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CONCLUSIONS

This chapter wraps up the dissertation by highlighting the key findings and outlining
potential directions for future research. In Section 6.1, we first reflect on the research
questions we asked in Chapter 1 based on the experimental results and findings
of the previous chapters. Then, in Section 6.2, we identify potential directions for
future research that could build upon the work presented in this dissertation.

6.1. MAIN FINDINGS

In this section, we present our key findings by revisiting the research questions
introduced in Chapter 1.

RQ1 How generalizable is contextualized term-based ranking to retrieval
settings with lexically rich queries?

To answer RQ1, in Chapter 2, we studied the generalizability of two contextualized
term-based ranking models, TILDE and TILDEv2, within the query-by-example (QBE)
retrieval setting. In contrast to ad-hoc retrieval, QBE typically involves significantly
longer queries which brings more lexical richness for performing retrieval. Our
aim was to assess whether the relative performance of these models (compared to
both traditional term-based approaches and the strong cross-encoder BERT ranker)
extends to these lexically-rich contexts.

Our findings in Chapter 2 reveal that, consistent with the original studies [210,
211], the two contextualized term-based ranking models, TILDE and TILDEv2
perform worse than the BERT cross-encoder ranker in the QBE setting, despite
the presence of longer queries that could provide richer context. However, unlike
those earlier studies, where TILDE and TILDEv2 outperformed the BM25 baseline,
our evaluation shows that BM25 maintains competitive effectiveness in QBE, and,
in some instances, even surpasses the performance of the two contextualized
term-based ranking models.

This observation is significant for two main reasons: (1) it highlights the unique
challenges posed by retrieval settings that deviate from widely used benchmarks
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such as MSMARCO and the TREC DL Track, and (2) it raises important questions
about the applicability of other contextualized term-based models in such scenarios.
Overall, our results suggest that QBE retrieval, as a retrieval setup with lexical
richness, is structurally distinct from traditional IR tasks and thus requires specific
development of retrieval models/methods.

In addition, we explored the effect of interpolating BM25 scores with those of
TILDE and TILDEv2. We found that linear interpolation leads to enhanced ranking
performance, indicating that the relevance signals from these contextualized models
are complementary to those captured by BM25. Our further analysis using oracle
interpolation supports this finding, which suggests that more nuanced combination
strategies could yield even greater improvements by leveraging the strengths of both
types of models.

RQ2 How robust are user satisfaction estimators in task-oriented dialogue
systems with more dissatisfactory user experiences?

To address RQ2, in Chapter 3, we first extended two widely used benchmarks for
user satisfaction estimation in task-oriented dialogue systems, MultiWoZ [52] and
SGD [142], by incorporating a larger set of dissatisfactory dialogue samples. To
generate these dissatisfactory dialogue samples, we introduced satisfaction-oriented
counterfactual dialogue generation with LLMs: given a dialogue sample with a
specific satisfaction label (e.g., satisfactory), we generate a corresponding counterpart
(e.g., dissatisfactory), in which the user satisfaction is deliberately altered. We then
conducted human annotation on the resulting generated dialogues to ensure the
quality of satisfaction labels for these generated dialogues. Using these augmented
test collections, we demonstrated a notable discrepancy in the performance of
satisfaction estimators between the original datasets and those containing a higher
proportion of dissatisfaction cases. We examined model robustness under varying
class distributions by gradually increasing the proportion of dissatisfaction dialogue
samples in the test sets. Specifically, while fine-tuned state-of-the-art models,
BERT and ASAP [75, 194], performed strongly on the original, imbalanced test
sets, their performance dropped sharply as dissatisfaction samples increased. In
contrast, few-shot in-context learning with LLMs demonstrated greater sensitivity to
dissatisfaction: LLMs often surpassed or matched fine-tuned models as the class
distribution became more balanced, i.e., as test sets included more dissatisfactory
dialogue samples. This highlighted LLMs’ potential for reliably detecting user
dissatisfaction, a critical factor for deploying dialogue systems. Moreover, the
discrepancy in the performance of various user satisfaction estimators under
different class distributions of dialogue samples highlighted the limitations in their
generalizability and robustness across alternative evaluation setups.

In summary, our findings in Chapter 3 exposed a key gap in prior work: the lack
of attention to the robustness of satisfaction estimators, especially in identifying
user dissatisfaction. Furthermore, our results highlighted the importance of data
augmentation strategies to improve the training of such estimators. We hypothesized
that incorporating more balanced training data can enhance model robustness. In
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addition, Chapter 3 illustrated the potential of large language models in generating
high-quality counterfactual dialogue examples, which suggests a promising direction
for augmenting training data in satisfaction estimation tasks.

RQ3 How to effectively measure the societal bias in a ranked list of documents
based on group-representative term sets?

To address RQ3, in Chapter 4, we first identified a key limitation in the widely used
group fairness metric NFaiRR [146], which assesses fairness based on the individual
unbiasedness scores of documents within a ranked list. This approach to fairness
calculation results in the effects of different documents not being able to cancel
each other out. For example, if the top-ranked document is biased toward female
groups for a given query and the second-ranked document is biased toward male
groups, these opposing biases do not offset one another. To address this issue, we
introduced a new metric, TEXFAIR, which extends the previously proposed AWRF
metric [51, 141, 153] by incorporating two components: (1) term-based associations,
which link documents to societal groups through predefined sets of representative
terms, with each set serving as a proxy for the presence of a particular societal group
within the retrieved content; and (2) a rank-biased discounting factor that accounts
for the reduced influence of non-representative documents (i.e., documents that
do not include any group representative terms) in the ranked list. Due to these
structural differences, TEXFAIR captures a distinct dimension of fairness compared
to NFaiRR. Consequently, when fairness is considered during model selection (for
example, when a combined metric of fairness and effectiveness is used) TEXFAIR
and NFaiRR may lead to different model choices.

In Chapter 4, we also carried out a counterfactual evaluation to estimate the
inherent group biases — specifically gender-related — present in ranking models.
This analysis revealed a discrepancy between the fairness observed in the ranked
outputs (as measured by NFaiRR or TExXFAIR) and the underlying bias embedded
in the ranking models themselves. However, due to the limitations of term-based
fairness evaluation, exploring more semantically grounded approaches is required to
better understand the relationship between model-level biases and the fairness of
the rankings they generate. Furthermore, the limitations of relying on term-based
group representations, which may not align with real users’ perceptions of fairness,
necessitate more user-centered methodologies for assessing societal fairness in
ranked lists of documents.

RQ4 How sensitive and biased are LLMs to the generators of source documents
in attributive retrieval-augmented generation?

To address RQ4, in Chapter 5, we introduced and examined the concepts of
attribution sensitivity and bias in retrieval-augmented LLMs in relation to the
authorship metadata of their source documents. We proposed a structured evaluation
framework based on counterfactual evaluation of the effect of authorship metadata
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in source documents. Our findings in Chapter 5 showed that including authorship
information in the source documents of attributive retrieval-augmented LLMs can
significantly affect their attribution behavior: LLMs cited different documents for
their generated answers when informed about the author (generator) of the input
source documents. Additionally, experiments across three LLMs revealed a consistent
bias toward documents with explicit human authorship, which competes with prior
research suggesting that LLMs often favor Al-generated content over human-written
material.

This behavior in LLMs could be attributed to different factors such as training cues
that LLMs could pick up during their pretraining over large scale data. Also, safeguard
fine-tuning of LLMs could have an effect. However, deeper investigation into the
causes of this sensitivity and bias would require access to the implementation,
training, and fine-tuning of these models, which is beyond the scope of our work
in Chapter 5. Our results in Chapter 5 underscore an important vulnerability in
how LLMs attribute content. This brittleness in attribution can be exploited in both
beneficial and harmful ways; for instance, a user might manipulate LLM outputs in
their favor by embedding authorship cues in their documents.

6.2. FUTURE DIRECTIONS

In this section, we discuss the limitations of the research presented in this thesis
and suggest possible directions for future work.

6.2.1. EVALUATING CONTEXTUALIZED LEXICAL MODELS IN
QUERY-BY-EXAMPLE RETRIEVAL (CHAPTER 2)

In query-by-example (QBE) retrieval, the lexical richness of queries creates conditions
that differ substantially from generic ad hoc retrieval, where user queries are
typically short and less diverse in vocabulary. =~ Our findings in Chapter 2
showed that this abundance of lexical relevance signals may diminish the added
value of contextualization for models such as BM25, raising questions about the
generalizability of contextualized approaches. However, other retrieval models,
including dense retrieval model, may still benefit from contextualization in QBE.
Future research should therefore examine the generalizability of such methods to
QBE. This is particularly important, as the long query contexts in QBE introduce
additional semantic complexities that further distinguish it from standard retrieval
tasks. Prior work [15] has already shown that developing effective QBE methods with
dense retrieval models is highly task-specific, and that ranking models cannot be
applied off the shelf to this setting. These observations underscore the need for
task-specific evaluation setups and model development tailored to scenarios with
high lexical richness.
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6.2.2. ROBUST USER SATISFACTION ESTIMATION IN TASK-ORIENTED
DIALOGUE SYSTEMS (CHAPTER 3)

In Chapter 3, we demonstrated the potential of LLMs to generate high-quality
counterfactual dialogue samples, which we used to augment the current benchmarks
with a more balanced distribution of satisfactory and dissatisfactory dialogue
samples. However, the focus of our study was on the generation of evaluation
test samples, and we did not explore how adding the generated dialogues to the
training sets would affect the performance of user satisfaction estimators. As
such, augmenting the training data for user satisfaction estimators in task-oriented
dialogue (TOD) systems is an important direction that needs to be explored in future
studies.

Additionally, Chapter 3 exclusively focused on turn-level satisfaction estimation,
we recognize the importance of dialogue-level satisfaction estimation which requires
more advanced methods. In the meantime, we acknowledge that generating
dialogue-level counterfactuals may require more complex methods. Lastly, the scope
of our work in Chapter 3 was limited to task-oriented dialogue systems, whereas
user satisfaction estimation has also been explored in other domains, such as
conversational recommender systems [164]. One possible direction to extend our
counterfactual dialogue generation approach is to broader applications of satisfaction
estimation in various dialogue system settings.

6.2.3. MEASURING SOCIETAL BIAS IN RANKED LISTS OF DOCUMENTS
(CHAPTER 4)

In Chapter 4, we studied societal bias in a ranked list documents with a particular
focus on gender representation in ranked lists of documents using term-based group
representations. Evaluating bias with term-based group representations, however,
has clear limitations compared to real-world user evaluations. Depite this, such
evaluation is still useful given the importance of societal fairness and the risks of
unfair ranking systems. Future work should look into more semantic approaches
that better match user perceptions. Our current method using counterfactual
data substitution may also miss some learned gender biases, since some of such
association of terms to societal groups often exist along a spectrum in models.
Additionally, our Counterfactually-estimated Rank-biased Overlap (CRBO) estimation
is currently based on the divergence between results from the original collection
and a single counterfactual collection. Future research could explore more stratified
counterfactual collection setups (instead of a single counterfactual collection) to
better capture nuanced bias patterns.

6.2.4. ATTRIBUTION SENSITIVITY AND BIAS IN RAG (CHAPTER 5)

In Chapter 5, we explored attribution sensitivity and bias in retrieval-augmented
generation (RAG) systems. In that study, we examined only human versus Al
authorship as the metadata of source documents. However, the proposed systematic
evaluation approach can also be applied to assess sensitivity and bias toward other
metadata attributes, such as the author’s gender or race, or even the source from
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which a document originates. In addition, the methodology could be incorporated
into existing LLM trustworthiness benchmarks. The framework is flexible with respect
to attribution quality metrics, meaning that measures other than precision and recall
can be used in our proposed equations for quantifying attribution sensitivity and
bias.

There are also limitations to this research. We do not propose or assess
methodologies for mitigating the identified attribution bias; rather, our focus is
on revealing the brittleness of LLMs when used in attributive retrieval-augmented
generation. Our experiments were conducted with three LLMs, two of which are
open-source and one closed-source. Applying the same sensitivity and bias analysis
to a broader range of models is of interest for future work. Additionally, in our
experimental setup, we used queries where there was only one relevant document
that contains the ground-truth answer in the top-k retrieved documents. While this
design supports more precise attribution traceability, it limits the ability to measure
fine-grained attribution contributions from multiple relevant sources. Exploring more
semantic evaluation of attribution in generated answers is a promising direction for
future work. Finally, the scope of our evaluation was restricted to English-language
datasets and prompts. An obvious next step would be to extend the analysis to other
languages. In particular, it would be valuable to investigate whether similar biases
exist across other languages in LLMs.

6.2.5. FINAL THOUGHTS: TOWARDS EVALUATING AGENTIC SYSTEMS

Recently, the design and implementation of agentic solutions have gained popularity
as LLMs have shown to perform well when being employed as decision making
end points [85, 185]. At their core, these solutions delegate decision-making to
several specialized LLMs, granting them agency in determining the next action.
Applications of agentic solutions cover a broad range, from tool calling [160] to
agentic retrieval-augmented generation [48].

However, LLMs have been also shown to be prone to errors in their decision-
making processes [111]. This susceptibility has reached a point where implementing
guardrails for the actions and decisions made by LLMs has become a necessary and
integral component of agentic systems in practice.

Consequently, each new deployment of agentic solutions calls for the robust
evaluation of their performance. Robust evaluation should address a broad spectrum
of factors, from the accuracy of agents in selecting actions (i.e., making decisions) to
beyond-accuracy considerations such as their reliability, fairness and trustworthiness
[58]. Our line of research in this thesis can pave the way for designing proper
evaluation frameworks for measuring the reliability of agentic systems. Specifically,
our perspective on designing evaluation setups and exploring how a system works
in what-if scenarios can help and inspire future work on developing task-specific
experimental setups and/or evaluation metrics for agentic systems. More precisely,
the use of counterfactual thinking in this thesis (the systematic exploration of “what
if” scenarios, by considering alternative inputs and conditions) can inspire future
research on ensuring the comprehensiveness and generalizability of both agentic
systems and their evaluation.
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