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Abstract 
Enjoyment is a crucial yet complex indicator of positive user ex-
perience in Human-Robot Interaction (HRI). While manual enjoy-
ment annotation is feasible, developing reliable automatic detection 
methods remains a challenge. This paper investigates a multimodal 
approach to automatic enjoyment annotation for HRI conversa-
tions, leveraging large language models (LLMs), visual, audio, and 
temporal cues. Our fndings demonstrate that both text-only and 
multimodal LLMs with carefully designed prompts can achieve 
performance comparable to human annotators in detecting user en-
joyment. Furthermore, results reveal a stronger alignment between 
LLM-based annotations and user self-reports of enjoyment com-
pared to human annotators. While multimodal supervised learning 
techniques did not improve all of our performance metrics, they 
could successfully replicate human annotators and highlighted the 
importance of visual and audio cues in detecting subtle shifts in 
enjoyment. This research demonstrates the potential of LLMs for 
real-time enjoyment detection, paving the way for adaptive com-
panion robots that can dynamically enhance user experiences. 

CCS Concepts 
• Computing methodologies → Model development and anal-
ysis; Supervised learning; Natural language processing; • Human-
centered computing → Natural language interfaces. 
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1 Introduction 
Despite the potential and proliferation of Large Language Models 
(LLMs) that enable conversational robots in various domains, in-
cluding therapy [29], service [4], and care for older adults [20, 25], 
these works still exhibit some limitations that lead to unpleasant 
experiences, underscoring the importance of accurately detecting 
user enjoyment during conversations with robots. While current 
afect recognition systems ofer a glimpse into user’s enjoyment by 
detecting laughter and smiles [30], they fall short of capturing the 
multifaceted expression of enjoyment, especially in conversations. 

In our prior work, we created the HRI-CUES scale [21] using 
manual annotation of user enjoyment in conversations with a robot 
that captures both overall enjoyment and its nuances at the turn 
(exchange) level. In this paper, we focus on methods for automated 
enjoyment detection in HRI by exploring the potential of LLMs to 
rate our scale. We investigate the following hypotheses: 

H1: Specifc prompt design choices and techniques, such as self-
refection [22], enhance LLMs’ ability to accurately interpret 
enjoyment levels from conversation content. 

H2: Multimodal LLMs, by incorporating video and audio, outper-
form text-only in interpreting enjoyment in conversations. 

H3: A supervised learning model that combines LLM outputs 
with temporal, visual, and audio cues improves predictions. 

H4: Participants’ self-reported enjoyment metrics will not strongly 
correlate with automated enjoyment scores as indicated by 
our previous manual annotation study [21]. 
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We test these hypotheses by comparing the performance of dif-
ferent models and prompting techniques against each other and our 
established ground truth, derived from multiple human annotators. 

2 Background 

2.1 What is Enjoyment? 
A variety of theories ofer diferent perspectives on enjoyment. 
One infuential framework is the concept of fow [6]. This theory 
suggests enjoyment arises from engagement and mastery, not re-
laxation. Building on fow theory is the concept of true fun [40], 
requiring fow, playful spontaneity, and social connection. Absence 
of any component may still provide pleasure or some enjoyment, 
but not true fun. In contrast, other models emphasize enjoyment in 
less intense states [34], which aligns with the circumplex model of 
emotion [7, 39, 43]. The circumplex model positions arousal (low 
to high) and valence (negative to positive) as distinct axes. Some 
enjoyment theories [34] prioritize emotions such as contentment, 
even with lower arousal, while others emphasize highly aroused 
states like excitement. The ‘happy’ emotion often directly related 
to enjoyment refects a state of high arousal and high positive va-
lence. A holistic model of enjoyment should then consider the full 
spectrum of enjoyment experiences. Interactions like casual con-
versations may not be highly challenging, yet they contain aspects 
of both arousal and positive emotion. All of these factors become 
relevant when modeling enjoyment in conversations. 

2.2 Assessing Enjoyment 
The most common way to measure enjoyment is through self-
reporting [18, 35, 36, 52]. While domain-specifc measures exist, in 
many human-computer interaction (HCI) and HRI studies, enjoy-
ment is a secondary focus. Specifc domains, such as healthcare, 
measure enjoyment using questionnaires like the Quality of Life En-
joyment and Satisfaction Questionnaire (Q-LES-Q) [8] or the Physi-
cal Activity Enjoyment Scale (PACES) [24]. Enjoyment is often rep-
resented by metrics composed of multiple items [16, 27, 28, 38, 47] 
or more simple single self-reported items [5, 37]. However, there 
are limitations with self-reporting, such as participants confrming 
to researcher expectations [10, 19]. In addition, it is often desirable 
to estimate a user’s feelings from an external perspective when 
self-reporting is not possible or when the goal is to automate be-
havior. Previous studies that take an external perspective on casual 
conversations have measured interaction quality or user satisfac-
tion [42, 48, 50]. Systems that are developed to classify enjoyment 
from an external perspective use simplistic approaches that con-
sider smiles, laughter, and frowns to indicate valence [30]. However, 
externally perceived signals are typically ambiguous and highly 
context-dependent [13, 15]. 

2.3 Automatic Enjoyment Recognition 
With transcription becoming faster and more accurate [41], the 
transcription of a conversation is an important source of informa-
tion about how enjoyable a conversation is. Previous work [45, 49] 
has shown the potential for automatic afect classifcation in text 
using machine learning or rule-based approaches. More recently, 
studies e.g., [31] demonstrate the value of LLMs for classifying 
valence in text. However, modern LLMs might not be as strong 

in classifcation tasks as fne-tuned classifer models, even though 
they outperform humans in explaining the reasons for their classif-
cations [53]. Speech contains more than the words that are spoken, 
there is also prosody, voice quality, and other acoustic features 
that give meaning to the words. For instance, Sagha et al. used 
openSMILE [9] on four diferent speech corpora (including one 
focused on HRI) and trained a classifer to recognize the valence of 
utterances. That study concludes that classifers can be improved by 
training them for the target age group, and their emotion recognizer 
correlates with emotional expressivity. Ma et al. introduces the El-
derReact dataset, a video and audio dataset of elderly individuals 
reacting to short video clips. They show that both facial expres-
sions and voice patterns contain important multimodal features for 
automatic emotion prediction using Naive Bayes, support vector 
machines (SVM), and XGBoost classifers. However, they highlight 
limitations in the models’ accuracy and the need to tailor training 
data specifcally for the elderly population to avoid generalization 
issues. Despite these advances in automatic emotion recognition, 
particularly for older adults [33], there’s a lack of systems specif-
cally targeting enjoyment within conversations. This gap highlights 
the area this paper seeks to address. If user enjoyment can be de-
tected autonomously in a conversation, it opens the possibility for 
interventions to improve the interaction where necessary. 

3 Dataset 
This work builds upon the data from our prior work on the par-
ticipatory design development (two studies) of an autonomous 
companion robot for older adults that uses an LLM for conversa-
tions, as described in [20]. These conversations cover a wide range 
of topics (open-domain dialogue), from discussions on hobbies, ac-
tivities, and politics to information inquiries. A robot interaction 
from a preliminary study with more interaction failures and two pi-
lot interactions from a subsequent study (after robot improvement) 
were used to develop an enjoyment scale. Based on this scale, the 
annotators individually rated 25 robot interactions from the second 
study, with moderate to good alignment. This paper uses the user 
enjoyment scale, and the annotation data from 25 videos. 

3.1 Robot and Setup 
The Furhat robot was used with a neutral-looking face mask. The 
robot smiled, raised eyebrows, shifted gaze, and blinked during 
conversations to reinforce naturalness through non-verbal feedback 
based on silences in user input, albeit without context analysis. 
When the robot stopped listening to the user, the robot looked away 
until a response was generated to illuminate the thinking process. 
A USB microphone array (Seeed Studio) was used to obtain clear 
audio for Google Cloud Speech-to-Text speech recognition. GPT-
3.5 (text-davinci-003, OpenAI) was used for dialogue generation, 
which was the most capable LLM at the time of the studies (March 
2023). An empathetic persona was created by prompting the robot 
to ask open-ended and follow-up questions, and refect on the 
conversation context. Amazon Polly was used for speech generation. 
A wizard interface was used to initiate interaction with the user with 
a pre-scripted phrase. However, the rest of the interaction was fully 
autonomous, based on the user’s recognized speech and responses 
generated by the LLM. The robot ended the conversation after 7 
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minutes with a pre-scripted phrase to ensure user experiences were 
comparable. Details about the robot and setup can be found in [20]. 

3.2 Data Points 
The data features 25 Swedish-speaking healthy older adults (12 
men, 13 women) with a mean age of 74.6 (�� = 5.8) who talked 
individually to the robot for ∼7 minutes. Interaction duration was 
� = 7.4 min (�� = 1.5) with 12 to 29 turns per participant. Each 
turn lasted 5 to 61 seconds (� = 17.7, �� = 7.2). The total duration 
was 174 min, corresponding to 590 turns. The interactions were 
video-recorded by an external camera facing both the participant 
and the robot at a side angle, as well as through the robot camera to 
record the participant’s face. Conversational turns (exchanges) were 
chosen as the basis of annotations, because they were mostly similar 
in duration for participants, as well as to facilitate the exploration 
of user enjoyment through algorithms that can be fed into LLMs 
to improve the interaction continuously. A turn ends/starts when 
the participant stops speaking, ofering the potential for automated 
systems to assess and generate responses accordingly. 

3.3 Annotators 
While a combination of multidisciplinary backgrounds to fully un-
derstand and analyze the multimodal complexity of enjoyment, in 
addition to familiarity with the target population and culture, is 
challenging to fnd in a single annotator, a group of annotators can 
complement each other in such a task. In our prior work [21], three 
annotators with complementary and relevant backgrounds were 
selected to create a user enjoyment scale for HRI and validate it. 
Annotator 1, referred to as A1, specializes in user enjoyment, while 
A2 works on HRI with older adults and cognitive science, and A3 
specializes in multi-modal HRI and cognitive science. The annota-
tors had a mean age of 30 (�� = 2.94). They were native Swedish 
speakers and thoroughly familiar with Swedish culture, which was 
important in understanding the nuances and culture-specifc idioms 
(e.g., ‘beat around the bush’) and proverbs (e.g., ‘even a worm will 
turn’) in conversations for enjoyment detection. Annotators rated 
enjoyment per turn, assessing both the robot’s response and the 
participant’s input, and provided an overall enjoyment assessment 
for the entire interaction. 

4 HRI CUES Enjoyment Scale Prompting 
The Human-Robot Interaction Conversational User Enjoyment 
Scale (HRI CUES) was tailored to assess enjoyment from an ex-
ternal perspective during open-domain dialogue with robots. The 
scale provides a structured framework for measuring user enjoy-
ment, and its validity was established through annotations of the 
dataset presented in the previous section. In this section, we present 
the scale, the rater instructions, and half1 of the examples created 
to represent the annotator’s rating process. These were used (as 
presented) to create a prompt for LLMs that would align with the 
annotators. We italicized the parts that require multimodal (tempo-
ral, audio, and visual) cues for enjoyment detection, which were 
only included in the prompt for multimodal LLMs. 

1The remaining examples are provided in the Supplementary Material and all examples 
can be viewed in this Youtube video: https://youtu.be/VmKvGM0pyec. 

4.1 Scale 
1 Very low enjoyment — Discomfort and/or frustration 
2 Low enjoyment — Boredom or interaction failure 
3 Neutral enjoyment — Politely keeping up the interaction 
4 High enjoyment — Smooth and efortless interaction 
5 Very high enjoyment — Immersion in the conversation and/or 
deeper connection with the robot 

4.2 Rater Instructions 
To rate the exchange higher on the user enjoyment scale (4 and 5), 
look for signs of enjoyment, such as smirking, movement, fow of 
conversation (the topic is moving forward), no strain or discom-
fort, asking questions [to the robot], smooth turn taking, dynamic 
tonality (and dynamic phrasing of sentences), being playful, shar-
ing personal experiences [to the robot], sharing an understanding 
(common ground), and anthropomorphizing [the robot]. 

To rate the exchange lower on the scale (1 and 2), look for signs 
such as low energy, sighing, tiredness, repeated questions [from 
the robot], long breaths, restless movements (i.e., adaptors, such as 
moving in the chair from side to side or changing arm position), fat 
tonality, silence, awkward and negative facial expressions, faring 
nostrils, disengagement cues (e.g., turning away from the robot), and 
topic closure (e.g., “Let’s talk about something else”). 

Neutral enjoyment (3) refers to a lack of these cues, in which 
conversation content (and context) becomes more relevant, such as 
having small talk or continuing the conversation without having 
much interest in the topic. 

In cases where the exchange has cues from multiple levels of 
the scale, use the dominant level in that interaction. This could 
be done by observing the intensity of the cues, the signifcance of 
the cues, or the interaction trajectory. On the other hand, when 
there are strong cues from two moderately or highly distinct levels 
(as opposed to subsequent levels), rate the exchange with a value 
in between. For instance, if the exchange contains discomfort (1) 
and the human is politely keeping the interaction (3), the exchange 
should be rated as 2, the mid-point between the two levels. 

Each participant will have a diferent set of signals. The begin-
ning of the interaction will determine the baseline behavior of 
the participant, based on their rhythm and gestures, from which the 
person could deviate from during the interaction. This means that 
the same type of gesture (e.g., keeping one’s arms crossed) can be 
interpreted diferently between diferent participants. Instead put an 
emphasis on the change in behavior. Separate content from context, 
that is, put attention on what is being said (conversation content, 
e.g., topic), but focus should be on the whole feeling of the exchange. 

The interaction failure does not necessarily refer to a robot failure 
(e.g., incorrect response, speech recognition failure, turn-taking er-
ror, disengagement cue), since robot failures can lead to amusement, 
anthropomorphism, or empathy in the user, therefore, increasing 
user enjoyment. The interaction failure rather refers to the situation 
when either the user (e.g., interrupting the robot) or the robot made 
a failure that resulted in the conversation being disrupted, leading 
to low enjoyment in the user. 

4.3 Examples 
• Participant ID: 1, Turn: 11, Exchange: ROBOT: Oh, I just 
wasn’t sure what you meant. Are you asking why I didn’t wanna 
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go with you? HUMAN: No, I asked where you want to go. Do you 
have a favorite place? 
Reasoning: Human sounds disappointed that the robot misunder-
stood it, repeats the previous question, looks at the experimenter 
3 times (gaze aversion), and sighs before posing their second ques-
tion for clarifcation. Human has low energy. These show signs of 
frustration. Score: 1 
• Participant ID: 1, Turn: 8, Exchange: ROBOT: I am sorry, I 
didn’t understand you. HUMAN: Okay. I will have a walk in nature 
reserve in.. 
Reasoning: Robot interrupts the human while speaking at the be-
ginning of the turn, to which Human raises their head in a slow nod 
with annoyance. Human looks at the experimenter (gaze aversion), 
then repeats the sentence they were saying prior to being inter-
rupted, in a rushed way. Human inhales to fnish their sentence, 
which show signs of boredom. Score: 2 
• Participant ID: 1, Turn: 18, Exchange: ROBOT: That sounds 
great! I love nature too. HUMAN: What kind of nature do you like? 
Reasoning: Robot interrupts Human while speaking at the begin-
ning of the exchange. Human stops talking and makes an awkward 
expression. Robot repeated phrasing (“That sounds X. I love Y too”) 
for the ffth time. “I love nature too” has been repeated three times 
in the conversation. Human nods, smiles, and asks a question to 
move the conversation forward politely. Score: 3 
• Participant ID: 1, Turn: 23, Exchange: ROBOT: Mount Everest 
is about 8848 meters high. HUMAN: Oh, good. Thanks. I didn’t 
know it that exactly. 
Reasoning: Interaction is smooth, there are no interruptions or 
failures. Human is interested in the conversation because the Robot 
understood the Human’s question and responds correctly. Human 
nods in afrmation and responds in high energy. Score: 4 
• Participant ID: 1, Turn: 22, Exchange: ROBOT: I can try. Hu-
man: How high is Mount Everest? 
Reasoning: Robot interrupts the person while speaking. Human 
has fast turn-taking in response to the Robot’s response, showing 
immersion in the conversation. Human smiles, swings sideways in 
the chair, and leans forward, showing excitement, while asking the 
question. Score: 5 

5 User Enjoyment Detection 

5.1 Human Annotator Baseline 
5.1.1 Data properties and distribution. The dataset used in this 
analysis was not designed to provoke dis-enjoyment. On the con-
trary, it was designed to be the best version of what a open-domain 
conversational system could be at the moment. However, at the 
time of writing and the time of the data collection having a conver-
sation with a robot solely by using real-time speech recognition 
systems and text-based LLMs still leads to interaction and conver-
sational challenges [20]. As such, the properties of our data refect 
overall successful interactions with some interaction failures and 
sparing moments of low enjoyment representative of human-robot 
conversations designed with LLMs. Figure 1 shows the distribution 
of the human annotator ratings data, which reveals that the ma-
jority of the exchanges were perceived to be neutral (3). During 
the pre-processing stage, approximately 7% of the words in our 
dataset, located at the ends of utterances (afecting roughly 20% 
of the utterances), were fltered out when compared to a perfect 

Figure 1: Distribution of ratings by annotator. 

transcription. While this may introduce some noise, we believe it 
does not impact the study’s outcomes given the comparative nature 
of our evaluation design. For replication purposes, we are sharing 
the code, dataset, and output for all models2. 

5.1.2 Performance and baseline metrics. The metrics we will use to 
compare our human annotators baseline with automated data will 
be Mean Absolute Error (MAE), Accuracy, unweighted macro F1-
Score (F1) and Balanced Accuracy (BA). MAE refects the average 
error across predictions. Accuracy provides a straightforward mea-
sure of overall correctness (the proportion of total predictions that 
were exactly right). F1 provides a balance between precision and 
recall, taking into account both false positives and false negatives. 
BA ensures each class is treated equally, important for balanced 
performance assessment across all rating categories. Table 1 Part 
1, gives an overview of human annotator agreement, their per-
formance and the performance of a majority baseline where each 
exchange is rated as the most prominent rating (3). 

5.1.3 User self-reported correlations. At the end of each interac-
tion, the participants provided 4 self-reported Likert scale (1 to 5) 
questionnaire items related to enjoyment: 
• (Satisfaction) I was satisfed with my conversation with the robot. 
• (Fun) It was fun talking to the robot. 
• (Interesting) The conversation with the robot was interesting. 
• (Strangeness, reversed) It felt strange talking to the robot. 
The items had high reliability (Cronbach’s alpha = 0.84). These 
self-reported scores were compared against annotators’ overall 
enjoyment scores in two distinct manners. A simple rounded aver-
age of all the annotated exchanges for each participant and a fnal 
overall rating attributed by each annotator. Spearman correlations 
were used across the 4 Likert scale items. No signifcant correlation 
was found for any single annotator. There was only one moderate 
(� = 0.42) signifcant (� = 0.04) positive correlation by averaging 
the fnal overall rating from all annotators with strangeness. 

5.2 Optimizing LLM Prompts for Annotation 
To create an LLM based annotator we tested several prompting 
variations, starting each with: “Given the following scale and the 
current exchange between a robot and a human, rate the user 
enjoyment in the current exchange with an integer value (1 to 5)”, 
referring to the scale in Sect. 4.1. Optional variations included: 
(1) (Instructions) - Adding detailed instructions from Sect. 4.2. 
2Dataset+Code: https://github.com/andre-pereira/ICMI2024LLMsEnjoymentDetection 
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Table 1: Performance metrics for annotator baselines and var-
ious model confgurations. Lower MAE values are preferable, 
while higher values are better for other metrics. The ground 
truth consists of 1770 individual ratings (590 exchange anno-
tations across 3 annotators). Table 1 lines 1-3 excluded self-
ratings (1180 ratings). For each metric we consider model 
predictions and average results across the annotators. 

Part 1 - Annotator Agreement Metrics 
Comparison MAE Accuracy F1 BA 
Annotator 1 0.672 0.450 0.331 0.323 
Annotator 2 0.614 0.469 0.370 0.391 
Annotator 3 0.629 0.456 0.364 0.398 
Annotators Averaged 0.638 0.459 0.355 0.371 
Majority Baseline (3s) 0.615 0.463 0.126 0.200 

Part 2 - Prompt Confgurations with GPT 3.5 turbo 
GPT3.5 Instructions 0.896 0.321 0.222 0.267 
GPT3.5 No Instructions 0.846 0.340 0.212 0.254 
GPT3.5 History 0.891 0.322 0.216 0.268 
GPT3.5 No History 0.845 0.342 0.218 0.247 
GPT3.5 Examples 0.861 0.333 0.215 0.261 
GPT3.5 No Examples 0.895 0.322 0.220 0.260 
GPT3.5 Scores 0.892 0.321 0.214 0.264 
GPT3.5 No Scores 0.867 0.333 0.218 0.259 
GPT3.5 Reasoning 0.905 0.317 0.226 0.280 
GPT3.5 No Reasoning 0.835 0.345 0.207 0.238 
GPT3.5 All features 0.933 0.292 0.232 0.298 
GPT3.5 No features 0.780 0.373 0.213 0.223 

Part 3 - SOTA text-only Model Performance 
GPT4 History+Reasoning 
GPT4 All-Reasoning 
GPT4 All features 
GPT4 No features 

0.853 
0.647 
0.730 
0.651 

0.351 
0.456 
0.407 
0.434 

0.276 
0.242 
0.269 
0.242 

0.315 
0.247 
0.280 
0.244 

Part 4 - Multimodal Gemini Pro 1.5 Performance 
Gemini Hist+Reas 0.786 0.373 0.283 0.308 
Gemini All-Reas 0.763 0.397 0.243 0.254 
Gemini All features 0.856 0.333 0.256 0.286 
Gemini No features 0.807 0.364 0.244 0.275 
Gemini Hist+Reas+2Vid 0.830 0.360 0.266 0.299 
Gemini All+2Vid-Reas 0.859 0.357 0.277 0.300 
Gemini All+2Vid 0.786 0.385 0.275 0.286 
Gemini All+Vid 0.782 0.382 0.294 0.305 
Gemini All+Vid-Reas 0.852 0.365 0.267 0.291 
Part 5 - Multimodal Supervised Learning Performance 

XGBoost Temporal only 0.825 0.389 0.186 0.199 
XGBoost Audio only 0.725 0.441 0.191 0.215 
XGBoost Video only 0.758 0.435 0.186 0.212 
XGBoost All Modalities 0.710 0.462 0.205 0.228 
LSTM LLM only 0.620 0.506 0.230 0.251 
LSTM All Modalities 0.646 0.476 0.207 0.232 

(2) (Examples) - Adding 10 examples, 2 for each rating, to provide 
context and further align with annotator reasoning (Sect. 4.3) 

(3) (History) - Adding the interaction history preceded with the 
text “The history of the dialog is as follows:” and followed by a 
newline and the text “[Exchange X]: [Robot]: ... [Person]: ...”for 
every previous turn in the conversation. 

(4) (Scores) - Adding previous scores for each exchange. This was 
conditioned on having History. 

(5) (Reasoning) - Require the model to reason (similar to the exam-
ples, when they are provided) prior to giving a score of enjoy-
ment. This is akin to using self-refection in LLMs [22], which 
has shown to reduce hallucination and improve performance 
across various tasks, such as formulating plans and strategies 
before generating responses. 

To fnalize the prompt, the following text that includes the actual 
exchange to be rated was added: “According to the scale, rate the 
following current exchange: [Robot]: ... [Person] ...” alongside a 
request for a particular format if reasoning was used : “Reply in the 
EXACT following format: [Reasoning] ... [Score] X” and a simpler 
“Reply with only one integer value between 1 and 5, without any 
additional text!” was added for the variations without reasoning. 

To examine the infuence of these prompt variations, we prompted 
GPT 3.5 Turbo version 0125 with all possible permutations in our 
entire dataset (590 exchanges). We used OpenAI’s API with the 
default temperature parameters and generated 24 new sets of clas-
sifcations for each exchange of the 25 participants. In total 14160 
separate prompts were used in this initial investigation (see Table 
1 Part 2). There was a clear trend that adding more information 
to the prompt made the frst two central tendency metrics (MAE 
and Accuracy) worse and the more outlier-sensitive metrics (F1 and 
BA) better. This is easily perceived when looking at the simplest 
option (No features) that was simply the scale and the exchange 
vs the variation with all the features enabled where the balanced 
accuracy increases by 75 basis points. 

Regarding correlations with user self-reported ratings, a strong 
positive signifcant (� = 0.512, � = 0.009) correlation was present be-
tween the model with all features and user satisfaction. The model 
with Examples+History (� = 0.495, � = 0.011), History+Refection 
(� = 0.424, � = 0.035), No features (� = 0.590, � = 0.002), Instruc-
tions+History (� = 0.561, � = 0.004), and Instructions+History+Scores 
(� = 0.531, � = 0.006) also signifcantly correlated with the same 
item. Regarding the other self-reported items, there was only one 
model (Examples+History+Results) that moderately correlated with 
the fun (� = 0.43, � = 0.012) and interesting items (� = 0.410, � = 
0.042). Curiously, none of the models correlated with the remaining 
item (strangeness), the only human annotators correlated with. 

5.3 State-of-the-art LLM-based Annotator 
Based on the results of the previous section, we selected 4 confg-
urations for further testing: the top performing All features and 
No features, an intermediate model with History+Refection and 
a model with all features except refection. We use these confgu-
rations with the latest model from OpenAI at the time of writing 
(gpt-4-turbo-2024-04-09) to generate predictions for these 4 prompt-
ing confgurations (see results in Table 1 Part 3). 

Similar to GPT3.5, GPT4 models without reasoning outperform 
in MAE and Accuracy. The model with all features except reasoning 
achieved a similar level of performance to the human annotators, 
even surpassing some of the annotators within these metrics. The 
top performing confguration in the other two metrics was the 
model that only contained History and Reasoning. This confgura-
tion excluded the more detailed instructions and examples estab-
lished by the annotators. This resulted in a poorer performance 
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in MAE and Accuracy but a good ‘intuition’ for aligning within 
the less common scale levels in the data (i.e., 1 and 5), as exhibited 
in the BA score. The more balanced confguration was achieved 
by the model that includes all features with MAE and Accuracy 
scores that surpassed all GPT3.5 models and a BA and F1 score that 
approached the best model. 

Regarding correlations with the user self-reported perceptions, 
the only GPT4 model that showed any was All Features. It showed 
the strongest correlations from all tested models and confgura-
tions. It displayed a strong positive signifcant correlation with 
user satisfaction (� = 0.682, � < 0.001), a moderate positive sig-
nifcant correlation with perceived fun (� = 0.444, � = 0.026), a 
moderate positive not signifcant correlation with the interesting 
item (� = 0.365, � = 0.073), and a moderate positive signifcant 
correlation with perceived strangeness (� = 0.473, � = 0.017). 

5.4 Multimodal LLM-based Annotator 
While the previous subsections focused on the textual content of 
the human-robot interactions, we will now focus on using a multi-
modal LLM (Google’s Gemini 1.5 Pro) to include videos (with audio) 
within the prompt. Due to its long context length, and joint training 
on text, image, audio, and video, Gemini can do multimodal reason-
ing [11, 12], making it suitable for enjoyment detection with the 
multimodal cues that annotators used for the scale. Similar to GPT4, 
we evaluated the model with the same four text confgurations, 
with additional fve multimodal confgurations (Table 1 Part 4). 

We complement our multimodal test confgurations in two ways: 
(1) providing two videos (the frontal/robot and side cameras) sim-
ilarly to the data that the human annotators had available when 
annotating with all multimodal cues in the prompt, and (2) with 
confgurations that would be available if implemented on an au-
tonomous system that solely use the frontal camera view from the 
robot’s perspective. The same leading confguration of having all 
features without Reasoning excelled in MAE and Accuracy, whereas 
the text model with only History and Reasoning was on par with the 
video models on BA, slightly exceeding them. However, the most 
balanced confguration with a leading F1 score was the one with all 
features and the frontal video only. The side camera appears to add 
little beneft. The reason we included both cameras for the original 
annotators was to give a better assessment of posture. However, 
by inspecting the reasoning of both models throughout the 590 
exchanges, All Features + frontal video still had 32 mentions of 
posture compared to 36 mentions in the All features + both videos 
confguration. This alongside the superior performance in most 
metrics indicates that multiple videos is not impactful in our setup. 

Also, similarly to the previous models, some Gemini Pro 1.5 con-
fgurations achieved signifcant correlations with self-reported user 
perceptions. The History+Reasoning model (� = 0.471, � = 0.017), 
All Features text model (� = 0.484, � = 0.014), All Features excluding 
reasoning (� = 0.455, � = 0.022) and the multimodal All Features 
model that excluded reasoning (� = 0.420, � = 0.037) all had a 
moderate signifcant positive correlation with user satisfaction. 
The Gemini based text models also exhibited moderate positive 
correlations with reversed perceived strangeness from both the 
History+Reasoning model (� = 0.466, � = 0.019) and All Features 
model that excluded reasoning (� = 0.420, � = 0.036). 

Fig. 2 shows the average per-class accuracy of the best GPT4 
model and the same confguration in Gemini only in textual form 
and the multimodal version. It appears that the multimodal models 

Figure 2: Average Per-Class Accuracies of Diferent Models 

constantly outperform the text-only confgurations in detecting 
very low engagement (Class 1). Incorporating multimodal cues 
can improve the evaluation of perceived enjoyment, bringing the 
models’ reasoning capabilities similar to human understanding. For 
instance, in one of the exchanges in the dataset, the robot gave 
a disengagement cue, “I understand”, which brought the conver-
sation fow to a halt. In return, the participant looked confused, 
and waited 16 seconds before replying with hesitation, “Have we 
fnished talking then, right? Can we continue?”. GPT4 with All 
Features model provided the following reasoning for this excerpt, 
which indicates that it aligns well with the instructions, examples, 
history, and past results: The person’s question suggests a possible 
ambivalence about the continuation of the conversation, indicating 
either a loss of interest or seeking clarifcation on the status of the 
interaction. This could imply a dip in engagement or smoothness of 
the conversation but does not necessarily denote strong discomfort or 
frustration. The person is still participating and inquiring about the 
continuation, which keeps the exchange active. Therefore, the interac-
tion seems to hover around a neutral enjoyment level due to the lack of 
clear positive engagement cues and the presence of slight uncertainty. 
[Score] 3. However, without the temporal, audio, or visual cues 
that display that there was a clear interaction failure, GPT4 was 
oblivious to the extent of the dis-enjoyment in the conversation. 
On the other hand, multimodal models take that a step further and 
also reason about the extra modality that is even more relevant in 
detecting more extreme emotional reactions. The same exchange 
rated by the Gemini model with All Features and videos was: The 
user appears to exhibit a level of boredom or disengagement with the 
conversation. Their question implies a lack of enthusiasm and a desire 
to move on from the current topic. The user’s facial expression and 
tone of voice further support this assessment, as they seem neutral 
and unexcited. [Score] 2. In this case, the three human annotators 
rated the exchange with a 3, a 2, and a 1. 

5.5 Multimodal Supervised Annotator 
Finally, we further attempt to enhance the results from our best 
text-based LLM (GPT4 with all features, given the strong correla-
tion with self-reported user ratings) with two supervised learning 
techniques, namely categorical ensemble XGBoost classifers and 
a LSTM regressor. This allows the comparison of integrating tem-
poral, video, and audio modalities directly into the prompt with 
using solely a text-based model and complementing it with relevant 
multimodal features. 
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5.5.1 Video Features. The Py-feat library [3] was used to analyze 
the 10 frames-per-second videos from the robot’s perspective. 
• Geometric Features: Face Position (FaceRectX, FaceRectY) and 
head Orientation (pitch, roll, yaw) 

• FACS and emotion features: 20 facial Action Coding System 
(FACS) Action Units and 7 facial expressions (anger, disgust, fear, 
happiness, sadness, surprise, neutrality) 
To analyze variability and trends in these features, we computed 

the following statistical measures for each dialog exchange: min-
imum & maximum values, frst & third quartiles, median, mean, 
standard deviation, and interquartile range (IQR). This resulted in 
256 video features being considered per exchange. 

5.5.2 Audio Based Features. We extracted 92 audio features by 
employing the hierarchical wavelet-based method described in [46] 
and the openSMILE toolkit (using the eGeMAPSv02 feature set) [9]: 
• Spectral Features: Features representing characteristics of the 
speech signal’s frequency spectrum (e.g., MFCCs). 

• Prosodic Features: Features describing intonation, rhythm, and 
loudness of speech (e.g., pitch, loudness variations, F0). 

• Voice Quality Features: Features capturing nuances in voice 
quality (e.g., jitter, shimmer). 

• Other Relevant Features: Examples include statistics of for-
mants, zero-crossing rate, and voicing-related features. 

5.5.3 Temporal Features. These features help us understand the 
distribution of conversational time, rhythm, as well as potential 
hesitation or delays from interaction failures within the interaction. 
From manually corrected logs of the interaction, we calculated: 
• Turn Length-Exchange: Total exchange duration. 
• Length-1stPause: Pause duration before a turn. 
• Length-Robot: Robot’s turn duration. 
• Length-2ndPause: Pause duration before participant’s response. 
• Length-Person: Person’s turn duration. 
• 4 Percentage features: The above 4 durations normalized by 
the exchange length. 

5.5.4 Model Training. To classify enjoyment levels, we started 
by employing a categorical ensemble XGBoost classifer [2]. We 
utilized leave-one-group-out cross-validation (LOGO CV) with 
participant-based splits for robust evaluation. Missing values were 
imputed with zeros, and features were scaled before training. Hyper-
parameters were tuned to control model complexity and overftting, 
and early stopping was implemented to prevent overtraining and 
ensure generalization. Notably, we investigated class weights and 
tested optimizing for f1-score to address potential imbalances in 
enjoyment categories but found they had minimal impact. This 
observation, along with the desire to give stronger penalties to 
mispredictions at the extremes of the enjoyment scale, motivated 
us to explore a sequential model with a regression approach using 
mean squared error (MSE) as the loss function. 

For enjoyment regression, we trained a sequential LSTM regres-
sor [17]. We utilized the same LOGO CV with participant-based 
splits. The enjoyment labels were reshaped to match the LSTM’s ex-
pected sequence format. A masking layer was employed to handle 
padded turn values. The LSTM architecture included dropout layers 
for regularization and multiple stacked LSTM layers for learning 

complex temporal patterns. To avoid overftting, we used regu-
larization, early stopping, and a TimeDistributed output layer for 
regression at each timestep. We used a custom masked MSE loss 
function that focused on valid timesteps. 

For each of these two models, we created an additional feature for 
the annotator (integer in XGboost and one-hot encoded in LSTM) so 
that we could use the data from our three annotators. This tripled 
our dataset to a total of 1770 rated exchanges and allowed our 
models to learn each annotator separately. To sample the results 
for the next section we always generated 3 sets of predictions, one 
per annotator and averaged each metric. 

5.5.5 Results. Contrary to expectations, the multimodal super-
vised learning model exhibited decreased performance in some of 
our metrics (see Table 1 Part 5) for predicting enjoyment levels com-
pared to models relying solely on LLM outputs. The models that 
included multiple modalities, while outperforming both the LLM 
models and the human baseline in MAE and Accuracy scores, did 
so at the cost of damaging their F1 and BA scores. These models do 
not have access to the data from the participant they are evaluating 
but can better learn the distributions of each annotator, whereas the 
LLMs are completely blind to the annotation patterns of the annota-
tors. This explains why in our XGBoost modality analysis even the 
model with only temporal features was able to outperform many 
LLMs in MAE and Accuracy scores. Nevertheless, we observed in-
cremental improvements in detecting extreme levels of enjoyment 
with the integration of either audio or visual cues over temporal 
features and the integration of all + LLMs lead to improved per-
formance in our XGBoost classifer. The sequential LSTM models 
demonstrated the highest accuracy and lowest MAE from all tested 
models, indicating a successful replication of human annotators’ 
behaviors. From all these models, we only found one correlation 
with self-reported user perceptions. The LSTM with all modalities 
strongly correlates with strangeness (� = 0.516, � = 0.008), the only 
user rating that was correlated with the annotators. 

6 Discussion 
We formulated four hypotheses to guide our research: 

Hypothesis 1: Specifc prompting techniques enhance text-
only LLMs’ ability to interpret enjoyment levels. Our results 
support this hypothesis. After testing several models and assessing 
how they were afected by each diferent confguration, we coun-
terintuitively found that including detailed instructions, examples, 
dialog history, previous results, and reasoning made the mean ab-
solute error increase and accuracy decrease. The data shows that 
the exchanges are more frequently rated as neutral, which is also 
the majority baseline in our data. Adding more alignment features, 
especially in the stronger large language models, contributed to 
a better classifcation in the non-neutral levels, as refected in the 
improved F1 and BA scores. Nevertheless, within these metrics the 
improvement was still modest compared to human annotators. This 
suggests that text-only prompts are still not able to fully capture 
the nuanced expressions of enjoyment that multimodal cues ofer. 

Hypothesis 2: Multimodal LLMs outperform text-only 
LLMs in interpreting human-robot interactions. This hypoth-
esis was supported by (1) the Gemini multimodal model achieving 
the highest F1 score of all automated models, (2) by comparing 
the reasoning texts between models as exemplifed in the detailed 
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example in Sect. 5.4, and (3) enhanced performance of that model 
in predicting lower enjoyment classes (see Fig. 2). The integration 
of multimodal cues directly into a prompt enhanced the model’s 
ability to detect enjoyment more broadly, demonstrating the crit-
ical role of non-verbal communication in understanding human 
afective states. The accuracy improvement in detecting low enjoy-
ment (Class 1) could be a crucial element for a conversational robot, 
since detecting dis-enjoyment in real-time could enable employing 
possible adaptive strategies to improve the conversation, such as 
changing the topic, injecting more humor, or proactively ending 
the interaction. The capability of analyzing facial expressions, tone 
of voice, and posture are incorporated into Gemini’s reasoning and 
appear to be the cause of this over-performance. The fact that us-
ing only the camera from the robot’s perspective provided similar 
performance to including a side camera also exemplifes that these 
kind of models can be used in real-time settings. 

Hypothesis 3: Combining LLM outputs with temporal, vi-
sual, and audio cues in a supervised model improves pre-
diction performance. Our data does not fully support this hy-
pothesis. Similar to the multimodal LLMs, we found unbalanced 
class improvements when adding other modalities. Audio and vi-
sual features were more impactful than temporal features to distin-
guish between enjoyment classes. While training a sequential model 
to replicate annotators’ enjoyment recognition patterns appears 
straightforward, we did not prioritize this analysis further. This 
decision aligns with observations in afective computing research, 
where it is argued that improvements in afect recognition accuracy 
alone are insufcient [14]. While most supervised models outper-
form human baselines and LLMs, they learn annotator-specifc 
distributions at the expense of the LLM’s broader predictive ca-
pabilities. This is evident in the sequential model trained solely 
on LSTM input from the same annotator: it excels in accuracy 
and MAE by learning that annotator’s scale usage. Despite eforts 
to address imbalances and overftting, models adapt to individual 
annotators rather than learning the nuances of enjoyment itself. 
Though LSTMs seemed promising for capturing enjoyment’s dy-
namic nature, our data suggests that a unifed multimodal model 
might be better for a goal beyond mimicking annotator distribution. 

Hypothesis 4: Participants’ self-reported enjoyment met-
rics will weakly correlate with automated enjoyment scores. 
We expected weak correlations between automated enjoyment pre-
dictions and self-reported ratings, similar to our human baseline. 
Surprisingly, this hypothesis was not supported. Automated scores 
correlated more strongly with self-reported enjoyment than human 
ratings did. This suggests that our LLM-based models, with their 
vast conversational data, may recognize enjoyment patterns that 
human annotators miss. Some text-only LLM models showed strong 
correlations with self-reported ratings, as did several multimodal 
LLMs. Although the supervised models used GPT4, which strongly 
correlates with self-reported metrics, only ‘strangeness’, in the all 
modalities LSTM model showed a strong correlation, similar to hu-
man baselines. This suggests that these models excel at mimicking 
annotators but may not fully capture true user enjoyment. 

6.1 Limitations and Future Research 
While we wanted to focus on natural open-domain contexts, it could 
be benefcial to evaluate enjoyment detection performance within 
scenarios that try to create a more balanced dataset by stimulating 
more extreme positive and negative enjoyment reactions. We also 
did not explore fnetuning LLMs or designing textual prompts with 
information from other modalities. We instead focused on evaluat-
ing the capabilities of zero-shot multimodal LLMs that have their 
own way of tackling this issue. Translating low-level signals to text 
is a complex problem that deserves separate careful investigation. 

6.2 Ethical Considerations 
LLMs pose risks due to potential biases in their zero-shot reasoning, 
even with neutral prompts, which can lead to epistemic harm [23]. 
Personalization, where the LLM adapts to individual user cues, may 
mitigate this. While personalization can improve afective connec-
tion and trust, it introduces risks of selection bias (leading to less 
diverse and potentially less enjoyable conversations [26]) and pri-
vacy concerns if data is stored externally. Our aim was to create an 
autonomous enjoyment detector for real-time conversational adap-
tation, ultimately benefting users. However, similar technologies 
could be misused for persuasion [1, 51]. As LLM capabilities ad-
vance, it’s crucial for the society to understand both their potential 
benefts (as demonstrated here) and the associated risks. 

7 Conclusion 
Our research highlights the potential of LLMs and their integra-
tion with multimodal cues in enhancing the challenging task of 
detection of enjoyment in human-robot conversational exchanges. 
It was clear that stronger state-of-the-art LLMs, with well-designed 
prompts, clearly outperformed preceding models in fully using our 
enjoyment scale, even exceeding the human annotator baseline at 
correlating with users’ self-reported scores. Despite the moderate 
agreement between human annotators, supervised learning tech-
niques signifcantly surpassed annotator performance in predicting 
annotator scores, as exhibited by lower accuracy and mean absolute 
error metrics. However, this increase in performance was often at 
the cost of detecting less represented and perhaps more important 
(dis-enjoyment) levels. This suggests that LLMs trained on large 
conversational datasets may implicitly learn patterns of enjoyment 
expression that makes them arguably more consistent and objective 
at using our scale than the human annotators that help design it. 
Our fndings suggest that LLMs are suitable for designing robots 
that proactively respond to user enjoyment levels, making them 
more capable of meeting the emotional and social needs of users. 
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