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Abstract

People often seek out ways to watch others perform complex
action sequences (e.g., sports). What makes some sequences
more enjoyable to watch than others? We generated 24 video
clips of gameplay from a Flappy Bird-style video game. Clips
varied in difficulty (how often players succeeded on average) and
in moment-to-moment uncertainty (how likely the player was
to crash at any given step). Participants (𝑁 = 864) rated each
video on one of three dimensions: how much they enjoyed it,
how difficult the level appeared, or how dangerous the player’s
trajectory appeared. We found that participants preferred videos
where the player seemed to be completing more difficult obstacle
courses, but dangerousness did not predict enjoyment ratings.
These findings show how procedurally generated stimuli can
isolate the factors that affect how enjoyable an action sequence
is to watch.
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Introduction
On January 25, 2026, over six million people tuned in on Net-
flix to watch Alex Honnold ascend the 1,667-foot Taipei 101
tower—bare-handed, without ropes, and in real time. Specta-
tors weren’t learning to climb themselves, nor did the outcome
affect their lives in any practical way. Rather, they watched for
enjoyment. What makes some performances more enjoyable
to watch than others?

Survey studies have found that spectators enjoy watching
"close contests," "amazing feats," and "skillful plays" (Pirouz
et al., 2015; Pizzo et al., 2018; Zillmann et al., 1989). These
observations suggest a variety of features that may explain en-
joyment, including how difficult a task is or how close to failure
the performer seems moment to moment. However, it remains
unclear what information observers use to form these enjoy-
ment judgments, whether such judgments are shared across
viewers, and whether they track measurable properties of the
events themselves.

One framework linking affective responses to stimulus fea-
tures comes from appraisal theories of emotion, which pro-
pose that feelings arise from how people interpret events
(Ellsworth and Scherer, 2003). Such appraisals can range
from simple evaluations, such as stimulus novelty or uncer-
tainty, to more complex judgments about personal relevance
or threat (Moors et al., 2013; Smith and Kirby, 2012). This
framework predicts that how observers interpret an action
should affect what they feel while watching it.

A long history of research in cognitive science has found

that action understanding involves attending to both the static
features of an environment and the moment-to-moment dy-
namics of actions (Dennett, 1987; Heider and Simmel, 1944;
Wellman, 2002). Adults, children, and infants are sensitive to
the physical constraints that increase action costs (e.g., climb-
ing steeper hills; Gergely and Csibra, 2003; Liu et al., 2017)
and danger (e.g., jumping over deeper trenches; Gjata et al.,
2022; Liu et al., 2022), and they expect agents to minimize
such costs. People also use differences in action trajectories to
infer others’ goals, beliefs, and competence (Jara-Ettinger et
al., 2016, 2020; Liu et al., 2026). For example, inefficient be-
haviors may signal ignorance (Baker et al., 2009) or incompe-
tence (Leonard et al., 2019). These evaluations extend beyond
social inferences. Reasoning about external constraints and
action dynamics also informs judgments about task difficulty
(Gweon et al., 2017; Yildirim et al., 2019) and interestingness
(Holdaway et al., 2021; Martinez et al., 2023).

Here, we investigate whether the same dimensions that ob-
servers use to understand actions also predict their subjec-
tive feelings of enjoyment. As a first step, we consider two
salient features: how challenging the environment is, and the
moment-to-moment dangerousness of the agent’s trajectory.

We developed and tested several competing hypotheses for
how difficulty and dangerousness might affect how much
viewers enjoy a performance. First, viewers might enjoy per-
formances situated in more difficult environments. When suc-
cess seems improbable, observers may derive pleasure from
witnessing novel, unlikely outcomes (Pirouz et al., 2015) or
from appreciating the skill required to overcome challenges
(Barney and Pennington, 2023; Pizzo et al., 2018). Second,
viewers may prefer performances with greater moment-to-
moment uncertainty, as when agents execute risky maneu-
vers or navigate precarious situations. While many theoreti-
cal accounts treat the experience of uncertainty as inherently
aversive (Madrigal et al., 2011), observing the resolution of
such momentary dangers may be rewarding (Kaspar et al.,
2016; Moulard et al., 2019). Third, the two factors may in-
teract: dangerous maneuvers may be especially enjoyable to
watch in high-difficulty environments, where such danger is
necessary for success, but reduce enjoyment in low-difficulty
settings. When safer paths are available, unnecessarily dan-
gerous movements may suggest avoidable errors and imply
lower skill, thus making the performance less enjoyable to
watch. Finally, uncertainty about agent trajectories may not
specifically increase enjoyment but instead amplify emotional
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Figure 1: (A) Schematic visualizations of four stimuli showing the key experimental manipulation (Map difficulty × Dangerous-
ness). Each example shows the same base trajectory (in blue, moving from left to right) in different obstacle layouts (in brown).
Difficulty and dangerousness scores were computed using agent-based simulations (see Methods). Obstacle courses with higher
difficulty scores have a higher rate of failure across simulated trajectories. Higher dangerousness scores reflect trajectories with
smaller margins for error, meaning they would be more likely to result in collision under noisy perception or imprecise motor
control. (B) A single video frame. (C) Participants rated each video on one of three dimensions using a 0–100 slider. The type
of rating task was manipulated between groups of participants. (D) Study procedure. Participants viewed four gameplay videos
(one per Dangerousness × Map difficulty condition) and rated each for either enjoyment, dangerousness, or difficulty.

intensity, regardless of valence (Bar-Anan et al., 2009). On
this account, more dangerous trajectories should elicit more
intense emotional responses — positive or negative — and
produce greater spread or bimodality in self-reported enjoy-
ment. While these four hypotheses are not mutually exclusive,
they make different predictions about the relative contribu-
tions of difficulty and dangerousness to enjoyment.

We test these hypotheses in a video game environment (Fig-
ure 1) modeled after Flappy Bird, a simple single-player game
that has attracted millions of online spectators (Dredge, 2015;
Google, 2014). We generated gameplay videos by simulating
player agents, allowing us to independently manipulate envi-
ronment difficulty and trajectory dangerousness while holding
visual features and outcomes constant (Figure 1A). Partici-
pants viewed these videos and rated each on apparent diffi-
culty, apparent dangerousness, or their own enjoyment.

This design lets us directly test how difficulty and danger-
ousness influence subjective enjoyment. Our analysis focuses
on three questions: (1) the extent to which observers agree in
their judgments of enjoyment, difficulty, and dangerousness;
(2) the degree to which subjective judgments of dangerousness
and difficulty align with model-based estimates derived from
simulated agent behavior; and most importantly, (3) the ex-
tent to which apparent dangerousness and apparent difficulty
predict enjoyment, and whether these features interact.

Methods
Participants
We recruited 905 US adults from Prolific (age: median =
40; gender: 44.2% female, 53.7% male). We excluded 41
participants for incomplete test trials, leaving a final analyzed
sample of 864 participants, evenly assigned across the dan-
gerousness, map difficulty, and enjoyment rating conditions
(𝑁 = 288 per condition). The study took approximately five
minutes to complete, and participants received $1.50 USD in
compensation.

Stimuli
We created 13-second videos from a custom variant of the
game Flappy Bird, starting with a 3-second countdown fol-
lowed by 10 seconds of gameplay footage. In this game,
players navigate a fish through vertical obstacles ("pipes")
by executing discrete upward "jumps", while facing constant
downwards gravity and constant horizontal velocity. A run
ends if the fish collides with an obstacle pipe, the ground, or
the top of the screen.

To control for outcome, all videos show the fish success-
fully navigating exactly 10 consecutive obstacles. We gener-
ated six unique trajectories and created four videos with each
trajectory, following a 2×2 factorial design (low/high danger-
ousness × low/high difficulty). This design lets us decouple
dangerousness from difficulty while controlling for trajectory
shape (see Figure 1A).
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Figure 2: Distribution of enjoyment ratings for each of the 24 videos from highest to lowest mean enjoyment rating. Larger dots
and error bars show the mean and 95% CI; smaller dots show individual ratings (48 per video).

Operationalizing difficulty and dangerousness. Our goal
was to independently manipulate two stimulus features: how
difficult the environment is overall, and the moment-to-
moment dangerousness of an agent’s trajectory. Both features
are defined relative to an agent’s abilities. For example, a
player with slower reaction time may be more likely to col-
lide with nearby obstacles. Because both features depend on
agent ability, we quantified them by aggregating performance
statistics across simulated agents with varying sensorimotor
abilities.

We trained three reinforcement-learning agents to play the
game under different levels of sensorimotor impairment (Low,
Medium, High). Impairment combined perceptual noise (i.e.,
Gaussian noise on the perceived position of upcoming pipes)
and motor noise (i.e., variable jump execution delay, sam-
pled from a normal distribution), with both increasing across
impairment levels. Agents were trained using Proximal Pol-
icy Optimization (PPO; Schulman et al., 2017) to maximize
survival time, yielding control policies adapted to their sen-
sorimotor limitations.

We operationalized dangerousness as susceptibility to im-
minent failure. For each state in a trajectory, we queried the
agent’s learned value function, which estimates expected re-
maining survival time. Because our reward structure equates
survival with cumulative reward, low values indicate states
from which the agent does not expect to survive long. We
averaged the negated value across the full trajectory so that
higher scores indicate greater dangerousness.

We operationalized difficulty as the probability of failing
to complete an obstacle course (Gudmundsson et al., 2018;
Isaksen et al., 2017). For each obstacle layout, we estimated
failure probability from 1,000 simulated runs per agent, then
averaged across all three agents.

Generating videos. Using these dangerousness and dif-
ficulty scores, we created 24 videos following a factorial
design, systematically varying difficulty and dangerousness
while controlling for trajectory shape and outcome (Figure
1A). All videos showed successful completion of exactly 10
obstacles.

We first identified six base trajectories with distinct move-
ment patterns. From 1,000 simulated runs per agent, we
selected the trajectories with lowest and highest mean vertical
movement amplitude within each agent (3 agents × 2 ampli-
tudes = 6 trajectories). This provided diversity in movement
dynamics.

For each base trajectory, we generated potential obstacle lay-
outs that varied in difficulty and dangerousness. We sampled
1,000 collision-free layouts by randomly varying pipe heights
around the trajectory. This established the feasible range of
dangerousness and difficulty scores for each trajectory. We
then selected four layouts per trajectory using extreme per-
centile thresholds (≤ 5th, ≥ 95th), creating a 2×2 factorial
design (low/high dangerousness × low/high difficulty).

Procedure
Participants first read instructions explaining the game rules
and watched a single example video — gameplay in an ex-
tremely easy environment (i.e., large obstacle spacing) — to
familiarize themselves with the dynamics. They were then
randomly assigned to one of three rating conditions (dan-
gerousness, difficulty, or enjoyment), each with condition-
specific instructions (Figure 1C).

Each participant viewed four videos in sequence, one from
each stimulus condition (high/low dangerousness × high/low
difficulty). Videos were presented in two blocks of two. The
two videos within a block shared a base trajectory but were
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Figure 3: (A) Correlations between ratings and model-based estimates for dangerousness and map difficulty. Points show
per-video mean ratings. Error bars show 95% bootstrapped CIs. Best fit lines show linear estimate with 95% CI. (B) Correlation
between map difficulty and dangerousness ratings.

rendered on different obstacle courses, and together the four
videos spanned all four (dangerousness × difficulty) condi-
tions. Each video featured a different colored fish (red, blue,
green, and yellow) to help participants distinguish between
them. The assignment of stimulus condition to video order
and the mapping of fish colors to video order were both ran-
domized across participants.

After watching each video, participants rated it on their
assigned dimension using a continuous slider (0–100). Fol-
lowing each pair of videos, participants completed a forced-
choice comparison, indicating which of the two videos scored
higher on their assigned dimension. After completing all rat-
ings, participants answered a brief post-study survey in which
they explained their judgments.

Results

Viewers reliably judge enjoyment, difficulty, and
dangerousness

We first assessed whether videos elicited consistent judgments
across participants. We assessed stimulus-level reliability us-
ing a permutation-based split-half procedure with Spearman–
Brown correction over 10,000 random splits (Parsons, 2021).

Participants showed strong agreement when judging appar-
ent dangerousness (𝑟𝑆𝐵 = 0.93, 95% CI [0.87, 0.96]) and
map difficulty (𝑟𝑆𝐵 = 0.83, 95% CI [0.71, 0.91]). Par-
ticipants showed moderate agreement in enjoyment ratings
(𝑟𝑆𝐵 = 0.57, 95% CI [0.25, 0.78]). Per-video enjoyment rat-
ings appeared broadly unimodal, with disagreement expressed
as spread rather than clear separation into groups (mean SD
across videos = 22.3). Nevertheless, enjoyment ratings varied
across stimuli with mean ratings ranging from 51.4 to 70.3
(see Figure 2).

Difficulty and dangerousness judgments track
model-based estimates, but difficulty judgments are
also influenced by dangerousness
Next, we assessed whether self-reported judgments aligned
with computed estimates derived from agent-based models.

Dangerousness ratings closely tracked dangerousness esti-
mates (𝑟 (22) = 0.79, 𝑝 < 0.001), indicating that on average,
the judgments aligned with estimated susceptibility to failure
(see Figure 3A). Forced-choice comparisons within partici-
pant provided converging evidence. Forced-choice judgments
of which player was in more danger were near chance when
both clips shared the same dangerousness condition (high-
dangerousness & high-difficulty vs. high-dangerousness &
low-difficulty: 53% vs 47%; low-dangerousness & high-
difficulty vs. low-dangerousness & low-difficulty: 51% vs
49%; 𝑁 = 96 each). When a high-dangerousness clip was
paired with a low-dangerousness clip (𝑁 = 384), participants
chose the high-dangerousness clip on 80% of trials.

Mean map difficulty ratings also correlated strongly with
computed difficulty estimates (𝑟 (22) = 0.64, 𝑝 < 0.001; see
Figure 3A). However, difficulty judgments were also signif-
icantly associated with dangerousness, correlating with both
mean dangerousness ratings (𝑟 (22) = 0.46, 𝑝 < 0.05; see Fig-
ure 3B) and computed dangerousness estimates (𝑟 (22) = 0.61,
𝑝 < 0.01). Pairwise choices within participants corrobo-
rated these results: when high-dangerousness & low-difficulty
videos were paired with low-dangerousness & high-difficulty
videos (𝑁 = 96), participants selected each clip as “more dif-
ficult” about equally often (51% vs 49%). In comparison, ag-
gregating across all pairwise matchups, high-dangerousness &
high-difficulty and low-dangerousness & low-difficulty videos
were consistently judged most and least difficult, respectively.
This pattern suggests that both obstacle layout and trajectory-
level dangerousness shaped difficulty judgments.
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Figure 4: (A) Correlations between enjoyment and dangerousness and map difficulty ratings. Each point represents the mean
rating across participants for one video. Error bars show 95% bootstrapped CIs. Best fit lines show linear estimate with 95%
CI. (B) Amount of variation in enjoyment that is attributable to ratings and trajectory. Y-axis show adjusted R² values from
linear mixed effects models with different predictor terms, indicated on the X-axis. Noise ceiling shows maximal achievable R²,
estimated from the observed between-participant consistency in enjoyment ratings. Grey area indicates the noise ceiling 95%
CI.

Viewer enjoyment ratings track judgments of map
difficulty but not dangerousness
Having established that judgments of dangerousness and map
difficulty are reliable across viewers and track their computed
estimates, we next tested whether these judgments predict
enjoyment.

Videos reported as more difficult were also rated as more
enjoyable (𝑟 (22) = 0.68, 𝑝 < 0.001, 95% CI = [0.32, 0.83]).
By contrast, dangerousness ratings showed no relationship
with enjoyment (𝑟 (22) = 0.11, 𝑝 = 0.62; see Figure 4A). A
multiple regression using both factors to predict average enjoy-
ment across the 24 videos1 explained almost half the observed
variance (𝑅2 = 0.44). Difficulty rating was a strong positive
predictor of enjoyment, whereas adding dangerousness rating
as a main effect did not significantly improve fit over difficulty
alone (nested model comparison: 𝐹 (1, 21) = 1.18, 𝑝 = 0.29;
see Figure 4B). Adding a difficulty × dangerousness inter-
action term increased model fit (𝑅2 = 0.53) without reach-
ing statistical significance (nested ANOVA: 𝐹 (1, 20) = 3.84,
𝑝 = 0.06). We observed a positive interaction (𝛽 = 0.34,
𝑝 = 0.06), suggesting that the enjoyment boost from higher
difficulty was larger when dangerousness was also higher. We
treat this interaction as exploratory given the marginal 𝑝-value
and the small stimulus set (𝑁 = 24).

Next, we examined whether apparent dangerousness influ-
enced the spread of enjoyment responses. We found no ev-
idence for such an effect: dangerousness ratings were only
weakly correlated with the per-video standard deviation of
enjoyment ratings, and this correlation was not statistically

1We also tested mixed-effects models, but with only four ratings
per participant, the data structure did not support stable estimation
of participant-level random effects.

significant (𝑟 (22) = 0.23, 𝑝 = 0.29).
On average, viewers derived more enjoyment from perfor-

mances on tasks they judged to be difficult, while apparent
dangerousness had no consistent effect on enjoyment.

Discussion
People often enjoy watching others in action, but the event
features that drive this enjoyment are not well understood.
Appraisal theories of emotion suggest that subjective feelings
depend on how individuals evaluate the events they experi-
ence, while a long history of work on action understanding
has shown that people readily extract information about both
static environmental constraints and the moment-to-moment
dynamics of agents’ actions. Integrating these perspectives,
we identified two candidate event features: the overall like-
lihood that an agent will succeed in a given environment,
and the agent’s susceptibility to failure at any given moment
along a trajectory. We tested how people respond to these
features using simulated gameplay videos that independently
manipulated environment difficulty and trajectory-level dan-
gerousness.

We found that video enjoyment ratings were predicted by
environment difficulty, with no consistent effect of trajectory-
level dangerousness. This pattern suggests that viewers
primarily derive enjoyment from performances that over-
come difficult environmental constraints, rather than from the
moment-to-moment dangers agents encounter. Notably, this
pattern held even though dangerousness influenced difficulty
judgments themselves, suggesting that viewers extract and
weight environmental difficulty independently of dangerous-
ness when judging enjoyment.

The null effect of dangerousness is striking given that nearly



half of participants spontaneously mentioned dangerousness-
related factors in a post-study survey explaining their re-
sponses. One possibility is that dangerousness mattered to
some degree but was masked by measurement noise due to
individual differences. For example, people differ in their
general propensity to feel positive emotions (Hamilton et al.,
1984) and in their tolerance for risk and uncertainty (Weber
et al., 2002). Participants may also interpret “enjoyment”
in diverse ways (e.g., as excitement, interest, or suspense),
producing heterogeneous responses to the same stimuli. Con-
sistent with this account, inter-rater reliability was lower for
enjoyment than for difficulty or dangerousness judgments. Fu-
ture work should collect more ratings per participant across
a broader set of evaluative dimensions, which would help
separate individual differences in trait-level enjoyment from
inconsistency in how “enjoyment” is interpreted.

However, the contrast between participants’ explicit expla-
nations and our experimental results may reflect more than just
measurement noise. Instead, the contrast may reflect a sub-
stantive dissociation: people’s intuitions about what drives
their enjoyment may diverge from the features that actually
do. This dissociation points to the limits of introspection
as a guide to aesthetic preference, and to the need for mea-
sures of enjoyment beyond self-report. In particular, future
research should complement self-reports with more implicit
measures of enjoyment, including physiological and behav-
ioral measures of emotion and attention (e.g., pupillometry),
and consider continuous measures to distinguish retrospective
evaluations from enjoyment as it unfolds.

In this work, we chose the Flappy Bird environment because
the constrained action space provided a controlled setting
for dissociating environment-based difficulty and moment-to-
moment trajectory dangerousness. However, the correlations
between perceived difficulty and dangerousness suggest that
these factors are not independent appraisals. Viewers may
use inferences about an agent’s competence and intentional-
ity when judging both the difficulty of the obstacle course
and the dangerousness of the agent’s actions. For example,
a dangerous-looking trajectory may make an otherwise easy
layout appear difficult if a competent player genuinely seems
to struggle. Distinguishing these interpretations requires en-
vironments in which players can pursue different trajectories
through the same situation, which would allow observers to in-
fer whether dangerousness reflects task demands, intentional
risk-taking, or lack of competence. Our Flappy Bird environ-
ment is limited in this respect because the obstacle layouts
strongly constrain the range of viable trajectories. Increasing
the range of possible trajectories and playing styles, for ex-
ample by widening obstacle gaps or leveraging games with
richer action spaces, would make it easier to distinguish these
interpretations.

Another limitation of the environment concerns potential
confounds between task difficulty and trajectory shape. Be-
cause difficulty is defined with respect to obstacle positions,
larger height changes between successive pipes both increased

difficulty and required agents to make larger vertical move-
ments. Consistent with this possible confound, we found that
on average, higher-amplitude trajectories were rated as both
more difficult and more enjoyable. This pattern raises the
possibility that the observed difficulty-enjoyment association
may partly reflect responses to movement dynamics rather
than environmental constraints per se. Future work should
disentangle these factors by exploring a wider range of trajec-
tory shapes.

Despite this potential confound, viewer judgments were
strikingly consistent given the brief exposure: participants
viewed just 10 seconds of movement through individual ob-
stacles, yet consistently extracted both difficulty and danger-
ousness. This rapid extraction likely depends on efficient
perceptual processes: observers may track specific diagnostic
cues such as obstacle spacing for difficulty or proximity to
collision for dangerousness. The selective influence of dif-
ficulty on enjoyment also suggests that evaluation involves
more than perception alone: viewers may weight perceived
features by their relevance to evaluative goals, a form of goal-
directed attention (Borji and Itti, 2014). Future work using
eye-tracking methods could reveal whether participants spon-
taneously attend to different features when judging enjoyment
versus difficulty.

More broadly, our approach illustrates the value of using
procedurally generated stimuli to study action evaluation. By
systematically manipulating environment difficulty and tra-
jectory dangerousness within different movement patterns, we
could test precise mechanistic hypotheses about what makes a
performance enjoyable to watch. Our operationalizations —
difficulty as the expected likelihood of success on a task, and
dangerousness as the susceptibility to failure along a specific
trajectory — could be extended to domains beyond simple
arcade games, from board games to multi-agent settings (e.g.,
Collins et al., 2025).

Together, these results identify specific event-level features
— environmental difficulty in particular — that predict spec-
tators’ affective responses, and link the perception of action
constraints to the affect they produce. Enjoyment of unfold-
ing action is not ineffable: it tracks observable features of the
events being watched.
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