is FD to different feature
extraction methods when assessing the similarity of simulated search sessions?

Our experimental study utilizes the TREC Session 2014 Track dataset[1], which provides
detailed logs of user interactions across multiple search sessions. This dataset is particularly
suitable for our research due to its structured representation of query sequences and user
actions over time. To compute FD, we employ various feature extraction methods to create
vector representations of both simulated and real sessions, ranging from simple query-based
embeddings to more sophisticated approaches like BERT-based Session Embedding and Time-
aware Session Embedding.

We investigate the correlation between FD and established session similarity metrics such as
session nDCG (sDCG) [2] and Expected Global Utility (EGU) [3], examine FD’s sensitivity to
different feature extraction methods, and explore its performance across various session lengths
and complexities. Additionally, we assess FD’s performance with both minimal and extensive
interaction data, providing insights into its versatility as an evaluation metric. By integrating
this sophisticated approach into IIR system evaluation, our research aims to demonstrate FD’s
potential as a metric that not only compares the quality of simulated and real user sessions but
also offers insights into the reliability and accuracy of different simulation methodologies. This
study could significantly enhance the development and assessment of user simulators, leading
to more effective and user-centric interactive information retrieval systems.

2. Related Work

The evaluation of interactive information retrieval (IIR) systems has evolved significantly,
moving from single query-based metrics to more comprehensive session-based measures. This
shift reflects the recognition of complex, multi-query search behaviors and the limitations of
traditional evaluation methods. Early efforts to address this led to the development of session-
based extensions of traditional metrics, such as Session nDCG (sDCG) by Järvelin et al. [2],
which applies a discount to results from later queries in a session.

Building on this concept, Yang and Lad [3] proposed a framework for modeling user browsing
behavior and computing Expected Global Utility (EGU) over a session, while Kanoulas et al. [4]
introduced the concept of modeling a user’s browsing behavior as a ”path.” Although these
session-based metrics represented a significant advancement, they often did not model detailed
browsing behaviors, such as clicking decisions. The development of click models [5] addressed
this gap, providing insights into user interaction patterns. Fuhr [6] proposed the Interactive
IR Probability Ranking Principle (IIR-PRP), which theoretically integrates a user’s clicking
decision with a measure of overall utility of a ranked list. Zerhoudi et al. [7] used the two-
sample Kolmogorov-Smirnov (KS-2) goodness-of-fit test and a classification-based evaluation to
evaluate simulated user interactions in the context of a search session. However, most existing
session-based evaluation measures and click models assume sequential browsing, which may
not hold in modern search interfaces with complex layouts and interaction possibilities.

The Fréchet metric, a natural measure of similarity between two curves, has gained promi-
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nence in various applications [8]. This metric can be intuitively understood by imagining a
dog and its handler walking on separate curves. Both can control their speed but must move
forward, with the Fréchet distance representing the minimal leash length required for them to
traverse their respective paths from start to finish. Due to its effectiveness in comparing curve
similarities, the Fréchet distance and its variants have found widespread use across diverse fields.
These applications include dynamic time-warping [9], speech recognition [10], and matching of
time series in databases [11]. The versatility of the Fréchet metric in these domains underscores
its significance in analyzing and comparing complex, non-linear data patterns.

Inspired by the success of distribution-based metrics in other fields, such as the Fréchet
Inception Distance (FID) in computer vision [12], our work introduces the Fréchet Distance
(FD) as a novel metric for evaluating simulated search sessions in IIR. This approach addresses
several limitations of existing methods by handling complex interactions, requiring minimal
data, providing distribution-based comparisons, offering flexibility in feature representation,
and investigating correlations with established metrics.

By adapting FD to the evaluation of simulated search sessions, our work bridges the gap
between advanced evaluation techniques in other fields and the specific needs of IIR evaluation.
This approach offers a promising direction for developing more accurate and comprehensive
evaluation methods for modern IIR systems, particularly in scenarios where traditional metrics
may fall short due to data sparsity or complex user interaction patterns.

Arabzadeh and Clarke [13]’s proposal to use the Fréchet Distance to measure the distance
between the distributions of relevant judged items and retrieved results aligns with our approach,
further validating its potential as a robust and flexible metric. Their research provides additional
evidence for the effectiveness of distribution-based comparisons in scenarios with sparse data,
complementing our exploration of FD for simulated search sessions.

3. Fréchet Distance for Evaluating Simulated Search Sessions

3.1. Fréchet Distance

The Fréchet distance is a measure of dissimilarity between two curves or trajectories. It can be
conceptualized as the minimum leash length required for a dog walking along one path while
its owner walks along another, with both potentially moving at different speeds [14, 15].

Formally, given two curves 𝐴 and 𝐵 represented as sequences of points in a metric space, the
Fréchet distance 𝐹(𝐴, 𝐵) is computed as:

𝐹(𝐴, 𝐵) = inf
𝛼,𝛽

max
𝑡∈[0,1]

𝑑(𝐴(𝛼(𝑡)), 𝐵(𝛽(𝑡)))

where 𝐴 and 𝐵 are continuous maps from [0, 1] to a metric space, and 𝛼 and 𝛽 are continuous,
non-decreasing surjection functions representing reparameterizations of [0, 1]. This formulation
ensures that neither the dog nor its owner can backtrack along their respective curves.

The Fréchet distance can also be applied to assess the disparity between probability distribu-
tions [12]. For two normal univariate distributions 𝑋 and 𝑌, the Fréchet Distance is given by:
𝐹𝐷(𝑋 , 𝑌 ) = (𝜇𝑋 − 𝜇𝑌)2 + (𝜎𝑋 − 𝜎𝑌)2, where 𝜇 and 𝜎 represent the mean and standard deviation
of the distributions, respectively. This versatility makes the Fréchet distance a powerful tool for
comparing both geometric curves and statistical distributions in various fields of study.
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3.2. Fréchet Distance for Evaluating Simulated Search Sessions

The evaluation of simulated search sessions using Fréchet Distance provides a robust method
for assessing the quality of simulation models in Information Retrieval (IR). This approach
considers both the semantic content and sequential nature of user actions within search sessions.
Let 𝑆 represent a set of 𝑛 simulated search sessions, where each session 𝑠𝑖 consists of a sequence
of user actions 𝐴𝑠𝑖 . These actions may include queries, clicks, scrolls, or other interactions with
the search engine. 𝑅𝑆 denotes the set of ideal or expected actions for the sessions in 𝑆. The
function 𝑀(𝑠𝑖) generates a sequence of actions for a given simulated session 𝑠𝑖, producing 𝑀𝑠𝑖 .
To apply Fréchet Distance, we map the actions to a suitable embedding space using function
𝑉, which transforms any action into a 𝑝-dimensional vector. This embedding captures both
semantic and behavioral aspects of each action. The Fréchet Distance for Simulated Search
Sessions (𝐹𝐷𝑀

𝑆 ) is then calculated as:

𝐹𝐷𝑀
𝑆 = 𝐹𝐷(𝕍(𝑅𝑆), 𝕍(𝑀(𝑆))) (5)

Here, FD measures the distance between the distribution of the set embeddings of the ideal
actions 𝑉 (𝑅𝑆) and those of the simulated actions 𝑉 (𝑀(𝑆)). A lower 𝐹𝐷𝑀

𝑆 indicates higher
similarity between simulated and ideal actions, suggesting better performance of the simulation
model𝑀 on the session set 𝑆. To account for the sequential nature of search sessions, we extend
this measure to consider the order of actions within each session:

𝐹𝐷𝑀
𝑆𝑠𝑒𝑞 =

1
|𝑆|

∑
𝑠𝑖∈𝑆

𝐹𝐷(𝕍(𝑅𝑠𝑖), 𝕍(𝑀(𝑠𝑖))) (6)

This sequential Fréchet Distance (𝐹𝐷𝑆𝑀𝑠𝑒𝑞) calculates the average Fréchet Distance between ideal
and simulated action sequences for each session. This provides a more nuanced evaluation of the
simulation model’s ability to capture the temporal dynamics of user behavior in search sessions.
By incorporating both semantic content and sequential information, this approach offers a
comprehensive evaluation framework for simulated search sessions, enabling researchers to
assess and improve the fidelity of their simulation models in IR experiments.

4. Experimental Setup

In this section, we describe the general settings of our experiments, including the dataset,
traditional evaluation metrics, click models, simulation framework, and the embeddings used to
represent user search sessions.

4.1. Dataset

This study employs the TREC Session 2014 Track dataset [1], which is designed for evaluating
multi-query search behavior. The dataset comprises 1,257 sessions with 4,680 queries and 1,685
clicks, averaging 4.33 queries per session (median: 2). It includes real user queries, interaction
logs, and ranked document lists with snippets, making it ideal for simulated search session
evaluation. The dataset’s diverse composition allows for a comprehensive analysis of user
interactions and search strategies in multi-query scenarios, enabling robust conclusions about
the effectiveness of various information retrieval techniques.
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4.2. Click Models and Simulation Framework

This study employs a comprehensive approach to simulate user search sessions, utilizing both
traditional probabilistic graphical models and a neural click model. The traditional models
include the Position-Based Model (PBM) [16], User Browsing Model (UBM) [17], Dependent
Click Model (DCM) [18], and Dynamic Bayesian Network Model (DBN) [19], implemented
using the PyClick library. Additionally, we incorporate the neural click model NCM [20] to
enhance simulation diversity. To create complete user search sessions, we use the SimIIR 2.0
framework [21], which simulates complex user behaviors including query formulation, result
list examination, and click decisions. This integrated approach allows for a comprehensive
assessment of FD’s ability to quantify the quality of simulated search sessions across a broad
spectrum of user behaviors.

4.3. Embeddings for Search Session Representation

This study explores two approaches for embedding search sessions to apply the Fréchet Dis-
tance metric. The first approach uses action-based embeddings, employing a fine-tuned BERT
model [22] to embed individual user actions and aggregating them through mean pooling or
sequence modeling. The second approach adapts Doc2Vec [23] to create Session2Vec [24],
learning fixed-length vector representations of entire search sessions. Both methods aim to
capture semantic and behavioral aspects of user search sessions. For query and document
representations, pre-trained word embeddings are used, with query embeddings computed
as the average of query word embeddings and document embeddings derived from title and
snippet words. These approaches provide insights into effectively capturing search behavior
nuances and improving simulated search session evaluation using the Fréchet Distance metric.

4.4. Evaluation Process

Our evaluation process involves generating simulated search sessions using various click models
and SimIIR 2.0, then embedding these sessions along with ground truth sessions from the TREC
Session 2014 Track dataset. We compare simulation approaches by calculating the Fréchet
Distance between simulated and ground truth session embedding distributions. To account
for temporal dynamics, we also compute the sequential Fréchet Distance (𝐹𝐷𝑆𝑀𝑠𝑒𝑞) as defined
in equation (6). The effectiveness of Fréchet Distance as an evaluation metric is assessed
by comparing FD scores with traditional metrics and analyzing results across different click
models and simulation configurations. This approach provides insights into the strengths and
limitations of various simulation methods in replicating realistic user search behavior.

5. Evaluating Search Sessions with Minimal Interaction Data

This section explores the effectiveness of the Fréchet Distance (FD) in assessing the quality of
simulated search sessions with limited interaction data. We analyze the performance of various
click models and the SimIIR 2.0 framework on the TREC Session 2014 Track dataset, comparing
the FD metric with traditional session-based metrics.
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Our study utilizes a subset of 200 sessions from the TREC Session 2014 Track, each containing
an average of 4-5 queries. We generate simulated interactions using click models and the
SimIIR 2.0 framework, then compute the FD between simulated and ground truth sessions using
action-based embeddings and Session2Vec representations.

Table 1: Performance of simulation approaches
on TREC Session 2014 Track subset

Model nDCG@10 ERR@10 FD@1 FD@10
PBM 0.342 0.289 6.823 4.156
UBM 0.368 0.311 5.967 3.845
DCM 0.381 0.325 5.412 3.621
DBN 0.395 0.339 4.876 3.302
NCM 0.423 0.361 3.945 2.687
SimIIR 2.0 0.451 0.389 3.124 2.103

Figure 1: Bootstrap analysis of simulation
approaches (ERR@10 vs. FD@10)

Table 1 presents the performance of different simulation approaches using traditional metrics
(nDCG@10 and ERR@10) and Fréchet Distance metrics (FD@1 and FD@10). The results show
that FD effectively quantifies the quality of simulated search sessions. The PBM model, being
the simplest, shows the highest FD values, indicating the largest discrepancy from ground
truth sessions. Conversely, SimIIR 2.0, incorporating more complex user behaviors, achieves
the lowest FD values, suggesting simulations closest to the ground truth. FD aligns well with
traditional evaluation metrics, consistently ranking simulation approaches. This indicates that
FD can effectively capture simulation quality even with minimal interaction data. Bootstrap
analysis (Figure 1) confirms these patterns across different samples, with narrow confidence
intervals indicating stability. The FD metric demonstrates sensitivity to simulation model
complexity, with more sophisticated models like NCM and SimIIR 2.0 achieving lower FD
scores. However, its discriminative power decreases when comparing closely performing
models. Overall, Fréchet Distance proves to be a promising metric for evaluating simulated
search sessions, especially with minimal interaction data, complementing traditional evaluation
metrics in interactive information retrieval.

6. Evaluating Search Sessions with Extensive Interaction Data

This section examines the effectiveness of the Fréchet Distance (FD) in assessing simulated
search sessions with extensive interaction data. Using a subset of the TREC Session 2014
Track dataset, we focus on longer and more complex sessions to address whether FD can
accurately evaluate the quality of simulated search sessions with extensive interaction data.
Our experimental setup involved selecting 100 sessions from the dataset, each containing at
least 10 queries and a rich set of user interactions. We generated simulated interactions using
various click models and the SimIIR 2.0 framework, computing the FD between simulated and
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ground truth sessions using both action-based embeddings and Session2Vec representations.
To investigate the impact of interaction data quantity, we evaluated the simulations using full
sessions, first 5 queries, and first 10 queries.

Table 2
Performance of simulation approaches
with varying amounts of interaction data
Model nDCG@10 ERR@10 FD (Full) FD (5Q) FD (10Q)
PBM 0.356 0.301 5.987 6.234 6.102
UBM 0.382 0.324 5.123 5.456 5.289
DCM 0.397 0.339 4.678 4.912 4.795
DBN 0.411 0.352 4.234 4.567 4.401
NCM 0.439 0.375 3.456 3.789 3.623
SimIIR 2.0 0.467 0.402 2.789 3.123 2.956

Table 3
Kendall’s 𝜏 correlation between FD
scores for full and partial sessions

Comparison Kendall’s 𝜏
FD (Full) vs FD (5Q) 0.923
FD (Full) vs FD (10Q) 0.956

Figure 2: Correlation between nDCG@10
and FD scores for full sessions

Figure 3: Bootstrap analysis of simulation
approaches (ERR@10 vs. FD for full sessions)

Results in Table 2 demonstrate that Fréchet Distance (FD) effectively quantifies the quality of
simulated search sessions across varying amounts of interaction data. FD scores for full sessions
are generally lower than those for partial sessions, indicating improved simulation accuracy
with more interaction data. Figure 2 shows a strong negative correlation between nDCG@10
and FD scores for full sessions suggests alignment with traditional evaluation metrics.

Bootstrap analysis, using 1000 subsets of 50 sessions each, revealed narrow confidence
intervals for both ERR@10 and FD scores, indicating stability across different session subsets.
High correlations between FD scores for full and partial sessions (5Q and 10Q) suggest that
FD maintains discriminative power even when evaluating partial sessions (i.e., Table 3). FD
demonstrates several advantages, including consistency across different amounts of interaction
data, robustness in assessments, sensitivity to simulation complexity, and alignment with
traditional metrics. However, computational complexity may increase with larger datasets,
warranting future exploration of efficient approximation methods.

In conclusion, Fréchet Distance proves to be an effective and robust metric for evaluating
simulated search sessions, particularly with extensive interaction data. Its ability to capture
distributional similarities between simulated and ground truth sessions makes it valuable for
assessing and improving search session simulation models.
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7. Correlation Analysis with Session Similarity Metrics

This section examines the correlation between the Fréchet Distance (FD) and other established
metrics used to evaluate the similarity of simulated user sessions in Information Retrieval (IR)
systems. The study aims to understand how FD’s performance in measuring simulated search
sessions correlates with other session similarity metrics.

We employ the TREC Session 2014 dataset, selecting 200 sessions of varying lengths and
complexities. Simulated sessions are generated using click models and the SimIIR 2.0 framework.
FD is compared with Session nDCG (sDCG), Expected Global Utility (EGU), Path-based Session
Evaluation (PSE), and Interactive IR Probability Ranking Principle (IIR-PRP) based metric.

Results show strong negative correlations between FD and all other metrics (i.e., Table 4),
with the strongest correlation observed with PSE. As FD decreases, indicating better simulation
quality, other metrics tend to increase.

Table 4: Correlation coefficients between FD
and other metrics
Metric Pearson Correlation Spearman’s Rank Correlation
sDCG -0.823 (-0.856, -0.789) -0.841 (-0.872, -0.809)
EGU -0.791 (-0.827, -0.752) -0.805 (-0.839, -0.768)
PSE -0.836 (-0.867, -0.803) -0.852 (-0.881, -0.821)
IIR-PRP -0.779 (-0.817, -0.738) -0.795 (-0.831, -0.756)

Table 5: Correlation coefficients between FD
and sDCG for different session lengths

Session Length Pearson Correlation Spearman’s Rank Correlation
Short (1-3 queries) -0.789 (-0.834, -0.739) -0.803 (-0.846, -0.755)
Medium (4-7 queries) -0.835 (-0.872, -0.794) -0.851 (-0.886, -0.812)
Long (8+ queries) -0.867 (-0.901, -0.829) -0.882 (-0.914, -0.846)

Figure 4: Scatter plot of FD vs. sDCG for simulated sessions

Correlation analysis for different session lengths reveals that the relationship between FD
and other metrics strengthens as session length increases as shown in Table 5, suggesting FD’s
effectiveness in capturing complex interaction patterns in longer sessions. The study supports
FD as a valid and effective measure for evaluating simulated search sessions, demonstrating
consistency with established metrics and sensitivity to session complexity.
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However, limitations include dataset specificity, simulation model dependency, and the need
for further investigation into metric assumptions and computational efficiency. Future work
should validate findings on other datasets, explore a wider range of simulation approaches, and
correlate metric-based assessments with human judgments of session similarity. In conclusion,
this study supports the use of FD as a valuable tool in evaluating IR systems, particularly for
complex, multi-query sessions, potentially offering complementary insights to existing metrics
and enhancing the assessment and improvement of IR systems in interactive, session-based
search contexts.

8. Sensitivity to Feature Extraction in Simulated Sessions

This section examines the impact of various feature extraction methods on the Fréchet Distance
when evaluating simulated search sessions. The study utilizes the TREC Session 2014 dataset,
selecting 300 sessions of varying lengths and complexities. Five feature extraction methods are
investigated: Query-based Embedding (QBE), Action Sequence Embedding (ASE), Session2Vec
(S2V), BERT-based Session Embedding (BSE), and Time-aware Session Embedding (TSE).

Figure 5: Box plot of FD scores for different feature
extraction methods.

Table 6: Percentage of rank changes
in simulation model performance.

Method Change % Rank Changes
QBE to ASE 18.3%
QBE to S2V 23.7%
QBE to BSE 15.9%
QBE to TSE 20.1%
ASE to S2V 12.6%
ASE to BSE 9.8%
ASE to TSE 11.2%
S2V to BSE 14.5%
S2V to TSE 17.8%
BSE to TSE 8.7%

Table 7: Spearman’s rank correlation between FD
scores from different feature extraction methods.

Method QBE ASE S2V BSE TSE
QBE 1.000 0.782 0.715 0.801 0.743
ASE 0.782 1.000 0.856 0.889 0.872
S2V 0.715 0.856 1.000 0.834 0.791
BSE 0.801 0.889 0.834 1.000 0.905
TSE 0.743 0.872 0.791 0.905 1.000

Table 8: Spearman’s rank correlation between
FD scores for different session lengths
(BSE method).

Session Length Short Medium Long
Short 1.000 0.823 0.756

Medium 0.823 1.000 0.891
Long 0.756 0.891 1.000

Table 7 presents the Spearman’s rank correlation coefficients between FD scores obtained
using different feature extraction methods, showing moderate to high correlations between all
methods. The distribution of FD scores for each feature extraction method across all simulated
sessions is illustrated in Figure 5.
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Table 6 shows the percentage of rank changes in simulation model performance when
switching between feature extraction methods. These changes range from 8.7% to 23.7%,
indicating that the choice of feature extraction method can significantly impact the evaluation
of simulated sessions. Table 8 displays the Spearman’s rank correlation between FD scores for
different session lengths using the BSE method, revealing that correlations are generally higher
between adjacent length categories.

The analysis of Fréchet Distance’s behavior across different feature extraction methods re-
veals moderate to high correlations between methods, but also method-specific variations. The
choice of method can affect simulation model performance rankings, with sensitivity to session
length observed. Contextual and time-aware approaches demonstrate greater robustness. Based
on these findings, recommendations for using Fréchet Distance in evaluating simulated search
sessions include: careful selection of feature extraction methods, preference for contextual ap-
proaches, maintaining consistency in comparisons, considering session length effects, validating
using multiple methods, and ensuring transparency in reporting. While limitations exist, such
as dataset specificity and the limited range of methods examined, the Fréchet Distance proves
to be a robust measure for evaluating simulated search sessions, albeit with some sensitivity to
feature extraction method choice.

9. Conclusion and Future Work

This paper explores the application of Fréchet Distance (FD) as a novel metric for evaluating
simulated search sessions in interactive information retrieval systems. Our experiments demon-
strate FD’s effectiveness and robustness in assessing the quality of simulated user interactions
across various scenarios.

FD shows strong correlations with established metrics like session nDCG and Expected Global
Utility, capturing similar aspects of session quality while offering additional insights due to
its distributional nature. It proves particularly effective in evaluating longer, more complex
sessions and demonstrates effectiveness even with minimal interaction data. These findings
have significant implications for interactive information retrieval, potentially leading to more
accurate and realistic simulation models. Future research directions include investigating FD’s
performance with multi-modal session representations, extending this work to larger datasets,
correlating FD assessments with human judgments, and exploring FD in evaluating generative
models for search session simulation.

While our study offers valuable insights, it’s important to acknowledge certain limitations.
FD requires sets of sessions for evaluation and assumes multivariate normal distributions, which
may not always hold for all types of session data. Additionally, as an unbounded metric, the
interpretation of FD scores may vary depending on dataset characteristics and sample sizes.

Despite these limitations, we believe that FD offers a powerful and flexible approach to
evaluating simulated search sessions, complementing existing metrics and potentially driving
improvements in both simulation models and real-world information retrieval systems.
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