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Abstract

Conversational Al is a central application of
NLP, yet ensuring high response quality re-
mains challenging due to the inherently subjec-
tive nature of user satisfaction. Dialogue eval-
uation can be performed manually—through
expert or user ratings—or automatically, using
methods that aim to predict quality scores con-
sistent with human judgment.

In this work, we present a reference-free au-
tomatic dialogue evaluation system that pre-
dicts user ratings from a dataset of real hu-
man—chatbot interactions collected during the
Alexa Prize Socialbot Grand Challenge 5, com-
bining multiple complementary models to en-
hance correlation with human scores.

Experimental results indicate that the model
that achieves the highest Pearson correlation
with users’ ratings is an XGBoost regression
model that combines different features such
as conversation length, engineered flags cap-
turing conversation characteristics, predictions
from an Encoder-based Panel of Experts (PoE),
and instruction-based outputs from a fine-tuned
LLM. The overall Pearson Correlation on the
eval set is 0.404, which is competitive with
prior work trained on an order of magnitude
more dialogues, albeit using different datasets
and system configurations.

1 Introduction

Natural Language Processing (NLP) has advanced
chatbot development, enabling real-time interac-
tions in customer service and virtual assistants.
A key challenge is dialogue evaluation, which
can be manual—requiring expert annotators or rat-
ings from users—or automatic based on using al-
gorithms. Automatic methods include reference-
based approaches, comparing responses to pre-
defined answers, and reference-free approaches,
which assess conversations without a reference.
Developing effective reference-free evaluation
models is crucial for improving chatbot perfor-
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mance and user experience, especially in open-
domain dialogues where multiple answers are al-
lowed. However, the problem remains challenging
due to the subjective nature quality assessment.

In recent years, much research has been done
in the field. One of the first learning-based met-
rics was Automatic Dialogue Evaluator or ADEM
(Lowe et al., 2017a), which proposes an alternative
to reference-based metrics by training an RNN us-
ing a variety of dialogue datasets. The creation of
transformers (Vaswani et al., 2017) was a turning
point in automatic dialogue evaluators since they
enabled a deeper understanding of language.

DialogRPT (Gao et al., 2020) builds upon GPT-2
and is finetuned using data from human votes and
interactions done on posts of Reddit. It introduces
a fully reference-free metric that focuses on aspects
such as relevance or engagement by implementing
a modular architecture that focuses on these as-
pects. Panel of Experts (PoE) (Zhang et al., 2023)
is a model built on the RoOBERTa architecture that
uses small, efficient components called adapters. It
uses a "multitask learning" approach, which means
it learns several different tasks at the same time.
This helps the model: Identify common patterns
shared across different tasks, improve general un-
derstanding by looking at the "big picture.”, and
prevent overfitting, ensuring the model doesn’t be-
come too specialized in just one area at the expense
of others.

Later, Amazon proposed another approach us-
ing ratings from users conversing with their Alexa
devices (Le et al., 2023). They proposed a combi-
nation of a transformer model trained directly from
dialogue text and a model trained on turn-level
user features such as disinterest or compliments.
Given that for this case, the ratings were provided
by a non-specialized and random set of users, it
becomes harder to achieve higher correlations.

The emergence of LLMs has led to their direct
use as dialogue evaluators (Zhang et al., 2024a; Li
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et al., 2024a; Mendonca et al., 2024), often through
prompt engineering to specify the evaluation proce-
dure. While LLMs can capture complex linguistic
patterns and generate structured assessments, their
performance remains limited when applied to real-
user ratings. Recent work, such as USR (Mehri and
Eskenazi, 2020) and G-Eval (Liu et al., 2023), has
demonstrated promising results using LLM-based
or multi-dimensional scoring methods; however,
these are generally evaluated on static benchmark
datasets, while our approach targets real-user rat-
ings collected from an active chatbot deployment.

This paper introduces a hybrid ensemble model
trained on a dataset of chatbot-user conversations
rated on a 1-5 scale. Unlike existing datasets
with expert annotations, this dataset captures real
user subjectivity, introducing evaluation challenges.
The paper is structured as follows: Section 3 de-
scribes the dataset used in this study that was col-
lected during the Alexa Prize SocialBot Grand
Challenge 5 (Johnston et al., 2023). Section 4 out-
lines the experimental setup, rationale, and proce-
dures for developing the different components of
the evaluator. Then, section 5 presents the results
and findings. Finally, section 6 summarizes key
insights and future research directions.

2 Related Work

Automatic dialogue evaluation has received grow-
ing attention, particularly in reference-free settings.
Early approaches, such as ADEM (Lowe et al.,
2017b), employed learning-based metrics using
small RNN architectures. More recent systems,
including USR (Mehri and Eskenazi, 2020) and
G-Eval (Liu et al., 2023), introduced structured
human annotations and graph-based prompt tem-
plates to assess dialogues along dimensions such
as coherence, fluency, and engagement.

While USR applies hierarchical modeling and
G-Eval leverages LLM prompting with score ratio-
nales, our approach differs in several key ways. We
combine encoder-based models with dialogue-level
evaluators and integrate flag-based features ex-
tracted directly from real-user conversations. Fur-
thermore, whereas USR and G-Eval are trained
on expert-labeled public datasets, our models are
trained on user-provided ratings collected dur-
ing live deployment, enabling more realistic and
context-specific assessments.

Recent studies have continued to advance au-
tomatic dialogue evaluation, particularly in real-
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user and reference-free settings. For example, (Lee
et al., 2025) introduced RealTalk, a benchmark
designed to better capture the challenges of eval-
uating real-world conversations, highlighting the
limitations of traditional static datasets. (Ito et al.,
2025) conducted a survey of reference-free met-
rics, underscoring the importance of robustness
across diverse dialogue scenarios. Within the con-
text of LLM-based evaluators, (Chiang et al., 2024)
presented Chatbot Arena, a large-scale human-
feedback benchmark for comparing conversational
models, while (Zhang et al., 2024b) provides a com-
prehensive study on the application of LLMs for
automatic dialogue evaluation, probing the large
advances on using LL.Ms-as-judges.

3 Database

The dataset consists of conversations collected with
real Alexa users by one of the participant teams dur-
ing the Alexa Prize SocialBot Grand Challenge 5.
These dialogues are anonymized transcriptions that
were collected through spoken communication be-
tween users and their Alexa devices as the primary
mode of interaction. The audio signal itself was not
accessible for use in this work. Additionally, and
depending on the final users’ device capabilities,
a screen displayed relevant images based on the
conversation topic.

The dataset captures a wide range of user-driven
discussions, spanning topics such as sports, movies,
daily life, science, or geography. Users from di-
verse backgrounds and locations engaged in these
conversations, contributing to the dataset’s variabil-
ity. Each user had full control over the conversation
length and could rate the chatbot’s performance at
the end of the interaction. Ratings ranged from 1
(poor quality) to 5 (highly satisfactory).

From the total number of dialogues collected
during our participation, we sampled a subset of
dialogues. First, we removed those without user rat-
ings (“rated-data”), resulting in around 16,000 con-
versations (290k turns). Next, we excluded interac-
tions with only one or two turns, as we found in our
initial analysis that the ratings for these dialogues
leaned towards extremes (highest/lowest satisfac-
tion). Finally, only rated conversations with at least
five turns were retained (“filtered-data”), reducing
the dataset to 13,000 conversations (260k turns).
This reduction was driven primarily by the removal
of incomplete, duplicated, or low-information turns
that did not contribute meaningful signal to the



analysis. Importantly, the filtering process was not
topic-based and therefore did not preferentially ex-
clude specific types of interactions. As a result, the
retained subset preserves the diversity and cover-
age of the original dataset while improving overall
data quality. We therefore do not expect the reduc-
tion to result in the loss of relevant or interesting
issues, but rather to enhance the robustness and
interpretability of the reported results.

To perform our experiments, the dataset was
split first into two parts: a) an Eval set consisting
of 10% of the data (~1300 dialogues) reserved for
final evaluation to ensure an unbiased assessment
of model performance (i.e., allowing a comparison
between the results for the test sets and the eval
set), and b) a 90% of the data used to perform 5-
Fold Cross-Validation. This 90% dataset (~12000
dialogues) was divided into the following subsets:
(a) Train: 3 out of the 5 Folds were used for training
or fine-tuning the model, (b) Dev: 1 Fold used to
evaluate performance and guide hyperparameter
selection, and (c) Test: the remaining 1 Fold for
assessing model performance on unseen data after
training.

4 Methodology

As outlined in the introduction, automatic dialogue
evaluation methods can be classified along two
main axes: reference-based vs. reference-free and
dialogue-level vs. turn-level. Given our dataset’s
characteristics, we established the following model
requirements: 1.) Reference-free: Our dataset
lacks reference responses, 2.) Numerical outputs:
The model must produce continuous scores to
match the dataset’s rating format, 3.) Multi-domain
capability: The model should handle diverse topics
and domains, 4.) Fine-tuning support: Adaptation
to dataset-specific characteristics is necessary, 5.)
Strong correlation: The model should achieve high
Pearson correlation between predicted and actual
ratings, and 6.) Local deployability: Data confiden-
tiality must be preserved.

The remainder of this section describes the se-
lected models: - Pre-LLM state-of-the-art encoder-
based models (Section 4.1) - Zero-shot and fine-
tuned LLMs (Sections 4.2.1 and 4.2.2) - Regression
models using dialogue-derived flag-based features
(Sections 4.2.3 and 4.3)

Finally, we describe the regression-based com-
bination model that integrates predictions from all
approaches (Section 4.4).
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4.1 Encoder-based models

For pre-LLM SotA models, we selected the Panel
of Experts (PoE) model (Zhang et al., 2023) which
is intended for turn-level.! PoE is trained on five
distinct datasets: DailyDialog (Li et al., 2017),
ConvAI2 (Logacheva et al., 2019), TopicalChat
(Gopalakrishnan et al., 2023), EmpatheticDialogue
(Rashkin et al., 2018), and Reddit (Huryn et al.,
2022). Each dataset is associated with a dedicated
adapter, enabling multi-domain adaptability and the
modeling of diverse evaluation dimensions (e.g.,
overall score, engagement, naturalness).

Since PoE is turn-based, it processes interactions
in the format: rating ||| user 1 input |||
user 2 response. Instead of evaluating the entire
dialogue, it focuses on the appropriateness of user
2’s response given user 1’s input.

Since our dataset provides dialogue-level ratings
rather than turn-level annotations, we adapted PoE
using a cyclic turn-evaluation approach. The in-
put format for training was modified to: rating
||| context ||| chatbot response, where
context includes a fixed number of preceding turns
(minimum of 5), and response is the chatbot’s sub-
sequent utterance. This adaptation aligns PoE with
our dataset’s rating granularity while preserving its
evaluation methodology?.

For fine-tuning, we generated three subsets per
fold, each varying in context length: (a) 3-turn, (b)
4-turn, and (c) 5-turn contexts. Further detail on
the distribution of the turns for each case can be
seen in appendix A.1.

Contexts longer than five turns were excluded
due to the model’s 512-token input limit, which is
typically exceeded with extended interactions.

After restructuring the data to match PoE’s input
format, we obtained a total of 183,000 turns, dis-
tributed in sets of 3, 4 or 5 turns and then distributed
according to each Fold distribution, i.e., 60% for
training, 20% for testing, and 20% for development.
We hypothesize that longer contexts will improve
performance, as additional conversational history
provides more context for rating assignments. Our
experiments aim to validate this hypothesis and

'FinED-Eval (Zhang et al., 2022a), which is intended for
evaluation at dialogue level, was initially considered, but dis-
carded after preliminary experiments showed that fine-tuning
did not yield improvements over PoE.

“Since the dataset lacks turn-level annotations, this ap-
proach was the only feasible way to apply PoE to our data.
To enable a fairer comparison with dialogue-based models,
we experimented with multiple context lengths, allowing the
turn-level evaluation to approximate dialogue-level reasoning.



quantify its impact on evaluation accuracy.

4.2 Large Language Models - LL.Ms

Considering the large improvements in using LLMs
as judges for automatic dialogue evaluation (Li
et al., 2024b; Gu et al., 2024; Zheng et al., 2023),
we consider it important to test their capabilities in
real-user settings. Therefore, we established addi-
tional criteria for selecting suitable models for our
study: (a) The LLM must be instruction-tuned, as
such models demonstrate superior performance in
evaluation tasks (Dai et al., 2024), and (b) To com-
ply with computational constraints, models larger
than 8 billion parameters were excluded, as they
are infeasible to fine-tune or deploy on our current
hardware. Based on these criteria, we selected two
models for different steps of the methodology.

Qwen 2.5 7B Instruct (Yang et al., 2024), an
open-source model by Alibaba, is available on
Hugging Face. Its 7B parameter size aligns with
our computational constraints, and its instruction-
tuning enhances evaluation performance. At
the time of selection, it ranks among the top
lightweight open-source models in the Judge
Arena’, making it the primary model for our ex-
periments. This will be the model used to perform
the Prompt-engineering 4.2.1 and Finetuning 4.2.2
experiments. The main reason for this choice is
that, at the time, its performance as a judge out-
performed all other lightweight models, achieving
results comparable to proprietary models with hun-
dreds of billions of parameters.

On the other hand, we selected Llama 3.2
3B Instruct (Grattafiori et al., 2024), an open-
source model by Meta available on Hugging
Face. The Llama series also show strong perfor-
mance in Judge Arena and LLM evaluator bench-
marks. This version was chosen for its recent re-
lease—which incorporates updated training data
and techniques—while maintaining a small param-
eter footprint, enabling efficient deployment on our
hardware. It is the model we used for the Flag
Extraction experiment (Section 4.2.3).

4.2.1 Prompt-engineering

Our objective is to apply prompt engineering tech-
niques to design effective instructions that guide the
model to accurately perform the task—specifically,
generating a rating for a given dialogue.

We adopt an iterative approach, starting with a
simple prompt and incrementally refining it to em-

3https://huggingface.co/spaces/AtlaAl/judge-arena
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phasize aspects that improve model performance.
To minimize variability across steps, we employ a
zero-shot setup (i.e., no in-prompt examples). In
addition, among the configurable LLM parameters,
we focus on temperature, keeping other settings
fixed. Temperature controls output randomness:
lower values yield more focused and determinis-
tic responses, while higher values increase diver-
sity. To ensure reproducibility and reduce variance,
we use a low temperature and iteratively engineer
the prompt to maximize correlation with human-
provided ratings.

4.2.2 Finetuning

This experiment focuses on fine-tuning the selected
LLM to adapt its internal parameters for evaluat-
ing dialogues in our dataset. Although LLMs can
perform various tasks in a zero-shot manner due to
their training on large, diverse datasets, fine-tuning
can enhance performance for specific tasks.

For fine-tuning, we use the LLaMA-Factory
framework (Zheng et al., 2024). To accelerate ex-
perimentation, we combined the prompts identified
in section 4.2.1, that maximized Pearson correla-
tion. We fine-tuned the model using this prompt
and the dialogues from our database. Low-Rank
Adaptation (LoRA) (Hu et al., 2022) was applied
to improve computational efficiency. Five models
were trained, one per data fold, and evaluated on
the respective test set.

4.2.3 Dialogue-based Feature extraction

During the Alexa Prize competition, we identified
indicators strongly correlated with human ratings
and feedback and developed an automated method
to extract them.

The resulting set of features, referred to as flags,
was defined through manual analysis of conver-
sations with diverse ratings to identify recurring
user patterns. Flag extraction was performed using
prompt-based instructions, following the method-
ology described in Section 4.2.1. For each flag,
the LLM received an instruction prompt and the
conversation as input to determine whether the char-
acteristic was present.

Each flag was validated against manually anno-
tated labels on 50 conversations, and prompt or
definition refinements were applied when discrep-
ancies were observed. In addition to the LLM-
based flags, conversation length in number of turns
was included as a feature and extracted directly.

Flag extraction was carried out using Llama 3.2



3B Instruct. Its smaller size enables faster infer-
ence, and using a different model from the down-
stream Qwen 2.5 7B Instruct reduces potential self-
referential bias.

Six binary flags were defined: confusion, an-
gry, engaging, loop, toxic, and correction. Their
prompts and occurrence rates are reported in Ta-
ble 7 and Appendix A.4. The most frequent flags
are loop and correction, followed by angry, while
engaging and confusion occur at similar rates.
Toxic interactions are rare.

4.3 Regression Model using Dialogue-based
Features

This experiment applies classical machine learning
models for rating prediction. In this case, it takes
the detected dialogue features (section 4.2.3) to de-
rive numerical scores using regression models. The
selected models are classical machine learning al-
gorithms suited for regression in a supervised learn-
ing framework: Support Vector Machines (SVM)
(Cortes and Vapnik, 1995) and Extreme Gradient
Boosting (XGBoost) (Chen and Guestrin, 2016).

The input features for these models include nu-
merical characteristics extracted from each conver-
sation, primarily sourced from the flag extraction
experiment (Section 4.2.3), along with an addi-
tional feature: the total number of dialogue turns.

4.4 Models Combination via Regression

The final approach aims to enhance overall perfor-
mance by combining the different described ap-
proaches (i.e., the encoder-based model from Sec-
tion 4.1, LLMs from Section 4.2, and dialogue
features from Section 4.2.3). By integrating the
best predictions from these methods, the goal is to
maximize Pearson correlation with the true ratings.

The combination strategy involves training a re-
gression model using classical machine learning
techniques; in this case, the same tested in Sec-
tion 4.3, where the input features are predictions
from the various models. Specifically, the follow-
ing model combinations will be explored: (a) a
regression model using dialogue features and PoE
predictions, (b) a regression model using dialogue
features and fine-tuned LLM predictions, and (c)
a regression model incorporating PoE predictions,
dialogue features and fine-tuned LLM predictions.
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5 Results

5.1 Encoder-based models

This section presents the results of the Encoder-
based (PoE) model experiment. The pre-trained
PoE model includes 5 adapters, each trained on a
different dataset as described in Section 4.1. For
this experiment, we fine-tuned all 5 adapters with
our data, combining the diverse knowledge and
context they provide with the characteristics of our
new dataset. Each adapter was fine-tuned and eval-
uated in parallel, and then averaged to contribute
to the final output rating. The learning rate was set
to 1 x 10~°, and training was conducted for up to
10 epochs, although early stopping based on the pa-
tience parameter typically resulted in convergence
after an average of 2 epochs per model.

The fine-tuning data followed a cyclic format
(see section 4.1 and appendix A.1), where each di-
alogue was divided into multiple inputs consisting
of a fixed number of context turns and a corre-
sponding response. The model predicted a rating
for each individual turn (since the dataset is at the
dialogue level, the same overall score was applied
to all turn scores within a given dialogue). The final
dialogue-level score is calculated as the average of
all turn-level ratings considering the corresponding
context length, allowing for direct comparison with
human ratings.

The results are summarized in Table 1, which
shows two models: PoE-base (the pre-trained
model before fine-tuning) and PoE-ft (the model
after fine-tuning). Fine-tuning was performed with
context lengths of 3, 4, and 5 turns. The table re-
ports the average Pearson correlation across the
5-fold test sets for each context length.

The PoE-base model exhibits very low correla-
tion across all context sizes, indicating poor per-
formance on the dataset. In contrast, PoE-ft shows
significant improvement, with Pearson correlation
increasing as the number of context turns increases.
This suggests that incorporating more dialogue con-
text improves the model’s ability to predict rat-
ings more accurately. The best performance was
achieved by PoE-ft with a 5-turn context, which
aligns with our hypothesis that more context would
enhance model performance. While the improve-
ment is modest, the trend is consistent: increas-
ing context length improves Pearson correlation.
Specifically, the 5-turn variant outperforms the 3-
turn version by approximately 7%.



Model # Turns Pearson Correlation
3 turns -0.046 + 0.022
PoE-base 4 turns -0.037 £ 0.020
5 turns -0.047 + 0.023
3 turns 0.289 £+ 0.010
PoE-ft 4 turns 0.302 £ 0.011
5 turns 0.309 + 0.009

Table 1: PoE results on the test set

5.2 Large Language Models (LLMs)
5.2.1 Prompt engineering

The prompt engineering experiment aimed to iter-
atively refine a prompt that enables the LLM to
accurately perform the task using zero-shot learn-
ing (LLM-zero shot). The model used for this
experiment was Qwen 2.5 7B Instruct. Multiple ap-
proaches were explored, tested, and subsequently
discarded throughout the iterative process.

The initial approach involved designing prompts
that emphasized different conversational dimen-
sions typically evaluated in open-domain dialogues
(Mehri et al., 2022), as well as using seed prompts
available from different papers (Zhao et al., 2024;
Zhang et al., 2024b; Mendonga et al., 2023; Zhang
et al., 2022b). The rationale was to identify which
traditional aspects (e.g., naturalness, coherence, flu-
idity, etc.) users prioritized when rating the chatbot.
However, after testing various combinations, no
dimension emerged as significantly more relevant,
leading to the abandonment of this approach.

Our solution was to design a prompt that in-
structs the LLM to output the key aspects asso-
ciated with the user’s provided rating, rather than
manually defining the conversational dimensions.
By analyzing 30 dialogues per rating level, we de-
rived descriptions for each score. The final prompt,
based on these insights, achieved an average Pear-
son correlation of 0.212 + 0.028. The prompt is
provided in appendix A.2.

Despite our solution of defining score-level de-
scriptors, we observed there was a model’s ten-
dency to predict ratings primarily between 2 and
3, rarely assigning 1 or 4, and never assigning
5. This behavior likely resulted from two factors:
(1) the model rarely assigned the lowest rating,
even for low-quality conversations, and (2) due to
large advancements in generative Al, the LLM may
have generated scores consistent with the evaluated
chatbot being underperforming relative to modern
benchmarks, producing rarely higher ratings (i.e.,
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the LL.M exhibited a conservative bias, likely due
by its pretraining on higher-quality dialogues).
Finally, several other variations were tested but
discarded due to lack of improvement. These in-
clude refining the prompt to evaluate only the chat-
bot’s performance (i.e., focusing on chatbot turns)
or replacing numeric ratings with textual labels.

5.2.2 LLM Fine-tuning

Once an optimal prompt was identified in the
prompt engineering experiment, the next step was
to fine-tune the LLM using this prompt (LLM-ft).
Based on preliminary experiments, the selected
model for this experiment was Qwen 2.5 7B In-
struct, fine-tuned using LoRA.

The final hyperparameters and the average Pear-
son correlation obtained are summarized in Table
6 in appendix A.3. The learning rate and number
of epochs were jointly optimized, resulting in a
low learning rate paired with a higher number of
epochs to enable gradual learning. The LoRA rank
was set to an intermediate value to balance under-
fitting and overfitting, given the limited training
set size. LoRA alpha was set to twice the rank,
the standard configuration enhancing effectiveness,
while LoRA dropout was kept low to maintain an
optimal trade-off between training efficiency and
generalization.

The fine-tuned model achieved a 21% improve-
ment in average Pearson correlation compared to
prompt-based evaluation alone. However, despite
this improvement, the overall correlation remains
lower than that obtained in the PoE-ft experiment
with a 5-turn context (Table 1).

5.2.3 Extraction of Dialogue-based Features
5.3 Results using Dialogue-based Features

In this experiment, various numerical features are
used to train classical machine learning models for
rating prediction. The selected features include the
binary flags previously extracted (section 5.2.3 and
the conversation length, resulting in a total of seven
features: confusion, angry, engaging, loop, toxic,
correction, and conversation length.

Two types of regression models were trained:
Support Vector Machines (SVM) and XGBoost. To
identify the optimal hyperparameters for the mod-
els and training data, we performed GridSearch
(systematic search). Table 8 shows the best hyper-
parameters with the corresponding average Pearson
correlation. XGBoost emerged as the slightly best-
performing model. The final Pearson correlation



for XGBoost (0.245) is lower than the results from
PoE-ft with 5 turns (0.309, see Table 1) and the
finetuned LLLM (0.257 in Table 2), but it surpasses
the zero-shot performance observed in the prompt-
engineering experiment (0.212).

5.4 Combined Model Results via Regression

In this experiment, classical machine learning re-
gression models were trained using the best results
from previous experiments. The combinations in-
volved training a regression model (as in the re-
gression experiment) with predictions from other
models as additional inputs. Two models were
tested—Support Vector Machines (SVM) and XG-
Boost—to determine the best fit for the training
data using GridSearch (parameter sweep) for hy-
perparameter optimization.

Three input combinations were tested, each
based on results from prior experiments. For each
experiment, the predictions with the highest Pear-
son correlation were selected. The best results for
the Encoder-based models came from the PoE-ft-5-
turns model, while for LLM predictions, the best
results came after fine-tuning the model.

For PoE regression: The best model combined
dialogue features, conversation length, and PoE-ft-
5-turns predictions. XGBoost outperformed PoE-
ft-5-turns by nearly 10%, with the inclusion of PoE-
ft-5-turns predictions and numeric features refining
the model’s dialogue rating ability.

For LLM regression: The best model combined
flags, conversation length, and LLM-finetuned pre-
dictions. XGBoost outperformed LLM-ft by 18%,
with the flags and conversation length providing
additional valuable information.

For PoE+LLM regression: The best model
combined flags, conversation length, PoE-ft-5-
turns predictions, and LLM-finetuned predictions.
XGBoost again delivered the best result, yielding
an average Pearson correlation of 0.346. This per-
formance surpasses PoE-ft-5-turns by 12% and the
LLM-finetuned by 34%. With respect to the perfor-
mance improvement over LLM regression the im-
provement is substantial, increased by 14%, while
the improvement over PoE regression is more mod-
est, at 2%. Although PoE+LLM regression shows
a higher average Pearson correlation, the difference
is not statistically significant. Comparative results
are shown in Table 11, with detailed results for
each regression algorithm in appendix A.5.
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5.5 Final evaluation

Table 2 presents the comparative results for the
best models from each of the previous experiments,
evaluated on both the test and eval sets. The test re-
sults represent the average across the 5-folds, with
approximately ~2,400 dialogues per fold, while
the eval set, consisting of ~1,300 dialogues, was
specifically reserved for final evaluation to assess
performance on fully unseen data. This ensures that
the adjustments made during the experiments were
not influenced by the test set results. As shown,
the results on the eval set follow a similar trend
to those on the test set, with slightly higher Pear-
son correlation, especially for the final model that
combines all the information.

Regarding the individual experiments, PoE-ft-
S-turns achieved the highest performance, out-
performing both LLM-ft and Feature-based ap-
proaches. Given the broader scope and larger train-
ing dataset of LLM-ft, it would be expected to yield
superior results. However, PoE-ft-5-turns demon-
strated better performance, likely due to the dataset
characteristics. PoE, developed in 2022, was orig-
inally trained on dialogues more aligned with the
chatbot used in this study, whose conversations,
collected in 2023, may exhibit lower quality com-
pared to current genAl models. In contrast, LLM-ft
was trained on higher-quality data, making it less
suited to adapting to the chatbot’s dialogue style,
thereby slightly reducing its overall performance.

Among the combination experiments, PoE +
LLM achieved the highest Pearson correlation, as
anticipated. Each model captures rating informa-
tion from distinct perspectives: PoE adopts a turn-
level approach, LLM operates at the dialogue level,
and regression incorporates additional conversa-
tional features. Their integration enhances perfor-
mance by leveraging complementary insights.

The performance of PoE + Dialogue features
is close to that of PoE + LLM + Dialogue fea-
tures, while LLM-+regression lags behind. This
suggests that incorporating LLM-ft predictions into
PoE+regression has a limited impact. As shown in
Table 2, PoE-ft-5-turns alone outperforms LLM-ft,
reinforcing the dominant influence of PoE predic-
tions in the PoE + LLM regression model.

6 Conclusion and Future lines

This paper presents various approaches for devel-
oping an automatic rating prediction system for
open-domain dialogues between real users and con-



Table 2: Average Pearson Correlation obtained for the best model of each experiment on the test sets and the eval set

Model Test Sets Eval Set

PoE-ft-5-turns 0.309 £ 0.009 0.325 +£ 0.006
LLM-zero shot (prompt engineering) 0.212 £0.028 0.225 £ 0.000
LLM-Fine-tuned 0.257 £0.026 0.264 £ 0.015
Dialogue Features 0.245 £0.013  0.308 +£ 0.000
Dialogue Features + PoE-ft-5-turns predictions 0.339 + 0.009 0.387 £ 0.006
Dialogue Features + LLM-ft predictions 0.304 £0.015 0.347 £ 0.006
Dialogue Features + PoE-ft-5-turns + LLM-ft predictions 0.346 + 0.015 0.404 + 0.010

versational systems.

Among the individual models, the best-
performing approach is an encoder-based evalua-
tion system using the Panel of Experts (PoE) model.
Its superior performance stems from its specialized
design for multi-domain and multi-dimensional dia-
logue evaluation, as well as its training data, which
closely aligns with the evaluated dataset. Contrary
to expectations, fine-tuning an LLM did not im-
prove results, likely due to its strong alignment
with higher-quality, natural dialogues. However,
we would like to highlight our methodology of
using the LLM to automatically analyze the moti-
vations for users to provide a given rating and then
incorporating these motivations into the prompt.

The highest overall performance was achieved
by combining all proposed methods using classical
machine learning models (XGBoost). This integra-
tion enhanced performance by leveraging diverse
methodologies and complementary perspectives on
the data.

Future research directions to further advance this
work include: (a) Investigating alternative fusion
strategies, such as incorporating model outputs into
an LLM with a refined prompt to generate final pre-
dictions, (b) Exploring silver labeling techniques
to assign reliable labels to many unlabeled conver-
sations not considered in the experiments. Expand-
ing the dataset with these labeled instances could
improve model fine-tuning and performance, and
(c) Extending experiments to LLMs with larger
parameters and reasoning capabilities, alongside
the necessary computational resources, to assess
whether larger models offer a deeper understanding
of dialogue characteristics.

Limitations

Despite the promising results reported in this paper,
several limitations must be acknowledged. First,
the performance of the evaluation model depends
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heavily on the quality and representativeness of the
collected dialogues. Because the training data con-
sists solely of conversations from a single chatbot,
the extent to which the proposed methods gener-
alize to other dialogue systems is uncertain. In
addition, although fine-tuning and incorporating
dialogue features improved performance, the re-
sulting correlation values suggest that automatic di-
alogue evaluation remains challenging—especially
in real-world settings where human judgments can
be noisy and may differ substantially from tradi-
tional benchmark ratings. Finally, the use of rel-
atively small LLMs limits the capacity to follow
complex instructions and to assess subtle aspects
of dialogue quality.

From an ethical standpoint, we adhered to
the Alexa competition’s guidelines, utilizing only
anonymized automatic spoken dialogue transcrip-
tions, and non-proprietary LLMs were never em-
ployed (which could potentially improve results).
Although our results are favorable when compared
with a similar model trained on 10 times more in-
domain data (Le et al., 2023), a direct comparison
is not possible due to different datasets, dialogue
systems, and rating conditions. Therefore, future
work should consider new annotated datasets and
the development of normalization techniques for
cross-dataset comparisons, should those datasets
remain relevant.
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A Appendixes

A.1 Cyclic Context Data Structure for Panel
of Experts

To clarify the cyclic context structure used for fine-
tuning and evaluating the Panel of Experts (PoE)
model, Table 3 illustrates the structure for a con-
text of 3 turns, Table 4 for 4 turns, and Table 5
for 5 turns, all based on a 10-turn dialogue. Hu-
man interactions are denoted by "H" and chatbot
interactions by "C," followed by the respective turn
number. The ground truth dialogue score, provided
by the real user, is assigned to all turns within a
given dialogue. During evaluation, the predicted
score across all turns is averaged and then used for
correlation purposes.

Context Response
H1+C1+H2 C2
H2+C2+H3 C3
H3+C3+H4 C4
H9+C9+H10 c10

Table 3: Data distribution for a context of 3 turns

Context Response
Cl+H2+C2+H3 C3
C2+H3+C3+H4 CH4
C3+H4+C4+HS CS5
C8+H9+C9+HI10 Cc10

Table 4: Data distribution for a context of 4 turns
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Context Response
H1+C1+H2+C2+H3 C3
H2+C2+H3+C3+H4 C4
H3+C3+H4+C4+HS5 C5
H8+C8+H9+C9+HI10 Cc10

Table 5: Data distribution for a context of 5 turns

A.2 Final prompt for section 5.2.1

“You are a human score annotator for dialogues.
You are going to be given a dialogue between a
human and a chatbot. Your task is to evaluate the
overall quality of the dialogue with a score between
1 and 5.

1. A score of 1 means there is a lack of coher-
ence, engagement, and relevance, with robotic
responses and disjointed flow making interac-
tions frustrating.

A score of 2 means there’s poor flow, repet-
itive questions, and lack of focus, with
some minor engagement attempts but overall
monotonous and irrelevant responses.

A score of 3 means there’s basic coherence but
struggle with abrupt topic shifts, moderate en-
gagement, and occasional relevance, leading
to an average experience.

A score of 4 means it’s coherent and engag-
ing with a friendly tone and relevant topics,
but some minor repetitiveness and occasional
abrupt shifts are noted.

A score of 5 means it’s smooth, engaging, and
with a friendly tone and natural flow, though
some errors like repetition or excessive detail.

Do not be afraid to assign a score of 5 if the conver-
sation goes well. You should provide your output
with two sections: REASONING with the motives
you assign the score that you do and SCORE with
the assigned score only."
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A.3 LLM finetuning results 5.2.2

Learning rate 5F — 06
Epochs 4
LoRA rank 16
LoRA alpha 32
LoRA dropout 0.1
Average Pearson Correlation  0.257 4= 0.026

Table 6: Best parameters obtained for LoRA finetuning
and Average Pearson Correlation

A.4 Final prompts for flag extraction for
section 5.2.3

The prompts used for each flag can be seen in Table
7.

A.5 Individual regression experiments

Model Hyperparameters Average
Pearson Corre-
lation

"kernel” :rbf
SVM “epsilon’: 0.1 0.243 £0.013
C 10
’colsample_bytree’: 0.8
’gamma’: 0.3
XGBoost ~learing_rate’: 0.2 5451 0013

’max_depth’: 2
’min_child_weight’: 0.3
’n_estimators’: 100

Table 8: Average Pearson Correlation for models SVM
and XGBoost and the best hyper-parameters obtained
using Flag features

Model Hyperparameters Average
Pearson Corre-
lation

"kernel’: poly
’degree’: 2
SVM “epsilon’: 0.001 0.334 £ 0.012
C’: 10
colsample_bytree’: 0.8
’gamma’: 0.2
XGBoost ~lcarning_rate’: 0.2 339 4 ¢ o9

’max_depth’: 2
’min_child_weight’: 0.3
’n_estimators’: 50

Table 9: Average Pearson Correlation for models SVM
and XGBoost and the best hyper-parameters obtained
using PoE predictions and Flag features.



Flag

Prompt

Occurrence

confusion

[...]Your task is to check if the human is aware that is talking to a chatbot and understands the
situation. If the human is aware, you should assign a 0 and if the human is not aware you should
assignal. [...]

29.89 %

angry

[...] Your task is to check if the human is angry during the conversation, giving harsh and
insulting responses to the chatbot. If the human is angry, you should assign a 1 and if the human
is not angry you should assign a 0. [...]

39.36 %

engaging

[...] Your task is to check if the human is engaging in the conversation, answering with long
and meaningful responses to the chatbot’s interactions or if it’s being non-engaging by giving
short and bland responses when the chatbot is providing meaningful answers. If the human is
engaging, you should assign a 1 and if the human is not engaging you should assign a 0. [...]

30.67 %

loop

[...] Your task is to check if the chatbot stays on the same topic when the human is asking to
change it or repeating the same responses during many many turns. If the chatbot is looping, you
should assign a 1 and if the chatbot is not looping you should assign a 0. [...]

60.20 %

toxic

[...] Your task is to check if the human is being toxic, saying racist, sexually explicit or
homophobic comments. If the human is being toxic, you should assign a 1 and if the human is
not being toxic you should assign a 0. [...]

15.66 %

correction

[...] Your task is to check if the human is repeatedly correcting the chatbot along many turns by
indicating that it didn’t understand the human’s response or that the information provided is not
true. If the human is correcting, you should assign a 1 and if the human is not correcting you
should assign a 0. [...]

61.31 %

Table 7: Prompts used to extract flags from the conversations

Model

Hyperparameters Average
Pearson Corre-
lation

SVM

’kernel’: linear
“epsilon’: 0.1 0.301 £ 0.025
C:2

XGBoost

colsample_bytree’: 0.8
’gamma’: 0.2
’learning_rate’: 0.1
’max_depth’: 2
"min_child_weight’: 0.3
’n_estimators’: 50

0.304 + 0.021

Table 10: Average Pearson Correlation for models SVM
and XGBoost and the best hyper-parameters obtained
using LLM finetuned predictions and Flag features.

Model Hyperparameters Average
Pearson Corre-
lation

’kernel’: linear
SVM “epsilon’: 0.1 0.343 + 0.014
’C’: 500
colsample_bytree’: 1.0
’gamma’: 0
XGBoost ~lcaring_rate 0.1 g 3464 015
max_depth’: 2

’min_child_weight’: 5
’n_estimators’: 100

Table 11: Average Pearson Correlation for models SVM
and XGBoost and the best hyper-parameters obtained
using PoE predictions, LLM finetuned predictions and
Flag features.
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