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ABSTRACT OF THE DISSERTATION

Symbolic Language, Embodied Worlds:

Multimodal Intelligence in Humans and Machines

by

Yanru Jiang

Doctor of Philosophy in Communication

University of California, Los Angeles, 2026

Professor Richard Alan Clarke Dale, Chair

Language and perception operate over fundamentally different representational regimes: lan-

guage (especially in its textual form used to train models) tends to promote more discrete,

symbolic processing, whereas perception and action are more continuous, gradient, and

grounded in embodied experience. This distinction shapes how both humans and machines

learn, generate, and evaluate information. This dissertation advances a unified account of

how these representational differences influence model behavior and human–AI interaction,

integrating theoretical analysis, computational modeling, and human experiments.

Chapter 1 synthesizes prior work in cognitive science, language models, and multimodal

AI to argue that, while language encodes substantial information about embodied experience

through statistical regularities and compositional structure, it remains constrained by its

reliance on representations of prior experience. Incorporating multimodality provides access

to continuous signals that support the construction of novel shared experiences, while also

enhancing communicative clarity in human–AI interactions.

Chapter 2 introduces a model explainability approach that characterizes the learning tra-

jectories of recurrent neural networks processing linguistic versus behavioral signals. Through

computational modeling, this chapter demonstrates that sequential models encode linguistic
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and gestural inputs in distinct ways, highlighting differences in how discrete and continuous

signals support information processing and learning.

Chapter 3 examines human evaluations of AI-generated news image captions. Despite

strong performance in language generation, models exhibit weaker perceptual and cross-

modal capabilities. This chapter shows that cross-modal context mitigates linguistic heuris-

tics that would otherwise bias judgments under text-only evaluation. Chapter 4 introduces

Visual Narrative Freedom, a property emerging from loosely coupled image–text relationships

in real-world multimodal communication. By systematically varying textual constraints, this

chapter illustrates that higher degrees of freedom increase the diversity of generated images

and can shift user preferences—sometimes favoring AI-generated images over human-selected

ones in high-stakes civic domains.

Overall, these contributions establish a theoretical and empirical framework linking rep-

resentational structure to model behavior and human perception. This dissertation demon-

strates that multimodal intelligence is not merely an additive interface, but is fundamentally

shaped by the structure of the representations through which information is encoded, influ-

encing both system performance and human–AI interaction.
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CHAPTER 1

Introduction

What Does Multimodality Add Beyond Language?

Abstract

Language and perception operate over distinct representational regimes: language (espe-

cially in its textual form used to train models) tends to promote more discrete, symbolic

processing, whereas perception and action are more continuous, gradient, and grounded in

embodied experience. This distinction constrains how foundation models trained on each

modality learn, generalize, and interact. Rather than focusing on downstream capabilities,

this position paper examines multimodality through the lens of representation. These differ-

ences have been extensively studied in cognitive science, often framed as the debate between

symbolic (e.g., LLMs) and embodied cognition (e.g., multimodal AI). Synthesizing insights

from these traditions, I argue that language encodes substantial information about embodied

experience through statistical regularities and compositional structure, but remains limited

by its reliance on representations of prior experience. Incorporating multimodality provides

access to continuous signals that support the construction of novel shared experiences, while

also enhancing communicative clarity and enabling co-participation in human–AI interac-

tions. From this perspective, multimodality is not merely an additive interface, but reflects

fundamental differences in representational regimes that shape model intelligence.
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1.1 Introduction

Recent advances in large language models (LLMs) demonstrate that language systems can

exhibit surprisingly rich cognitive and reasoning abilities [248, 247, 41]. As foundation models

increasingly integrate multiple modalities [48], a fundamental question remains: how does

multimodality contribute to intelligence beyond what can be acquired from language alone?

At first glance, the benefits of multimodality appear straightforward. Integrating vision,

audio, and other perceptual channels enables capabilities that are difficult to achieve through

language alone, including spatial reasoning, perceptual grounding, and the generation of rich

multimodal content such as images, speech, and music [20]. More recently, multimodality

has become central to building world models—systems that capture physical dynamics and

predict future states under different actions [99, 100, 133, 48]. These advantages are well-

recognized and have driven rapid progress in multimodal AI systems.

In this Chapter, I take a complementary perspective. Rather than focusing on down-

stream capabilities or architectural design, I examine multimodality through the lens of

representation, bridging AI advances with model explainability grounded in cognitive prin-

ciples.

Language and perception are often characterized as operating over distinct representa-

tional regimes: language (especially in its textual form used to train models) tends to promote

more discrete, symbolic processing, whereas perception and action are more continuous, gra-

dient, and grounded in embodied experience [92, 11, 80, 266]. This distinction constrains how

foundation models trained on each modality learn, generalize, and interact [173, 232, 111].

The differences between language and perception have been extensively studied in cognitive

science and linguistics, often framed as the distinction between symbolic cognition1, derived

1To avoid ambiguity, it is important to distinguish symbolic cognition from classical symbolic AI. In the AI
literature, symbolic AI typically refers to rule-based, explicitly programmed systems that operate over hand-
specified symbols and logical rules, whereas neural or numeric AI refers to systems that learn distributed
representations through gradient-based optimization [129]. In this review article, I use symbolic cognition to
describe a representational property—the use of amodal, language-mediated representations—rather than a
commitment to a particular computational paradigm.
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from the amodal language system, and embodied cognition, which emphasizes the activation

of multimodal perceptual systems [153, 130, 242, 38]. The distinctions drawn throughout

this dissertation should not be interpreted as strict dichotomies. Language acquisition is

deeply grounded in embodied and social experience, and linguistic representations encode

substantial information about perception, action, and interaction accumulated across hu-

man communication and cultural use [153, 152, 79]. Likewise, perceptual modalities are

not inherently “non-symbolic,” as grounded and continuous sensory signals can also become

abstracted into discrete categories and structured representations, such as visual, auditory

or kinetic semantics [260, 158, 154, 247, 120]. Thus, terms such as symbolic, embodied, per-

ceptual, and multimodal are used here to describe differences in representational emphasis

rather than mutually exclusive forms of cognition2.

Synthesizing insights from these traditions, I argue that language encodes substantial

information about embodied experience through statistical regularities and compositional

structure, enabling efficient abstraction and generalization. However, it remains limited by

its reliance on representations of prior experience. In contrast, perceptual modalities provide

access to continuous signals that support the construction of novel shared experiences, while

also enhancing communicative clarity and enabling co-participation in human–AI interac-

tions (see Table 1.1 for a summary of the theoretical frameworks).

From this perspective, multimodality is not only about expanding the range of tasks that

AI systems can perform, but about introducing qualitatively different forms of information

that reshape how models encode and represent knowledge [186, 111, 16, 261, 51], generalize to

new domains, and interact with other agent and humans [9]. Thus, my perspective redirects

attention from multimodal capabilities as application-level features to multimodality as a

representational and information-theoretic property.

This perspective has practical implications. Many current challenges—such as inconsis-

2The partially interchangeable use of terms such as multimodal, embodied, and perceptual in this chapter
reflects how prior scholarship has often employed these concepts within broader debates surrounding symbolic
and embodied cognition [46, 275]. More precise distinctions between these terms are summerized in the
conclusion section of this chapter (Section 1.3).
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tencies in cross-modal safety alignment driven by superficial modality-specific cues rather

than shared representations [77], spurious correlations between visual and textual modalities

in Visual Question Answering tasks [246], and divergent failure patterns in textual versus

visual analogical reasoning [13]—can be understood as mismatches or imbalances in how

information is represented and integrated across language and perception.

Addressing these issues requires not only better architectures and benchmarks, but a

more precise understanding of modality-specific representations and their interactions. In

the following sections, I first review relevant theoretical frameworks on symbolic and em-

bodied cognition, examining how these representational differences manifest in contemporary

language and multimodal models. The concluding section of this chapter synthesizes these

theoretical perspectives and connects them to the empirical and methodological contribu-

tions presented in the rest of the dissertation.

Table 1.1: A theoretical comparison of symbolic and embodied approaches to AI, with key

arguments presented in each paradigm.

Symbolic Cognition Embodied Cognition

Language encodes sufficient embodied in-

formation to represent, communicate, and

problem-solve.

Perception intertwines with language com-

prehension.

Key Arguments

Language can isomorphically represent con-

cepts through structured mappings to per-

ceptual experience.

Embodied systems facilitate continuous

learning and flexible reasoning at greater ca-

pacities.

Contemporary language models can extract

and compose high-level constructs from lin-

guistic input.

Multimodality enhances interpersonal com-

munication for embodied agents.
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1.2 Classic Debates on Symbolic and Embodied Cognition

The question of whether intelligence can arise from language alone or requires perceptual

and embodied grounding has long been debated in cognitive science [130, 242, 38]. This de-

bate centers on two contrasting perspectives: symbolic cognition, which views language as an

amodal system where the meaning of a word can be purely derived from the statistical com-

putation of its associations with other words, and embodied cognition, which contends that

the comprehension of an item involves the activation of perceptual and embodied experiences

[153].

Considering the classic example of a rose, symbolic cognition argues that the meaning

of “rose” is derived from associations with words like “flower”, “red”, “thorny”, “romance”,

and “love”. Embodied cognition posits that the meaning of “rose” is activated through its

texture, color, scent, and the occasions on which people tend to perceive it [46, 275]. To

distinguish these perspectives, scholars have used terms like “amodal”, “symbolic”, and “se-

mantic” to describe the former system, and “(multi)modal”, “embodied”, and “perceptual”

to describe the latter.

1.2.1 The prominence of symbolic cognition in language models

Before turning to the limitations of language-only systems, I first examine the strongest case

for symbolic cognition in contemporary models. A long-standing line of work in cognitive

science and computational linguistics suggests that language itself encodes rich information

about the physical and social world [23, 76, 131, 117, 228].

This perspective rests on two core claims. First, linguistic representations are shaped by

statistical regularities that reflect perceptual and experiential structure in the world, leading

to an approximate isomorphism between language and physical concepts [153]. Second,

recent advances in LLMs demonstrate that modern transformer architectures can extract

and recombine compositional structure from text to form high-level constructs for advance

reasoning abilities [88, 219].
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1.2.1.1 Isomorphic mapping between language and the world

The symbolic interdependency hypothesis proposes that language inherently encodes em-

bodied structure through the correspondence between linguistic and perceptual structures

[153, 152]. This view holds that language evolves as a communicative shortcut for navigat-

ing the physical and social world, such that statistical regularities in text reflect regularities

in perception and experience. As a result, language representations can serve as an effec-

tive proxy for perceptual understanding, and these correspondences can be recovered by

statistical models [228].

Empirical evidence from language models increasingly supports this claim. Across lan-

guages, unsupervised machine translation can achieve precision levels exceeding 85%, sug-

gesting that semantic spaces share approximately isomorphic structure [228]. More recently,

Gurnee and Tegmark [79] demonstrate that Llama 2 embeddings can linearly map to repre-

sentations of space (world, United States, and New York City) and time (historical figures,

artwork, and news) across multiple scales. Cross-modal alignment has been observed in

speech and written language [36], color perceptual encoding [1], grammatical gender biases

[28, 272], and between language models (e.g., BERT, GPT-2, and OPT) and image models

(e.g., ResNet-152) through weak linear realignment over limited image–text pairs [228].

These cross-linguistic and cross-modal findings support a reasonable belief that that lan-

guage representations are (near-)isomorphically to the physical world, such that mappings

between linguistic and perceptual systems can emerge even in the absence of direct supervi-

sion (see Figure 1.1 for an illustrative example) [228, 160].
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Figure 1.1: Three pairs of potential semantic and perceptual vector spaces indicate the pos-

sibilities of isomorphic mapping between the two systems. Upper left: The mapping is nearly

impossible if the color terms are positioned in perfectly equidistant positions on a sphere

(i.e., the linguistic and physical representations of colors have perfectly parallel distributions)

[160], making any mapping unidentifiable. Upper right: The ideal distribution of semantic

and embodied representations can facilitate one-to-one isomorphic mapping between the two.

Bottom: The more realistic representational distribution in our current AI models and the

real world–linguistic and embodied systems are not parallel but also not one-to-one. Each

system situates with a unique positioning, with some amount of correlation between the two

systems enabling realignment [228].

1.2.1.2 Compositional extraction in transformer models

Beyond representing individual concepts, language exhibits compositional structure—the

ability to construct complex meanings from simpler constituents [129]. This property is

central to human cognitive productivity, enabling an open-ended space of combinations from

finite primitives [47, 17, 95, 129, 159]. Modern language models, particularly transformers,

have demonstrated remarkable capacity for extracting and leveraging this compositional

structure [88].
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Evidence from cognitive modeling suggests that compositional representations emerge

through hierarchical organization rather than mere word co-occurrence. Human language

processing has been argued to rely on multilevel “chunk-and-pass” mechanisms, in which lo-

cal dependencies are abstracted into progressively higher-level representations, from lexical

units to phrases and discourse [34, 85]. This mechanism allows language to be quickly over-

written and interfered with by incoming new information during communication, supporting

flexible comprehension and memory [34, 85, 63].

Artificial neutral networks are particularly well suited to extracting this form of structure.

A widely cited explanation for the success of deep learning is its ability to learn hierarchical

representations through layered nonlinear transformations [134]. In vision, CNNs have been

shown to learn representations that align with neural processing stages from early sensory to

higher-level cortical areas [2, 165, 132]. In language, even simple recurrent networks capture

aspects of compositionality by modeling long-range dependencies beyond local co-occurrence

statistics [43, 33, 35, 59].

Among deep learning architectures, transformer models offer a particularly powerful sub-

strate for compositional structure extraction. Previous work shows that different transformer

layers correspond to distinct levels of linguistic processing in the human brain, ranging

from phonemic and lexical representations to higher-level semantic and discourse features

[88, 102, 74]. Layer-wise analyses further reveal temporal alignment between transformer

representations and evolving neural activity during comprehension [74].

Importantly, language models trained on next-word prediction objectives show substan-

tial alignment with neural and behavioral measures of human language processing [219, 74].

In particular, autoregressive models appear to capture aspects of incremental prediction and

contextual sensitivity observed during human comprehension, consistent with theories that

predictive processing plays a key role in language understanding [3, 230, 74]. Rather than

implying that language models mechanistically implement human cognition, findings from

brain–model correspondence studies suggest that predictive language modeling may provide

a useful computational framework for understanding aspects of human language processing.
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1.2.2 The necessity of embodied cognition via multimodality

Embodied cognition posits that language and other cognitive processes are inseparable from

perception and action systems, as human cognition integrates symbolic representations with

grounded experience [11, 46, 249, 187, 227].

Despite the near-isomorphic mapping between language and the external world [228],

linguistic representations remain compressed abstractions of experience, omitting much of

the perceptual detail present in real-world signals [92]. In contrast, perceptual modalities

provide access to richer, more continuous information from which many abstractions are

derived [11, 80, 266].

Consider a scenario in which we need to identify who is seated to the left of a person

wearing a yellow shirt. Solving this problem purely in symbolic terms—by specifying object

attributes, spatial coordinates, and relational constraints—requires discretizing what is in-

herently a continuous spatial configuration. In doing so, important relational structure may

be lost or only approximately captured (e.g., small angular differences or partial occlusions).

By contrast, human perceptual representations preserve the continuous organization of the

scene, allowing spatial relations to be directly accessed rather than reconstructed.

This asymmetry suggests that some aspects of embodied experience may be difficult to

fully specify through language alone, particularly when fine-grained perceptual, spatial, mo-

tor, or affective information must be compressed into discrete symbolic descriptions [71].

One way to formalize this view is to treat discreteness as a special case of continuous repre-

sentation [190], suggesting that novel or fine-grained knowledge may exist outside the space

of discrete linguistic encoding [232].

Multimodality therefore does not merely expand the range of tasks that intelligent sys-

tems can perform, but broadens the representational resources available for learning and

interaction. In particular, embodied signals support (1) the acquisition of non-verbalizable,

experience-based knowledge and (2) richer channels of information transmission that enhance

interpersonal coordination.
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Notably, the language–perception asymmetry discussed here is bidirectional. As the pre-

vious section highlighted, language enables forms of abstraction, categorization, and com-

positional generalization that may be difficult to derive from perceptual experience alone

[156]. Linguistic symbols efficiently compress and communicate relational structure across

contexts, allowing humans to reason about hypothetical, temporally distant, or non-present

entities in ways that raw perceptual signals do not directly support [60, 277, 115]. In this

view, language and embodied perception provide complementary rather than competing

representational resources.

1.2.2.1 Embodied knowledge in multimodal systems

Despite language being approximately isomorphic to the external world, not every concept is

explicitly verbalized in human communication. One shortcoming of symbolic system is that

most knowledge initially develops and is acquired through embodiment [182, 183]. Creating

an intellectual agent reliant solely on language constrains its ability to “learn-to-learn” con-

cepts rooted in embodiment. Throughout our developmental stages, I progressively grasp

the idea of more abstract concepts, such as gravity and inertia, out of more primitive per-

ceptions, like motion and stability [57]. More specifically, understanding the concept of a

“chair” relies on an understanding of seating [161]. The difficulty of achieving one-to-one

cross-language mapping arises because language is deeply rooted in sensorimotor or bodily

processes that shape how I perceive and construct the world [206].

There is ample evidence from neuroscience and behavioral studies that the perceptual

and motor systems regularly interact with the brain for cognitive development [11, 206, 44].

Studies show that processing action words (e.g., “kick,” “pick,” “lick”) activates somatotopic

regions of the motor cortex corresponding to the relevant body parts [82]. Physical properties

like shapes or gestures can only be fully comprehended through motor experience. [245]

demonstrate that I distinguish the shape between a “circle” and an “ellipse” based on how

I draw them (i.e, a circle involves a constant movement, whereas an ellipse involves slowing

down at the extremities). This body of evidence suggests that conceptual representations
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are not purely symbolic but inherently multimodal, with meaning emerging from integration

across perceptual and motor systems [128].

Furthermore, embodied knowledge often remains implicit—not easily articulated or for-

malized. Humans routinely rely on physical intuition to navigate the world, forming judg-

ments without explicit symbolic reasoning by drawing on accumulated perceptual and motor

experience [56, 55]. Such intuitions (e.g., recognizing that certain car shapes suggest speed

or that specific animal features signal danger) are readily deployed but difficult to articulate,

and attempts to formalize them often reveal inconsistencies [71]. Even when physical laws

can be stated explicitly, humans frequently solve intuitive physics problems by leveraging

prior perceptual–motor encounters (i.e., exemplars), without explicitly understanding or ver-

balizing the underlying physical rules (i.e., the symbolic system) [97, 65]. This suggests that

much of our physical understanding is encoded in perceptually grounded representations de-

rived from exemplars rather than crystallized in language [96, 98]. While language models

can learn statistical regularities in textual descriptions of physical concepts [247, 79], human

cognition may also rely on perceptual, motor, and other multimodal experiences that are

only partially articulated through explicit language [94, 205].

1.2.2.2 Enhancing interactive capacities through multimodal communication

As AI systems become more embedded in interactive environments, their role extends be-

yond problem-solving to “interpersonal” and collaborative settings [9, 14, 224], transcending

distinctions between different types of actors, whether human–AI, AI–AI, or hybrid inter-

actions. This introduces a qualitatively distinct dimension of intelligence: interpersonal

coordination, which relies heavily on multimodal cues beyond language.

Human communication involves complex co-creation processes for effective message en-

coding and decoding. While speaking, our gestures and gazes constantly inform our con-

versation partner about where we are directing our attention as we share linguistic content

[43]. We modulate volume, pitch, and speech rate during verbalization to draw attention.

Multimodal channels enhance the decoding accuracy of the fleeting communicative events,
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serving as a backup plan in case any of the channels fail to effectively deliver the message,

thus preventing repetition and misunderstandings [123]. Additionally, they optimize the

amount of information that can be shared concurrently to maximize time efficiency [122].

Similarly, embodied agents can leverage multimodal channels, such as gaze and micro-

gestures, to signal attentional focus and communicate intent more effectively, drawing on

shared nonverbal social cues and reference resolution to support cooperative interaction.

Although language is highly structured and explicit, with innate syntactic compositionality

that facilitates abstraction and short-term memory, it also imposes a relatively high cognitive

load compared to other motor signals. Combining this linearly structured, efficient channel

(i.e., language) with less stable but complementary nonverbal signals enables multimodal AI

systems to coordinate coherent courses of action and dynamically assemble composite agents

[62, 43].

Current language-only systems face persistent challenges in inferring user intent without

access to nonverbal and contextual cues that humans routinely use during interaction [21, 9,

42, 18]. This limitation does not imply that text-based communication itself is ineffective:

humans routinely communicate successfully through text-only channels. However, humans

bring substantial embodied, social, and situational priors accumulated through multimodal

experience, as well as access to contextual information that language models often lack,

allowing them to compensate for missing cues and infer implicit intent from sparse linguistic

signals [40, 9]. Without shared common ground grounded in co-presence, language models

often struggle to select appropriate levels of detail, pace responses to user needs, or align

with users’ implicit expectations [9].

More broadly, situated context constrains and clarifies communicative intent in ways that

are difficult to fully encode in symbolic form [22, 18, 9, 42, 110]. Nonverbalizable social heuris-

tics—such as turn-taking, reciprocity norms, and longer-term relational expectations—are

rarely explicitly scripted in interpersonal interaction and instead are shaped through embod-

ied, multimodal interaction, where timing, contingency, and responsiveness across encounters

play an essential role [4, 21]. Shared environments further condition interaction: conversa-
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tional norms differ across settings such as business meetings versus informal gatherings, and

this contextual information is directly available to agents co-present in physical space [22, 14].

Without access to such situational grounding, LLMs face inherent limitations in interpreting

intent and appropriately constraining interaction.

1.3 Conclusion

This dissertation addresses a central question: why do models and humans differ in their

competencies in language and perceptual processing, given the distinct properties of these

signals, and how does this asymmetry affect downstream human–AI interaction?

This introductory chapter (Chapter 1) advances a representational perspective on mul-

timodality, arguing that language and perception contribute fundamentally different forms

of information to intelligent systems: language is discrete and symbolic, whereas perception

is continuous and grounded in embodied experience. Rather than treating multimodality as

a set of capabilities, this perspective emphasizes that it provides access to continuous sig-

nals that support non-verbalizable, experience-based knowledge and enhance communication

through richer channels.

Following the conceptual framework introduced in Chapter 1, this dissertation uses terms

such as symbolic and embodied to describe differences in representational emphasis rather

than strict cognitive dichotomies. In this context, symbolic primarily refers to representa-

tions mediated through language and discrete compositional structure, particularly in the

textual training data used in modern language models. By contrast, embodied refers to

representations grounded in perceptual and action-oriented signals that are typically more

continuous, temporally correlated, and situated in sensory experience. Although perceptual

inputs are ultimately discretized during model training (e.g., pixels, patches, or tokens), they

originate from continuous physical and sensory processes that retain richer spatial and tem-

poral structure than textual representations alone. Similarly, multimodality refers to systems

that integrate information across representational formats, including language, vision, audio,
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and behavioral signals. Therefore, multimodal systems are not simply adding modalities,

but combining complementary forms of information that may compensate for limitations in

any single representational channel, thereby providing richer and relatively more continuous

representations than language-only systems.

The theoretical arguments presented in this chapter provide a foundation for investi-

gating multimodal intelligence in both computational systems and human–AI interactions.

The following chapters combine methodological and empirical approaches to examine how

differences between linguistic and perceptual modalities shape model behavior and human

interaction with multimodal AI.

Chapter 2 introduces a model explainability framework to characterize differences in the

signal properties of linguistic and perceptual inputs. Using sequential models (e.g., recurrent

neural networks), it traces learning trajectories across tasks such as sentence and gesture

classification. This approach reveals qualitative differences in how models process and learn

from discrete linguistic signals versus continuous behavioral signals.

Building on these differences, Chapters 3 and 4 examine multimodal tasks in naturalistic

human-AI interaction contexts. While embodied cognition broadly encompasses perceptual,

motor, social, and kinesthetic processes, the empirical chapters of this dissertation focus

primarily on language-perception interactions—particularly photographic imagery in news

contexts—as tractable and ecologically grounded case studies for examining how different

representational regimes shape learning, generation, and evaluation in humans and AI sys-

tems. Chapter 3 investigates image captioning, showing that while models exhibit strong

linguistic fluency, they remain limited in perceptual and cross-modal reasoning. As a re-

sult, cross-modal context mitigates linguistic heuristics that would otherwise bias human

judgments under text-only evaluation.

Chapter 4 extends this analysis to image generation, identifying a phenomenon of loosely

coupled image–text alignment that is common in real-world multimodal communication but

often overlooked in training paradigms. This looseness gives rise to Visual Narrative Freedom,

whereby text-to-image systems can generate diverse and plausible visual interpretations.

14



Under such conditions, generated images can become highly persuasive to human observers,

even in high-stakes domains, despite known stylistic limitations relative to real images.

Focusing on language–perception systems as a starting point provides important method-

ological advantages for empirical multimodal AI research. Vision-language tasks enable

relatively controlled experimental designs with scalable multimodal datasets, standardized

evaluation settings, and high-fidelity stimuli enabled by recent advances in foundational

vision-language and image generation systems. These properties make language–vision in-

teraction a scalable and ecologically grounded domain for studying broader questions about

multimodal and embodied intelligence. At the same time, the implications of the findings

presented in Chapters 3 and 4 primarily concern perceptual modalities, particularly vision,

rather than the broader range of embodied processes, including motor, social, auditory, and

kinesthetic dimensions. The broader implications of this work are intended to motivate

future research on multimodal intelligence beyond language–vision systems alone.

Together, this dissertation demonstrates that multimodal intelligence is not merely an ad-

ditive interface, but is fundamentally shaped by the structure of the representations through

which information is encoded. From a model perspective, this work provides a cognitive

science–grounded and information-theoretic account of why models acquire competencies

differently from language and perceptual data, and why gaps persist between perceptual

and language tasks. From a human–AI interaction perspective, this work highlights both

vulnerabilities—such as reliance on linguistic cues—and strengths, including robustness to

cross-modal information, as well as the conditions under which generative models can exploit

loosely coupled image–text relationships in real-world multimodal communication. Overall,

this work bridges cognitive science and artificial intelligence by providing a unified account

of how differences in linguistic and perceptual representations shape model behavior and

human–AI interaction.
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CHAPTER 2

A Model Explainability Approach for Comparing

Linguistic and Behavioral Learning

Abstract

There is an important challenge in systematically interpreting the internal representations

of deep neural networks (DNNs). Existing techniques are often less effective for non-tabular

tasks, or they primarily focus on qualitative, ad-hoc interpretations of models. In re-

sponse, this chapter introduces a cognitive science-inspired, multi-dimensional quantification

and visualization approach that captures two temporal dimensions of model learning: the

“information-processing trajectory” and the “developmental trajectory.” The former rep-

resents the influence of incoming signals on an agent’s decision-making, while the latter

conceptualizes the gradual improvement in an agent’s performance throughout its lifespan.

Tracking the learning curves of DNNs enables researchers to explicitly identify the model

appropriateness of a given task, examine the properties of the underlying input signals, and

assess the model’s alignment (or lack thereof) with human learning experiences. To illustrate

this method, we conducted 750 runs of simulations on two temporal tasks: gesture detection

and sentence classification, showcasing its applicability across different types of deep learning

tasks. Using four descriptive metrics to quantify the mapped learning curves—start, end -

start, max, tmax—, we identified significant differences in learning patterns based on data

sources and class distinctions (all p’s < .0001), the prominent role of spatial semantics in

gesture learning, and larger information gains in language learning. We highlight three key

insights gained from mapping learning curves: non-monotonic progress , pairwise compar-
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isons, and domain distinctions. We reflect on the theoretical implications of this method for

cognitive processing, language models and representations from multiple modalities 1.

2.1 Introduction

Over the past decade, deep learning and neural networks have achieved remarkable perfor-

mance in prediction and classification tasks in various domains, from machine translation and

object recognition, to autonomous driving and reinforcement learning [134, 218]. As powerful

representational learning tools, deep neural networks (DNNs) can capture complex patterns

in data [134], yet understanding the nature of the information embedded in their multi-

dimensional representations remains a challenge. Researchers have raised concerns about

how DNN embeddings represent knowledge and how to holistically interpret these high-

dimensional features [251, 141, 176, 215]. Over-reliance on such models for decision-making

could be detrimental in both research and applied settings due to their complexity and lack

of explainability. This is particularly concerning when models rely on biased training data

that does not generalize well to target tasks [167, 243]. Without a deep understanding of

these models’ underlying properties, they may fail to align with the goals of their human

designers.

Recently, there has been a combined effort from cognitive science and deep learning to

utilize representational learning to address model explainability concerns. These practices

have become more prominent due to the success of large-scale models [144], especially large-

language models [25]. For example, in the case of language models, examining the internal

processes of the BERT Transformer-based architecture has shown that it may recapitulate

common natural language processing (NLP) pipelines [207, 237, 238]. Chang and Bergen

[26] found that the frequency and n-gram structure of word tokens significantly alters the

training for language Transformer models learning these words.

1All supplementary materials can be accessed at https://journals.plos.org/ploscompbiol/article?
id=10.1371/journal.pcbi.1012286.
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Inspired by this prior work, this paper outlines a technique for examining the learning

trajectories of deep learning models, in particular recurrent neural networks (RNNs). There

is historical precedent for our approach, too. McClelland, Rogers and others have studied the

underlying knowledge of neural networks by tracking them as they learn [162, 164]. Despite

this classic work in cognitive science, it is uncommon to see deep learning models that track

progress as a way to unpack what is learned (e.g., going beyond simple RMSE curves; but see

also [25], for a counterexample). We term this tracking a “learning curve,” as it resembles

research on how human learners process incoming information and improve decision-making

through iterations under different situations. A unique benefit with simulation is the possi-

bility to examine many dimensions and measurements of the neural network over time. In

the next section, we review recent work on interpreting DNNs and related models. We then

introduce our approach based on learning curves.

2.1.1 Background

To date, various techniques have been proposed to interpret DNNs. For example, many model

interpretability techniques provide task-specific and local explanations, such as saliency

maps, attention maps, or Layer-wise Relevance Propagation (LRP), which interpret or vi-

sualize the localized influence of a region on the output. These ad-hoc approaches can be

unstable, as even a minor change in a single pixel or hyperparameter can substantially affect

the local relationships between input signals and output data [145]. Additionally, these local

explanations fail to offer a global understanding of whether the selected architecture is well-

suited to the task or how the DNN models experience learning. On the other hand, feature

attribution methods like SHAP [203] and LIME [155], while conceptually easier to interpret

and model-agnostic, tend to work more intuitively with interpretable dimensions typically

found in structured tabular data. These methods are less effective for unstructured tasks,

such as image and audio data, where feature dimensions are harder to define or interpret.

While most techniques emphasize the qualitative interpretation of a model, such as what

has been learned or captured by the DNN, the absence of quantifiable measurements makes
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cross-model comparisons in unstructured tasks particularly challenging [262, 141, 176]. We

further provided a systematic description of different model explainability methods, along

with their pros, cons, and use cases, as well as a comparison to our proposed approach in

Table 2.1.

Figure 2.1: A conceptual illustration of learning curves in DNNs. The solid curve

represents an individual information processing trajectory (across timesteps). For example,

as an agent receives more signals over time in one session, its prediction of the gesture

increases. The bundle of dotted lines represents a developmental trajectory (across epochs).

For instance, this agent improves its ability to predict incoming gestures after repeatedly

encountering similar patterns. In a typical binary classification task, the starting point

at t=0 is expected to be near 0.50 (and gradually increase to 1.00 across timesteps and

epochs) for all epochs because no signals have been provided at the first timestep for solving

the underlying task. Hence, all information processing curves in this figure have the same

starting point to reflect this pattern. In practice, certain classification tasks might contain

structural information even at t=0 (e.g., gesture classification contains spatial information,

such as the location of keypoints, at the initial timestep, which could help solve the gesture

task from the very beginning).

19



T
ab

le
2.
1:

D
N
N

E
x
p
la
in
a
b
il
it
y
M

e
th

o
d
s
C
o
m
p
a
ri
so

n
.
A

sy
st
em

at
ic

ov
er
v
ie
w

of
d
iff
er
en
t
D
N
N

ex
p
la
in
ab

il
it
y
m
et
h
o
d
s,

al
on

g
w
it
h
th
ei
r
co
m
p
ar
is
on

to
th
e
p
ro
p
os
ed

le
ar
n
in
g
cu
rv
e
ap

p
ro
ac
h
.

M
e
th

o
d

D
e
sc
ri
p
ti
o
n

A
d
v
a
n
ta

g
e
s

L
im

it
a
ti
o
n
s

U
se

C
a
se
s

L
ea
rn
in
g

C
u
rv
e

(P
ro
p
os
ed

M
et
h
o
d
)

T
ra
ck

th
e
m
o
d
el
’s
le
ar
n
-

in
g
ex
p
er
ie
n
ce

ov
er

ti
m
e

b
y

u
ti
li
zi
n
g

cl
as
si
fi
ca
-

ti
on

p
er
fo
rm

an
ce

of
em

-

b
ed

d
in
gs
.

C
ap

tu
re
s

d
y
n
am

ic

ch
an

ge
s

in
em

b
ed

d
in
gs

d
u
ri
n
g
tr
ai
n
in
g.

In
si
gh

t
in
to

p
er
fo
rm

an
ce

ev
ol
u
ti
on

ac
ro
ss

tw
o
te
m
-

p
or
al

d
im

en
si
on

s.

L
im

it
ed

to
te
m
p
or
al

ta
sk
s

an
d
D
N
N

ar
ch
it
ec
tu
re
s.

C
om

p
u
ta
ti
on

al
ly

ex
p
en
-

si
ve
.

T
a
sk
s
in
vo
lv
in
g
te
m
p
o
-

ra
l
a
sp
ec
ts

a
n
d
le
a
rn
in
g

ex
p
er
ie
n
ce
s.

S
al
ie
n
cy

M
ap

s
V
is
u
al
iz
es

re
gi
on

s
in

im
-

ag
e
in
p
u
t
th
at

m
os
t
in
-

fl
u
en

ce
th
e
ou

tp
u
t.

S
im

p
le
an

d
in
tu
it
iv
e
v
is
u
al

ex
p
la
n
at
io
n
.

E
as
y
to

im
p
le
m
en
t.

P
ro
n
e
to

n
oi
se
.

L
ac
k
s

gl
ob

al
in
te
rp
re
ta
-

ti
on

.

Im
a
g
e
re
co
g
n
it
io
n
ta
sk
s

a
n
d

im
a
g
e-
b
a
se
d

m
o
d
-

el
s.

F
ea
tu
re

A
tt
ri
b
u
ti
on

In
fe
rs

re
le
va
n
ce

of
in
p
u
t

fe
at
u
re
s
to

ou
tp
u
t.

C
on

ce
p
tu
al
ly

ea
sy

to

gr
as
p
.

M
o
d
el
-a
gn

os
ti
c
ap

p
ro
ac
h
.

M
or
e
su
it
ed

fo
r
st
ru
ct
u
re
d

d
at
a.

L
es
s
in
tu
it
iv
e
fo
r
u
n
st
ru
c-

tu
re
d
d
at
a.

T
a
b
u
la
r
d
a
ta

a
n
d
st
ru
c-

tu
re
d
ta
sk
s.

L
ay
er
-w

is
e

R
el
ev
an

ce
P
ro
p
-

ag
at
io
n
(L

R
P
)

B
re
ak

s
d
ow

n
cl
as
si
fi
ca
-

ti
on

d
ec
is
io
n

in
to

co
n
-

tr
ib
u
ti
on

s
of

in
p
u
t
el
e-

m
en
ts
.

A
p
p
li
ca
b
le

to
a
w
id
e
va
ri
-

et
y
of

D
N
N

m
o
d
el
s.

L
ac
k
s
gl
ob

al
in
te
rp
re
ta
b
il
-

it
y.

R
eq
u
ir
es

co
m
p
le
x
co
n
fi
g
u
-

ra
ti
on

.

Im
a
g
e

re
co
g
n
it
io
n
,

N
L
P
,
st
ru
ct
u
re
d
d
a
ta
.

20



In a foundational article on deep learning, LeCun and the colleagues [134] characterized

DNNs as representation-learning methods utilizing multilayered large neural network-style

models. Representations can be viewed as mental objects capturing semantic properties

either observable or unobservable [192]. Different from traditional machine learning models,

DNNs display remarkable flexibility and efficiency in encoding lower-level input signals, such

as pixels, audio frequencies, or word tokens, into multidimensional vectors at a sophisticated

level through multilayered nonlinear transformations [214]. These transformations generate

multiple levels of representations that learn hierarchies of features at each layer [134]. The

continuous numerical vectors (or hidden vectors) learned at each level are commonly referred

to as “embeddings” and serve as dense representations of the original input data. Following

this construction, numerous studies have demonstrated the correspondence between DNN-

generated and real-world distributed representations among words and sentences [74, 102],

speeches [75], images [255], objects [103] and scenes [78, 226]. Representational learning in

DNNs offers fundamental contributions to cognitive science, as it can inform how cognitive

systems process and organize knowledge, facilitating the comparison of learning processes

between humans and machines [87, 86, 112].

Recently, several studies in cognitive science and neuroscience have highlighted the im-

portance of integrative modeling between computation, human brains and behaviors [219].

Beyond comparisons of static end-point knowledge, scholars have begun exploring the poten-

tial correspondence in learning and information processing between DNNs and human cogni-

tive systems, given that the current performance of DNNs can already approximate human

performance across various domains [81, 233, 276] (see [25] for a review). For instance, the

representations (i.e., embeddings) extracted from multilayered DNNs have shown significant

accuracy in predicting neural and behavioral responses in humans throughout the hierarchy

of learning and processing. This evidence spans multiple neural-behavioral measurements

(e.g., fMRI, EEG, ECoG), modalities (e.g., visual, auditory, and language processing), and

model architectures (ranging from simple embedding models like GloVe to more complex

neural networks such as RNNs, convolutional neural networks (CNNs), and transformer
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models (for further details, see [164, 255, 74, 219, 30, 229]).

Given the extensive alignment observed between DNN embeddings and neural-behavioral

activities, and their presumed meaningful representational mapping with human cognitive

systems, an analysis of how they emerge in learning would seem important to understand

these relationships. Goldstein and colleagues [74] identify the temporal correspondence be-

tween layer-by-layer embeddings in GPT-2 and evolving neural activities in language areas.

However, this temporality is restricted to layerwise representations (from low-level to high-

level representations) rather than how streams of signals have been received and processed

by models or brains [276]. Our aim in this paper is to use temporal analysis in a systematic

way by separating and tracking the time course of a network’s learning across classification

tasks, thereby enhancing the understanding of the emergence of representations in DNNs.

2.1.2 The current study

The goal of this chapter is to unpack the “learning curve” of DNNs through a sequence of

hidden representations when the model encounters any temporal processing tasks across its

training. To do so, we sample the network’s performance by using its embedding vectors to

classify groups of items in its training input. This allows us to map out the progression of

the network’s discriminations across these groups – how the network’s internal knowledge,

in the form of embedding vectors, evolves during training.

The model architecture we focus on is RNNs due to their capacity to model sequential

data and time-dependent tasks [236], such as text generation, speech recognition and stock

market prediction. Although other deep learning architectures, such as CNNs and Trans-

formers, also have the capacity to process time-series data, RNNs are explicitly designed for

processing sequential data, as they effectively capture temporal dependencies through their

recurrent connections. CNNs excel in tasks such as image recognition by applying the kernel

trick, where convolutional filters are used to extract spatial features from local regions of

the input. While CNNs can be adapted to handle sequential data using techniques like 1D

convolutional layers, they lack the inherent ability to capture temporal ordering in the data,
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as they process each segment of input independently. Transformers, on the other hand, rely

on self-attention mechanisms to weigh the importance of different input tokens in parallel,

allowing them to capture dependencies between distant elements (i.e., tokens). This fea-

ture makes Transformers better suited for tasks where relationships between tokens are not

strictly ordered in time, and their parallel processing nature is less ideal for learning tasks

that require explicit temporal progression. In sum, the strict sequential processing nature of

RNNs makes them an intuitive architecture for studying cognitive processing that involves

dynamic, changing contexts [114].

In this chapter, we propose a generalizable interpretability approach that maps the global

learning curves of RNNs based on changes in classification performance between embeddings

and output across timesteps of the input data. This performance reflects the predictive

capacity or the amount of signal captured by the embeddings in predicting the final output.

In RNN modeling, each timestep generates an embedding (e.g., in language processing,

each timestep represents a word). These embeddings progressively incorporate information

from the beginning up to timestep t. By examining changes in classification performance

between these embeddings and the output, we can capture how the information evolves

over time. To provide clarity, we use the term “learning curve” in this chapter to denote the

holistic approach and intention behind mapping the underlying processing and developmental

journey of DNNs. The method we propose separates two parts of the learning curve, one

based on overall training, and another based on processing within input items during training.

First, the “developmental trajectory” signifies the long-term learning process of DNNs, which

is simulated by the increasing number of epochs (i.e., complete passes through an entire

training dataset). Second, the “(information) processing trajectory” refers to the momentary

accumulation of information across all timesteps (within an epoch), extractable from the

performance of the RNN layer (see Fig 2.1 for a conceptual illustration). We detail each of

these further below.

As Fig 2.1 illustrates, the resulting visualization consists of learning curves with timesteps

on the x-axis and performance on the y-axis. Each epoch contains an information process-
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ing trajectory, and the set of curves together forms a developmental trajectory. Due to the

multidimensional nature of this plot, while it provides rich qualitative information about

the entire model learning experience, it can be challenging for researchers to comprehend all

the constructed curves at once. Therefore, beyond the visual presentation and qualitative

inspection of the multi-dimensional learning curves, this chapter further defines four mea-

sures: start performance (start, the initial capacity of each information processing), max

performance (max, the maximum performance of each information processing), time at max

(tmax, when the current information processing reaches the maximum performance), and end

– start performance (end – start, the overall performance gain in this information processing)

– to facilitate quantitative comparisons across tasks and datasets. Our study particularly

focuses on these relatively easy-to-comprehend descriptive statistics (as opposed to more

complex metrics like regression coefficients) to simplify the understanding of the already

multidimensional and granular nature of the constructed learning curves.

To illustrate the generalizability of our approach, we chose two distinct classification

tasks: (i) sentence classification and (ii) gesture detection. These tasks differ widely in

terms of their modalities. We predicted this would lead to variation in the underlying data

generation processes and associated cognitive processing for each modality. In particular,

gesture and body movements primarily result from the coordinated contraction and relax-

ation of muscles, with signals produced at later timesteps derived from the previous timesteps

with relatively high autocorrelation [16]. On the other hand, verbal language, being a pre-

dominantly semantic modality, exhibits degrees of surprisal and arbitrariness that enhance

the cognitive capacity of language processing [261, 51, 191]. Therefore, the expected devel-

opmental and information processing trajectories will likely exhibit distinguishable patterns

across the two different tasks when the DNN system processes them respectively.

As we discuss in detail in later sections, this method has a few benefits. Through tracking

the learning trajectory of a neural network, researchers can explicitly identify the appropri-

ateness of a model for a given task as well as examine the properties of underlying input

signals. This approach could also serve as a standalone visualization to map the accumu-
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lation of the underlying signals processed, which can facilitate research on deep learning

modeling and signal processing across various modalities. Finally, mapping the learning

curve of DNNs has the potential to assist future computational cognitive and neuroscience

research and address whether the learning experiences of models also correspond to (or fail

to correspond to) the temporal processing in human cognition in addition to the emphasis

on static representations in the current literature.

In the following sections, we will provide a step-by-step method for visualizing the learning

curves of neural networks, illustrate how to holistically interpret signal processing in them

and quantitatively compare these curves across two different datasets.

2.2 Methods

This research proposes a model-interpretability method that can extract the learning curve

of sequence-based deep learning networks (e.g., RNNs). Inspired by cognitive science, the

method measures the learning trajectory and underlying knowledge extracted by such net-

works. To illustrate the method, we use two temporal tasks: gesture detection and sentence

classification as examples. this chapter therefore demonstrates that the method could inform

a range of deep-learning tasks.

Our multi-stage pipeline includes three main steps. First, we trained the RNN-LSTM

model to generate a sequence of embeddings for a temporal task. Next, we used KNN

classifiers to calculate the performance across all extracted embeddings, which we refer to

as learning curves (see (2) in Fig 2.2). Finally, we defined four metrics to quantify these

multi-dimensional embeddings for more systematic comparison and significant tests between

tasks, classes, the null hypothesis, and development trajectories. The visualization of this

multi-stage procedure can be found in Fig 2.2.
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Figure 2.2: A flowchart of the multi-stage pipeline. Illustrations of the multi-stage

pipeline, from extracting embeddings to constructing learning curves and quantifying the

curves using four defined metrics. NB: Gesture figures are adapted from Wikimedia Com-

mons [223].

2.2.1 Datasets

this chapter utilized two datasets: the Identity-free Video Dataset for Micro-Gesture Under-

standing and Emotion Analysis (iMiGUE) by [150] and the Emotion dataset from Hugging

Face by [216] to examine the possibility of mapping learning curves for tasks involving tem-

porality. The two temporal tasks (i.e., gesture detection and sentence classification) are

distinct in terms of their modalities, lengths, and the steps required to extract and prepro-

cess the features, thereby enhancing the diversity of data to illustrate the learning curve

analysis. We detail the preparation of each dataset separately below.
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2.2.1.1 Emotion tweet classification (sentence classification)

The Emotion dataset [216] consists of 20,000 English Twitter messages with six basic emo-

tions (e.g., anger, fear, joy, love, sadness, and surprise) by adopting Plutchik’s [193] wheel of

emotions, Ekman’s [58] six basic emotions, and hashtags in tweets. Tweets were annotated

through noisy labels and distant supervision introduced by [73].

To prepare the emotion sentences for recognition by the RNN layer, we first applied

the “basic English” tokenizer from torchtext to tokenize each tweet. Then, we used GloVe

(Global Vectors for Word Representation), a word vectorization technique that does not

rely on local word context statistics (local-context information), to vectorize each token in

a sentence. GloVe was preferred over other token vectorization techniques like word2vec

[171] due to its design to capture the universal meaning of each token/word, rather than the

word’s meaning within a specific sentence or context. We opted for GloVe embeddings with

300-dimensional semantic features because it strikes a balance between capturing sufficient

information and maintaining computational efficiency [112].

In theory, the input sequences of RNN are not required to have the same length. In

practice, these sequences are padded with zeros or trimmed to the same length to optimize

the computation in PyTorch. Accordingly, all tokenized tweets were padded to a consistent

length of 66 tokens, which corresponds to the length of the longest tweet sample. The shape

of each Emotion tweet follows a 300 dimensions × 66 timesteps (see Fig 2.3).

2.2.1.2 Gesture classification

The iMiGUE is a high-quality dataset that contains 18,499 identity-free, ethnically-diverse,

gender-balanced samples of 32 psychologically-meaningful micro-gestures (such as scratching

an arm, adjusting the hair, or touching an ear [58]). These gestures were all curated from

interview clips with athletes at post-match press conferences. Unlike other gesture and

emotion datasets, which are typically drawn from staged performances or movie clips, the

iMiGUE provides samples of actual gestures from real-life situations. This poses a more
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realistic, though more challenging, recognition task for deep learning networks [264, 52].

Due to copyright restrictions, the dataset includes only skeleton keypoints (rather than

original interview clips) extracted from OpenPose, a multi-person computer-vision system

that can simultaneously extract keypoints of the body, hands, face, and feet [24]2. In total,

25 body, 70 facial, and 21 left hand and 21 right hand keypoints were extracted for each frame

using OpenPose. Keypoint data were stored in the following format: [x0,y0,c0,x1,y1,c1. . . ],

in which (x, y) represents the coordinate of each keypoint and c indicates the confidence score

of each keypoint-coordinate prediction. The confidence score was excluded in the following

processing steps.

Although the gesture clips have just 39 frames on average, they have a higher standard

deviation at 84 frames with a 75th percentile of 72 frames. We therefore set the padded

length of the input sequence to 150 frames to ensure that our input data contained sufficient

information for training a classifier. Thus, the input size for each gesture clip was 274 units

(137 keypoints × 2) × 150 timesteps (see Fig 2.3).

2The advantages of using key point data are twofold. First, keypoint data conserves significant computing
power; since each second of image sequences (i.e., matrices of pixels) may contain as many as 30 or 40 frames,
running deep learning models on image sequences can be prohibitively expensive. Second, it provides better
interpretability and understandability. Instead of being possible only through abstract information at the
image-frame level, gesture detection can be operationalized as a sequential movement in keypoints across
frames [113].
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Figure 2.3: Sequential data for Emotion Tweet (left) and Gesture Classifications (right).

NB: Gesture figures are adapted from Wikimedia Commons [223].

It is important to note that our aim here is not to approach benchmark performance,

but rather to examine successful learning. The learning curve analysis will show how that

successful learning emerges, and which stimulus discriminations seem to underlie that emer-

gence. Since even the state-of-the-art neural network can achieve only 55% accuracy on this

multi-classification task [150], we further grouped the 32 micro-gestures into six categories

(body, head, hand, body-head, head-hand movements and an absence of gestures) to ensure

that our RNN-LSTM was indeed “learning” when we attempted to map its learning curve.

2.2.2 Model architecture

We selected a model architecture (see Fig 2.4) that is standardized for sequential stimulus

processing in the following way. First, we had a batch normalization layer, a primary RNN-

LSTM layer, and then a fully connected layer to connect the final dense embeddings with

the output classes (for classification). We offer details below.
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Figure 2.4: Model architecture of RNN-LSTM. NB: Gesture figures are adapted from Wiki-

media Commons [223].

2.2.2.1 RNN-LSTM

RNN is capable of modeling sequential data and time-dependent tasks [236]. Its architecture

represents an iterative function that takes an input sequence (x ) and an internal state (h)

from the previous timestep (t - 1 ) to predict the current timestep (t), then updates the state

as follows:

ht = f(xt−1, ht−1) t = {0, 1, 2, . . . , T − 1} (2.1)

As the formula illustrates, each timestep t should theoretically reflect the information

from 0 to t – 1. We selected the RNN model for gesture detection because it can process tem-

poral information under the assumption that the body movement in each timestep depends

on signals in the previous timesteps.

While an RNN could leverage the context between elements by maintaining its inter-

nal state while processing the entire sequence, the “Vanilla RNN” layer experienced the

vanishing-gradient problem during model training [222]. Therefore, long short-term memory
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(LSTM), which is represented by the function f in Equation 2.1, was introduced here as an

additional state variable, called the cell state, for controlling specific information that needed

to be kept or updated while processing the entire sequence [113]. LSTM effectively reduced

the vanishing-gradient problem encountered by RNN [222].

2.2.2.2 Feedforward network

The construction of our RNN-LSTM neural network follows common practice in deep learn-

ing. First, to enhance training stability and speed up convergence, we applied batch nor-

malization, specifically the BatchNorm1d layer, to the input data at each timestep, with

dimensions batch size × timestep × input dimension (1 × 150 × 274 for iMiGUE and 1

× 66 × 300 for Emotion). This means that each timestep is treated independently, and

normalization is applied across all data points in the batch for each timestep. Specifically,

this technique normalizes the inputs to have a mean of 0 and a variance of 1 within each

timestep, standardizing the distribution of inputs across the data points in each batch during

training. Then, an RNN-LSTM was applied to the normalized input to convert temporal

information to a dense embedding at each timestep. An RNN-LSTM with an equal hidden

dimension was selected to simplify the tracking of embeddings in the later stage. Finally,

a fully connected layer, without any activation, was applied to the embeddings in the last

timestep t to predict output labels.

2.2.3 Deep learning simulation

To ensure the generalizability of our learning curve mapping approach, we performed 15

rounds of simulation for both gesture and emotion detection tasks, each of which included

15 (6C2) pairwise binary classifications. We conducted 25 repetitions (reps) for each set of

simulations (sims) to mitigate the idiosyncrasies of specific processing and developmental

patterns we are extracting under each pairwise condition. In total, we collected 25 × 15

× 2 ( reps × sims × tasks) = 750 runs of simulation data. Having an adequate number

of simulation runs also enables us to observe clustering tendencies in the convergence and
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divergence of trajectory patterns across various tasks and different classes.

In each simulation, 20% of the shuffled samples were used as the test data, while the

remaining data were further split into 80% training data and 20% validation data. While

validation data were used for reporting each epoch’s model performance, test data were used

for reporting the final model performance on unseen data.

The number of epochs indicates the number of times an entire dataset has been passed

forward and backward through the neural network. We set the number of epochs to 50 for

both tasks, given that most of the variation in learning tends to unfold during the early

stages of development. In S3 Text and S4 Text we also illustrate how using 20 and 100

epochs leads to similar observed patterns.

Because deep learning algorithms are very sensitive to unbalanced datasets, we applied

data augmentation to the training and validation datasets. Specifically, the minority class

was up-sampled to match the number of data points in the majority class, which ensured a

balanced dataset [108].

Default initiation from PyTorch was used to standardize the model specification across

simulations. All simulation runs were trained using the Adam optimizer with a learning rate

of 0.001, and the loss function used was the cross-entropy loss for all pairwise classifications.

All the other learning rate hyperparameters were kept at their default values.

Since deep learning is, computationally speaking, very expensive to train, the model was

run on Nvidia RTX 4090 to expedite the processing. We set the batch size to 64 for gesture

recognition and 256 for emotion classification to achieve an optimal balance between training

speed and performance.3

To map a learning curve for each simulation, we first extracted embeddings of all LSTM

timesteps from the hidden layer. We then applied multiple interpretable machine-learning

models between these embeddings and the corresponding output labels to understand how

the model’s confidence is updated during the LSTM timesteps.

3The large batch size for emotion classification is due to each of its input data points using less space
compared to the gesture input.
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2.2.3.1 Embedding extraction

We extracted the LSTM array of all timesteps for all batches across all epochs on the test data

to ensure that we were extracting embeddings from all developmental stages and the final

model was adequately trained on the targeted task. Since we specified the same dimension

of the input data for the LSTM hidden layer, for the gesture detection task, we obtained 150

LSTM arrays from 150 timesteps, each array having the size of 1 × hidden dimension (1 ×

274). Similarly, we obtained 66 LSTM arrays in sentence classification, each with a size of 1

× 300. We then stored the corresponding output labels of those arrays as an output array.

Those LSTM arrays share one output array since they are embeddings at different timesteps

of the same data points.

For binary classification, the labels were encoded as 0 and 1. Once the model had been

trained and the embeddings extracted, we stored and processed those embeddings in RAM,

which has a greater storing capacity than GPU.

2.2.3.2 Mapping the learning curves

To approximate the processing curve of a model’s confidence across the LSTM timesteps, this

chapter used a popular machine learning algorithm, k-nearest neighbors (KNN) for identify-

ing embedding “separatables.” This algorithm classifies an object by using a majority vote

of its neighbor data points [189, 184]. Because embeddings are seen as a high-dimensional

physical (i.e., location-wise) projection of input data (as opposed to a multivariate represen-

tation [134]), distance-based models, such as KNN and support vector machine (SVM), are

popular choices for examining DNN embeddings in previous studies. Specifically, we applied

KNN to the data point (xt, y), where xt is the LSTM embedding at t timestep and y is the

corresponding output label and calculated the KNN accuracy across all timesteps (informa-

tion processing trajectory) and all epochs (developmental trajectory), and thus captured the

learning curve of the model.
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2.2.4 Quantifying performance across epochs

These learning curves examine how the LSTM’s embeddings classify the stimulus as it is

incrementally presented to the network. Visually, each curve is plotted as the proportion

of correct classifications across the item. These constructed learning curves can be ana-

lyzed in various ways, either through qualitative interpretation of the visualizations or by

applying statistical analysis for quantification and hypothesis testing. In this chapter, we

utilized the four descriptives statistics introduced earlier to assess the multidimensional KKN

classification performance of the RNN-LSTM (i.e, how the discriminability of the model is

evolving) across its training on two datasets, reconstructing and analyzing the unfolding

learning dynamics of these distinct learning tasks. Specifically, for each such curve, we ex-

tracted four simple descriptive metrics: start, end - start, max, tmax. In Fig 2.5, we illustrate

these descriptive statistics from an example trajectory of a single classification run for each

dataset.
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start    end-start   max     tmax 

Figure 2.5: Examples at epoch 1 and 50 of binary classification across a test input

for one run of the network. From epoch 1 to epoch 50, the LSTM’s embeddings are able

to classify successfully over the test item, and we can characterize this success as a change

to its performance using four metrics described in the main body of the text (start, end -

start, max, tmax). Top: Example item from the sentence task. Bottom: Example item from

the gesture task.

First, we defined the maximum performance (max ) and the percentage of time at which

that maximum was achieved in the presented item (tmax) over the whole timesteps. We

included tmax alongside max because we discovered that max alone is not sufficient to de-

termine performance, especially earlier in training. This is because the network may exhibit

unstable performance, dropping across subsequent time slices, which may be indicative of a
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non-monotonic learning trend seen in related domains [208]. This also suggests the network

has learned something about the initial segments of an item, but the later segments wash

out its performance as it has not yet encoded these later features. To capture this trend,

we use tmax to assess when that maximum was achieved within each information processing

trajectory – specifically, the percentage of the time slice at which the observed maximum oc-

curred. In Fig 2.5 above, we show an illustration of this in the top left. The network achieved

a performance of 0.82 on this particular item, but failed to sustain this performance as it

dropped to near 0.50 as the sequence unfolds (at epoch 1). In the top right, the performance

improves approximately monotonically across time slices (by epoch 50), and tmax is achieved

near the final bin of the training item.

Additionally, we assess the performance at the start and end of the presented stimulus

(start, end). Performance at the start may indicate the relative gains that can be expected

from a stimulus item. As shown in the bottom panels of Fig 2.5, the gesture input already

has performance above chance (∼ 0.80) after the very first segment of the stimulus item.

This suggests the model rapidly exploits spatial information in gesture (i.e., the location of

keypoint coordinates can already vaguely differentiate gesture classes before sequential move-

ment information is fed into the model). A model that achieves near-perfect performance

at start and sustains it does not need to be exposed to the subsequent stimulus. The last

measure we use is the subtraction of end - start performance. A high value on this measure

suggests the network gets substantial information gains across a test item. For example,

even at epoch 50 in the bottom right, the end - start of the gesture item is substantially

lower than the simulation trained on the sentence task.

These measures can be plotted across epochs. Each learning curve now indicates how

an item is being processed across an LSTM’s overall training. The measures are relevant

to two timescales in the network’s behavior we conceptualized earlier: developmental (or

learning) and information-processing timescales. For example, across epochs, movement

along the start measure represents the initial performance at the item’s first time slice at the

beginning of each information processing session. The end - start measure within an epoch
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can describe the relative information gains during each processing session from the item’s full

presentation. The max represents the best performance achievable in a session, indicating

the network’s current information processing capacity. Finally, if tmax is low, it suggests

that the network’s maximum performance of the current session is hindered by subsequent

timesteps, implying that additional training may be necessary.

2.3 Results

We took the output from the KNN classification in Python, described above, and designed

a sequence of R scripts to measure, visualize and quantify the trends in these four measures

(start, end - start, max, tmax). R’s suite of visualization tools provided a convenient arena

within which to view trends across epochs, and in these analysis scripts we also built linear

models to statistically test the significance of these trends. All of the scripts in our methods

are available at GitHub here: https://github.com/JoyceJiang73/Learning-Curves/. The R

scripts only require input of simulation CSV data that contain as fields: binary classification

labels, time slice, epoch, and performance measure (e.g., KNN classification performance).

We have reported the trained RNN model performance for the average of all pairwise

simulations of sentence and gesture classification (epochs = 50) in S1 Text, including metrics

such as validation accuracy, validation loss, test accuracy, test loss, recall, precision, and F1.

These results confirm that almost all pairwise classifications have been sufficiently trained,

indicating that the learning curves are capturing the learned experiences.

For each of the four metrics, we conducted a series of significance tests using regression

models to assess distinctness across data sources, reshuffled null data, classes, and epochs.

Specifically: (1) A linear model was used to assess whether the learning curves of the two

datasets differed significantly, (2) A linear model evaluated whether the learning curve for

each training classification task significantly deviated from a superimposed (randomly reshuf-

fled) null hypothesis across the four metrics, (3) Linear models were used to assess whether

the learning curves for each dataset were distinct by class and across epochs, and (4) An
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ANOVA test was performed to determine whether class differences contributed more to de-

velopmental progression than epoch alone. All the significance tests (Adjusted R-squared)

are reported in Table 2.2, and the corresponding visualizations for each metric are provided

in their respective sections.

Table 2.2: A series of significance tests using regression models to assess distinctness across

data sources, reshuffled null data, classes, and epochs.

Model start max tmax end-start

Data Source Difference

Data Source 0.9814**** 0.0211**** 0.0034**** 0.3923****

Baseline Null

Sentence Reshuffle 0.0001 0.0042**** 0.0120**** 0.0027****

Gesture Reshuffle 0.0824**** 0.0722**** 0.0058**** 0.0340****

Epoch and Class Differences

Sentence Class 0.1022**** 0.2736**** 0.0951**** 0.1301****

Gesture Class 0.9231**** 0.8250**** 0.2495**** 0.3808****

Sentence Epoch*Class 0.1028**** 0.6215**** 0.4910**** 0.5232****

Gesture Epoch*Class 0.9551**** 0.9732**** 0.6315**** 0.6530****

Contribution of Class Differences to Epoch (Developmental) Progression

Sentence Epoch*Class - Epoch 0.1045**** 0.3010**** 0.1160**** 0.1437****

Gesture Epoch*Class - Epoch 0.9336**** 0.8539**** 0.2868**** 0.4282****

*Significance tests using regression models to assess distinctness across data sources,

reshuffled null data, classes, and epochs for the four metrics (start, end - start, max, tmax).

Adjusted R2 values are reported along with the significance levels (* p < 0.05, ** p < 0.01,

*** p < 0.001, **** p < 0.0001).
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2.3.1 Start performance

In Fig 2.6, we show the LSTM performance at the start of an item across epochs of train-

ing. In general, the sentence dataset shows low, near-chance performance, while gesture

classifications are already well above chance performance. This chance-level performance for

sentence items stays consistent across the entire training period, though the gestural dataset

shows some improvement. For the gesture dataset, this suggests that the network has some

information about a classification before much of a training item is even shown to the net-

work. It would indicate that gestural data has spatial information in the point coordinates

of the body and is exploited by the network at the very first time bin. With language, it

takes time for word embedding vectors to be integrated in the network.

To confirm these trends, we tested a linear model that predicted start performance by

training data, showing that dataset accounted for about 98.14% (p < .0001) of the variance

seen in Fig 2.6. The classification of the gesture data accounts for 95.51% (p < .0001) of

variance internally to that dataset, whereas for sentence classifications accounts only for

10.28% (lower but also significant, p < .0001). The learning curves reveal that the first word

of a language task has low diagnostic accuracy for a classification, but the spatial variance

over gestural classifications is much more informative.

The start performance for sentence null is the only metric that shows no significant

difference between learning from ordered sentence classes and reshuffled data (among all

significance tests; R2 =0.0001, p < .0879). This is expected, as all sentence binary clas-

sifications begin with a consistent initial performance of 0.50 (random guessing for binary

classification), which remains unchanged even with randomly reshuffled sentence data. In

contrast, the start performance significantly differs for ordered gesture classes versus reshuf-

fled data because the various gesture pairs contain different levels of spatial information (R2

=0.0824, p < .0001), affecting their initial performance.
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Figure 2.6: Start performance for pairwise classifications. Start metric over epochs,

indicating that in the sentence task, the classification at the first time slice remains stable

near change, whereas the LSTM’s embeddings for the gesture task are distinct across stimulus

types, and also show slightly more improvement over training (while already being well above

change relative to the sentence task).

2.3.2 Max performance

Curiously, if one only investigated maximum performance across training, these classification

tasks could be regarded as relatively similar in their behavior. As shown in Fig 2.7, both

sentence and gesture datasets yield a classification performance that is high, between 0.75

and 1.0 depending on the classification. In the gesture dataset, there are more “difficult”

classifications, shown by outliers in max performance across training. This can be helpful

in diagnosing representational challenges in the network’s training, marking what pairs of

training items may be more difficult to distinguish than others.

Again, as with the start measure, the max performance shows greater variance associated

with classifications in the gesture case (R2 =0.8250, p < .0001) than the sentence case (R2

=0.2736, p < .0001). The difference between these two datasets is not as pronounced as in

the start measure, as a linear model shows that only 2.11% (p < .0001) of the variance is
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associated with the dataset in a linear model predicting max performance observed within

a trial. Despite the small value, it is nevertheless significant and driven by the relatively

higher performance in the sentence task.

The max performance also differs for both sentence (R2 =0.0042, p < .0001) and gesture

tasks (R2 =0.0722, p < .0001) when the network learns from ordered datasets compared to

randomly shuffled ones. The sentence conditions appear to pick up more spurious signals,

ultimately approaching 1.00 as the epochs increase, while the gesture condition remains

consistently unlearned across epochs. The learning pattern for tmax across epochs (see next

section) provides additional insights into these trends.

Figure 2.7: Max performance for pairwise classifications. Both sentence and gesture

tasks show an increase in max performance over training epochs. On average this asymptotes

near perfect performance but can vary depending on binary classification.

2.3.3 Time at max

We would expect that completed training in the LSTM should show that maximum per-

formance should appear near the end of an item, as this would suggest that the network

has extracted useful information in the whole presentation. Indeed, this is indicated by

lower time-at-max values earlier in the training. During the first few epochs, the maximum
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value occurs proportionally earlier in a training item, similar to the example shown above

in Fig 2.5. However in both sentence and gesture datasets, networks slowly extract features

across the stimulus items for classification, as shown in Fig 2.8. The time gradually rises for

all classifications, though it can also vary widely and tends to be more irregular in gesture.

In a linear model predicting tmax from data source, sentence and gesture are only slightly

different, with 0.34% (p < .0001) of the variance accounted for. Classifications in sentence

and gesture both relate significantly in a linear model predicting time at max, with sentence

classifications accounting for 9.51% (p < .0001) of the variance and gesture classifications

24.95% (p < .0001).

Interpreting tmax alongside max, we confirm that the learning experience of a language

task is more reliant on spurious signals for reshuffled data compared to ordered data, as

max continuously increases to reach 1.00 while tmax remains sporadic. The gesture condition

remains consistently unlearned across epochs for reshuffled data, as the max performance

can occur at any point along the processing trajectory (any timestep). Both tmax values

indicate that no meaningful delayed signals were developed when the network was trained

on superimposed reshuffled data. The time at max differs significantly for reshuffled versus

ordered data in both sentence (R2 =0.0120, p < .0001) and gesture (R2 =0.0058, p < .0001)

conditions.
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Figure 2.8: Time at max (tmax) for pairwise classifications. Both sentence and gesture

tasks show an increase in the proportion of time at which maximum performance is observed.

Indicative of information gain, this rises in both – suggesting the LSTM comes to better

integrate the full test items for its performance. However this is much more orderly in the

sentence task than the gesture task.

2.3.4 End - start performance

Finally, we wish to get a sense of how the LSTM models are extracting information within

an information processing session. One way to do this is to discern how much higher its

performance is at the end of a session compared to its performance initially. This is where

we see the greatest difference between the datasets. As shown as Fig 2.9, sentence shows

substantial information gain across stimulus items. By the end of training, the start and

end of trials involves considerable difference, and the positive value of this difference shows

that the network improves its performance significantly across presentations. With gesture,

the situation is quite distinct. In most classifications, there is indeed a rise. But because

gesture is informative even at the first time bin of an item, there isn’t much information

gain remaining. Indeed even the highest instances of this value hover near 0.10. Therefore,

while performance on gesture is higher at first, the network may find the task more difficult

43



in integrating that spatial information over time to improve performance.

As in the start measure, the difference between datasets is quite large. When data source

is used to predict the end - start measure, 39.23% (p < .0001) of the observed variance in

this measure can be associated with data source, with sentence associated with much higher

information gain than gesture results. When looking at each data source separately, only

13.01% (p < .0001) of the measure is associated with the classification pairs in sentence. In

the gesture dataset, this association is 38.08% (p < .0001), showing much higher contribution

of the class differences in gesture.

Both sentence’s (R2 =0.0027, p < .0001) and gesture’s (R2 =0.0340, p < .0001) end-

start values differ significantly between ordered and reshuffled data. Consistent with max

performance gradually reaching 1.00, the information gain of the sentence network increases

incrementally from 0.00 to 0.50 when trained on reshuffled data. Combined with insights

from tmax, we suggest that although learning may appear to occur even with reshuffled data,

it is likely driven by spurious signals picked up during the processing session. Additionally,

the end-start performance for gesture gradually improved from highly negative to slightly

negative but was not able to reach 0.00 during the early epochs (e.g. epochs smaller than

50), which explains the flat max performance for the reshuffled gesture condition.
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Figure 2.9: End - start performance for pairwise classifications. The information

gain from start to end of stimulus item shows a stark difference between datasets. The

sentence task shows that the LSTM’s performance rises as it integrates data from start to

end. With gestures, the story is more complicated, showing less improvement overall, and

in one classification task, it is almost entirely unlearned.

2.4 Discussion

Recognizing the importance and challenges involved in systematically unpacking the inter-

nal representations of DNNs, this chapter introduced a multi-dimensional quantification and

visualization approach, “learning curves,” which can capture two temporal dimensions of a

model learning experience. First, it captures the “information processing trajectory,” how

the network is doing as it processes test items. Second, it captures the “developmental

trajectory,” describing how this processing is changing over training epochs. The former

represents the influence of incoming signals on an agent’s decision-making, which is opera-

tionalized by the timestep within a single epoch of an RNN. The latter conceptualizes the

gradual improvement in an agent’s decision-making abilities throughout its lifespan, opera-

tionalized by the iteration of epochs. The learning curve approach we illustrate in our two

datasets shows that we can quantify and qualitatively investigate both of these dynamics
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within the same analysis, utilizing four descriptive metrics: start, end - start, max, tmax.

Based on a series of significant tests (see Table 2.2), we first demonstrated that there is

a data source difference between sentence and gesture classification in the overall learning

patterns across all four metrics (all p’s < .0001). Additionally, the learning experiences

of both datasets’ ordered classifications are distinct from their respective reshuffled null

baselines, except for the start of the sentence classification. This is because both ordered

(aggregated across all classes) and unordered binary sentence classifications will have an

initial classification performance of 0.50 due to random guessing. This is corroborated by

the significant test of the start metric for sentence class and gesture class: sentence pairwise

classifications show very minor differences, with R-squared 0.10 (p < .0001), whereas gesture

classes show much greater divergence, with R-squared above 0.90 (p < .0001), due to the

initial spatial information contained in gesture coordinates, even at timestep 0, as mentioned

in the previous results section. The significant difference between the reshuffled null baseline

for ordered vs. unordered gesture classification is also due to different gesture class pairs

having different prior spatial information, deviating from the 0.50 random guess scenario

observed in sentence classification.

The modality distinction is further evident in the end - start metric (where sentence

classification shows a much larger information gain than gesture classification, with ges-

ture’s information gain is more gradual). Finally, the ANOVA test capturing the R-squared

difference between epoch × class versus epoch-only indicates significant distinctions between

pairwise classes and not being distinguished by class (all p’s < .0001). This reveals that

within the same multiclassification task, certain classes can be more difficult or easier to sep-

arate. Taken together, based on the analysis of these four measures derived from the learning

curves across two distinct datasets, we highlight three insights gained from mapping these

curves: non-monotonicity , pairwise comparisons, and domain distinctions.
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2.4.1 Non-monotonicity

First, we observed a non-monotonic trend in the learning experiences of DNNs. In other

words, learning does not always show an increasing monotonic improvement because net-

works sometimes reveal temporary decrements in their performance across training. This is

a characteristic recognized in previous literature as a key advantage for their advancement

in addressing the most challenging tasks. For example, in applying neural network models

to language, the presence of non-monotonic learning was taken as evidence that networks

“reorganize” their knowledge as they learn. This may mean networks are acquiring more

efficient representations of a problem space and the drop in performance is indicative of a

transition into that more efficient representation. Classically, in the case of models learning

language, they show a decrement in performance when they “discover a rule” in grammars

[211] Our results are a testament to the observation that both representational consolidation

and “catastrophic forgetting” remain as important issues in DNN learning [118].

Specifically in our results, we found that RNNs exhibit different preferences for early

versus late cues when addressing various sequential tasks. For instance, in the sentence

task, we noted a more pronounced performance improvement occurring in the later stages

of information processing (i.e., model development). In contrast, gesture learning tends to

show quicker progress, with more variability across epochs and repetitions of simulations,

suggesting that DNNs tend to rely on shortcuts, such as naive cues related to keypoint co-

ordinates, for gesture classification, rather than focusing on high-level movement sequences.

This shortcut-based “learning” also is evident in the higher initial performance (start) for

gesture classification (> 0.75). On the other hand, sentence classification begins at around

0.50 (the at-chance probability) and exhibits greater performance gains in later epochs, in-

dicating that the models classify based on high-level semantic sequences.
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2.4.2 Pairwise comparisons

Additionally, although multiclassification tends to exhibit collective model performance, our

between-class pairwise comparisons reveal the presence of outliers within multiclassification.

For example, “joy/fear”, “surprise/fear”, and “sadness/fear” demonstrate higher informa-

tion gains across epochs compared to other emotion pairs, suggesting that these classes

are further apart from each other. The “body/head” classification appears to experience

learning challenges, possibly because these two movements have difficulty being completely

separated, as the head’s movement in naturalistic data may inevitably coincide with that of

the body due to joint coordination.

The combination of learning curve mapping and instance measures thus serves as an effec-

tive approach for “auditing” representations in multiclassification problems. The proposed

pipeline improves model explainability beyond holistic evaluation of classification perfor-

mance and ad-hoc attention visualization by unpacking pairwise class learning patterns to

reveal any pairs that are unsuccessful in being discriminated or involve delayed knowledge

gain. This granular examination allows modelers to better investigate a model’s appropri-

ateness for the underlying task, as well as the properties of the processed input signals,

reaffirming the value of our learning curve conceptualization.

2.4.3 Domain distinctions

With these findings, it is tempting to infer that there are domain distinctions among different

modality classification tasks. Gesture learning, for instance, may rely on autocorrelated sig-

nals (as body movements result from the coordinated contraction and relaxation of muscles),

potentially emphasizing spatial semantics as early cues 4, while language learning relies on

higher degrees of surprisal, irregularities and arbitrariness, as suggested by previous literature

(see [16, 261, 51, 191]). These domain distinctions are valuable to cognitive science in un-

4The spatial information arising from the gesture, specifically the keypoint coordinates in the gesture
dataset, can vaguely help the model distinguish between gesture classes (e.g., hand vs. no gesture). However,
this information remains a low-level cue, as the model lacks an understanding of what a complete hand gesture
sequence or a no-gesture sequence looks like.
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derstanding how humans process and distinguish between various modes of communication,

shedding light on the neural mechanisms underlying the flexibility and adaptability of the

human mind when processing different forms of information and communication modalities.

Though it is intuitive and tempting to explain these domain distinctions here, we cannot

yet assert that these trends would hold for all sentence or gesture (keypoint) classification

tasks, only the ones we investigate here. However the learning curve results would seem to

align with an intuition of how linguistic symbols would be sequentially integrated into a neu-

ral network in contrast to the highly auto-correlated spatial information contained in gesture

performance. Still, we cannot infer a broad generalization about “language vs. gesture” and

only leave it as a potential path for future investigation. Indeed, this may be an additional

benefit of a method like the one we present here. Learning curves could finely ascertain these

domain distinctions, and expanding the set of data to test may permit generalization in fu-

ture work. This may have theoretical implications itself. The learning curve analysis may

provide information about the distinct sources of information from varied modalities. When

neural models (or human brains, presumably) integrate distinctive sources of information,

they may strengthen understanding of complex multimodal data by leveraging their unique

information-processing and developmental benefits.

2.4.4 Limitations

This chapter provides conceptual and operational illustrations of applying learning curve

methods to RNNs, though both the illustration and the proposed method come with cer-

tain considerations. First, we selected two distinct datasets to demonstrate how learning

curves offer insights into different data and modality learning experiences. While illustrat-

ing significant domain distinctions, our study is limited in making broad generalizations

between “language vs. behavioral.” Future cognitive and behavioral research interested in

such conceptual generalization can apply our proposed method to various distinct language

tasks (e.g., language translation) and behavioral datasets (e.g., facial expression detection)

to achieve broader generalizations across different modalities. Additionally, as highlighted
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at the beginning, our method could have implications for multimodal DNN modeling, given

that our simulations utilize datasets with distinct modalities. For the current scope, we focus

on how our proposed method facilitates the understanding of distinguishable modalities as

an initial step, while future work can explore adopting this method for multimodal DNNs

and datasets (e.g., audiovisual emotion classification) to assess how multimodal learning

differs from unimodal learning.

From a methodological standpoint, as detailed in the model explainability technique

comparison (Table 2.1), our proposed method is currently limited to temporal tasks and

DNN architectures, specifically RNNs. However, it has the potential to be relatively easily

adapted to various tasks, modalities, multiclassification, and different performance measures,

beyond the binary classification used in this chapter. We have provided illustrations of the

multiclassification learning curve based on sentence classification in S2 Text. Additionally,

because our method generates measures at every timestep and epoch, it may be more com-

putationally expensive compared to other explainability methods. However, this arises from

the tradeoff between obtaining a more granular measure across all training steps versus only

obtaining snapshot visualizations of a single neural network layer or attribution scores for

all input features. As documented in the DNN explainability comparison (Table 2.1), each

technique has its strengths and considerations, and researchers can exercise discretion in

choosing the appropriate method. The learning curve method excels in providing a more

systematic understanding of the model’s learning process across models and modalities.

2.5 Conclusion

There is a long tradition in cognitive science and computational neuroscience of examining

the internal representations of models [255, 162, 74, 219]. One reason for this is to deter-

mine if a model’s features or processes reflect processes of the human mind. Such models

can be informative for inferring properties of human mental processing, and so have direct

theoretical implications. For example, Elman [59] and others [32] showed that RNNs can

learn patterns sufficiently complex to resemble human grammar. By examining the inter-
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nal activations of these recurrent networks, they showed that these systems are driven by

graded, statistical features. Words are not discrete “symbols” but scalar vectors conditioned

by linguistic context in time [61]. This was taken to challenge theories that see language as

a purely abstract and symbolic recursive process [83].

Inspired by prior work, the learning curve method we proposed uses temporal map-

ping (information processing and developmental trajectories) to help modelers more com-

prehensively understand the underlying learning and decision-making processes of a complex

model architecture without delving into the intricacies of interpreting its internal represen-

tations directly [164, 276]. This kind of systematic and quantitative approach has recently

gained popularity in both computational cognitive science and deep learning communities

[276, 176, 195, 168, 109], as it facilitates multidimensional comparisons across models and

modalities, which were previously seen as challenging for DNN-like models. The current

study illustrates multiple techniques for analyzing model learning experiences and highlights

three insights across different communication modalities based on these analyses. Future

studies can utilize this learning curve mapping approach to enhance model interpretability

studies by evaluating a model’s appropriateness for the task at hand, examining the prop-

erties of the underlying input signals, and assessing the model’s alignment (or lack thereof)

with human learning experiences, which is also a critical consideration for computational

cognitive science and neuroscience research.
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CHAPTER 3

Human Heuristics in Context-Sensitive

Image Captioning

Abstract

Multimodal generative AI is transforming how people create and interpret digital content.

Building on prior findings that humans rely on intuitive but often misleading linguistic heuris-

tics when evaluating AI-generated text, we examine how these biases manifest in context-

rich, cross-modal news image captioning. Through a series of experiments and computational

analyses, we first show that language-based heuristics persist in AI caption evaluation, with

high-quality context further biasing judgments. Feature analyses identify a set of informa-

tional cues—specifically, image–caption alignment and caption descriptiveness—that may

mitigate such biases. A follow-up context manipulation experiment confirms that these in-

formational cues reliably guide judgments, but more strongly for caption preference than for

AI detection, where participants continue to rely on superficial linguistic cues. Together,

these findings suggest that while flawed linguistic heuristics persist, informational cues can

improve evaluation in multimodal contexts, though task differences highlight the need to

carefully frame evaluation questions when assessing generative content1

1All data and code are available at https://github.com/JoyceJiang73/context-sensitive-imgcap.
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3.1 Introduction

Multimodal generative AI systems are transforming how people create and consume digital

content [29, 146, 147]. Modern vision-language models (VLMs) like GPT-4o [180], Gemini

[70], and Qwen-VL [6] have democratized sophisticated image description and storytelling

capabilities once exclusive to human experts [147, 257, 53].

The availability of these tools introduces concerns about how people detect and inter-

pret the AI-generated content. Prior research has documented systematic biases in how

people judge AI outputs. In text, people often rely on flawed linguistic heuristics—such as

impersonal or monotonous tone, or the presence of rare and lengthy words—which makes

AI-generated content difficult to detect, raising concerns about deception and manipulation

[39, 121, 126, 54, 250, 105, 270]. Similar biases appear in visual domains, where synthetic

faces are often rated as more trustworthy than authentic ones [172, 178, 221, 241]. Building

on these previous findings, we examine whether these linguistic heuristics persist, and if they

can be mitigated, when both visual and textual information are presented.

Across a series of experiments and computational analyses, we investigated this question

through naturalistic, context-rich scenarios in news image captioning. Image captioning is

a challenging perceptual-linguistic task that requires machines to recognize visual elements

(such as objects, actions, and scenes), understand their compositions and semantic relation-

ships, and generate coherent descriptions that align with human cognition [253, 15]. News

image captioning places particularly high demands on world knowledge, requiring inference

about people, locations, events and intentions beyond visually grounded entities [217]. Thus,

access to contextual information from accompanying articles plays a key role in shaping cap-

tion quality and informativeness [177, 124, 125].

Our analyses focus on two dimensions in news caption evaluation: linguistic style and

informativeness. Linguistic style reveals whether AI systems can mimic human writing pat-

terns in ways that exploit unreliable linguistic heuristics, extending prior text-based find-

ings to multimodal generative tasks [105, 270]. Informativeness captures cross-modal rea-
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Figure 3.1: Overview of Experiments and Analysis. (1) Experiment 1 extends prior

findings on human assessment bias from AI-generated text to cross-modal image captioning,

using a 2 × 2 design crossing context conditions (No Context, Full Article) with assessment

tasks (Preference, AI Detection). (2) Captions generated with Full Article context and

corresponding human responses were analyzed computationally to identify informational

and linguistic features associated with ground-truth caption source versus human judgments

in both tasks. Reliably informative features (✓) and flawed (×) or non-indicative features

(△) motivated the design of Experiment 2. (3) Experiment 2, informed by feature analysis,

compares three context-based conditions—Full Article (as in Experiment 1), Local Article,

and Shuffled Article—and validates changes in feature associations (increase, decrease, or no

change) for preference and AI detection judgments.

soning—whether captions enable audiences to extract information beyond the image itself

through accurate cross-modal alignment, retrieval of contextual details from accompany-

ing articles, and identification of proper nouns such as people, places, or events [217, 256].

This design uniquely reveals that flawed language-based heuristics persist even when visual

and contextual information are available, yet richer informational cues have the potential to

mitigate the biases that undermine text-only evaluations of AI systems.
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3.2 Methods

To examine how people evaluate AI-generated content in multimodal settings, we constructed

AI-generated image captions under varying levels of news context: no context, full article,

local context, and shuffled context (see examples of the four conditions in Figure 3.1, overview

of the experimental pipeline; Figure 3.2, illustration of stimulus construction).

Experiment 1 considered only the first two conditions—no context versus full article—to

assess how the presence of article context influences caption quality judgments and audience

reactions, and whether the language-based heuristics documented in text-only evaluation

settings persist in AI-generated image caption evaluation. We further conducted computa-

tional analyses to identify which linguistic and informational features distinguished caption

sources and were associated with human judgment patterns.

Experiment 2 focused on the three conditions with context present—full article, local con-

text, and shuffled context—to test whether manipulating the structure of contextual informa-

tion could predictably shape audience preferences and AI-detection accuracy by selectively

altering linguistic and informational cues. In the full article condition (used in both Ex-

periments 1 and 2), captions were generated from the complete accompanying news article.

The local context condition restricted input to the excerpt referencing the image, enhancing

local image–text alignment. The shuffled context condition paired these excerpts with mis-

matched article segments, disrupting cross-modal alignment while preserving descriptiveness

and linguistic style in the generated captions.

We generated captions using GPT-4V and GPT-4o across these contextual conditions,

comparing them against journalist-written captions from the Voice of America (VOA) dataset

[138]. Across experiments, 568 participants evaluated a total of 605 AI image-caption pairs,

judging either which caption they preferred (preference task) or which was AI-generated

(detection task).

55



Figure 3.2: Examples of news image captions generated by different sources and differ-

ent contextual strategies. The first column includes images; the second column includes

journalist-generated captions drawn from the VOA dataset [138]. The last four columns

include captions generated by AI models with different context conditions. Specifically, the

full-article, local-context, and shuffled-context caption examples in Experiment 2 were gener-

ated by GPT-4o, whereas the no-context caption examples in Experiment 1 were generated

by GPT-4V.

All procedures were approved by the UCLA Institutional Review Board (IRB Proto-

col #24-000019; February 2024). Experiments were preregistered on AsPredicted (Experi-

ment 1: https://aspredicted.org/kww6-qqsd.pdf; Experiment 2: https://aspredicted.

org/ytqs-6yhq.pdf).

3.2.1 Collecting and generating image captions

Stimuli (see examples in Figure 3.2) were derived from the VOA dataset compiled by Li et

al [138], which includes 1,014 images and 199 articles. Each article contains one to eight

images, each with an original caption authored by a VOA journalist. From this corpus,

one image-caption pair was sampled per article, yielding 191 image-caption-article triplets

with balanced topic coverage and exclusion of graphic content (e.g., depictions of violence
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or death) per IRB guidelines.

In Experiment 1, AI-generated captions were produced using GPT-4V (“gpt-4-vision-

preview”) between November 2023 and February 2024 via OpenAI’s API [180]. In the

no-context condition, the model generated captions based solely on the image; in the full-

article condition, it received both the image and the full corresponding article. The model

was prompted to generate concise captions (around 25 words), matching the average length

of human-authored captions, and styled in the tone of VOA reporting. All captions were

generated using default temperature and system settings. Caption quality and style were

consistent across batches. We did not observe substantial changes in caption quality or style

across generation batches.

To control for potential bias in the no-context condition—where the model lacked tex-

tual context to identify named entities (e.g., individuals or locations)—we annotated the

concreteness of each caption. Only triplets in which both human- and AI-generated captions

either included or omitted such entities were retained, yielding a final set of 136 matched

triplets for Experiment 1.

For Experiment 2, we selected 111 triplets from the same VOA dataset that provided

explicit information on each image’s placement within the article, which was necessary for

constructing the local-context condition. AI-generated captions were produced in April 2025

using GPT-4o [180] via the OpenAI API. Three contextual conditions were implemented

as follows: (1) Full-article context, identical to the with-article condition in Experiment 1,

where the model received the full accompanying article text along with the image; (2) local

context, where the model was provided only the article’s lead sentence, plus the sentence

preceding and the sentence following the location where the image appeared in the original

article (cf. Young et al. [256]; Kreiss et al. [125]); and (3) shuffled context, where the local

context segments were randomly reassigned across stimuli, yielding mismatched textual con-

text for each image (cf. Kreiss et al. [125]). To ensure all captions could be generated despite

this misalignment, any failed generations were reassigned until captions were successfully

produced for all stimuli.
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3.2.2 Participant recruitment

All participants were recruited through departmental subject pools at UCLA, with no over-

lap across experimental tasks or conditions. All participants provided informed consent

electronically prior to participation and were informed of their right to withdraw at any

time without penalty and of the confidentiality of their responses. For Experiment 1, the

preference task was conducted in April 2024, and the detection task was collected in two

waves (May 2024 and February 2025) to balance sample sizes with the preference task for

subsequent computational and regression analyses. No systematic differences in participant

behavior were observed between the two waves of the detection task. For Experiment 2, all

participants were recruited between April and May 2025. Our sample represented a relevant

population for the study, given participants’ familiarity with digital media and AI-generated

content.

A pilot study (n = 39 in the full-article condition; n = 41 in the no-context condition)

yielded an effect size of d = 0.62 for the difference in AI-caption preference across conditions,

suggesting that a sample of similar or larger size would provide ≥ .80 power at α = .05.

Based on this estimate, in Experiment 1, 201 participants were recruited for the preference

task (n = 100 no-context, n = 101 full-article) and 212 for the detection task (n = 101 no-

context, n = 111 full-article), ensuring adequate power after exclusions. Following exclusion

criteria based on attention-check performance, 183 undergraduates completed the preference

task (n = 96 no-context, n = 87 full-article) and 193 completed the detection task (n =

93 no-context, n = 100 full-article). For Experiment 2, 96 undergraduates were initially

recruited for the preference task and 98 for the detection task. After excluding participants

who failed more than one attention check, 96 participants remained in each task.

3.2.3 Experimental design

An overview of the experimental design and task flow is provided in Figure 3.1. In Experi-

ment 1, participants were randomly assigned to complete either the preference or detection
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task, and to one of two conditions: full-article or no-context, resulting in a fully between-

subjects design. Each participant completed only one task under one condition, completing

all 136 stimuli in randomized order. On each trial, participants were shown an image (and

article, if applicable) along with two captions—one written by a journalist and one generated

by an AI model. In the preference task, participants selected the caption they would pub-

lish as a journalist. In the detection task, they identified which caption they believed was

generated by AI. To account for the longer reading time in the with-article condition, partic-

ipants in that condition were encouraged to spend approximately 25–30 seconds skimming

the article before responding, though no time limit was enforced. The estimated completion

time is 30 minutes for the no-context condition and 60 minutes for the with-article con-

dition. Three attention-check trials were randomly embedded throughout the experiment;

participants who failed more than one were excluded from analysis. Response data and basic

demographic information were recorded.

In Experiment 2, participants were again randomly assigned to complete either the prefer-

ence or detection task, maintaining a fully between-subjects design at the task level. Within

each task, all three contextual conditions (full-article, local, and shuffled) were presented in

a mixed design: each participant viewed captions generated under all three conditions but

saw each image only once. Each participant completed 111 randomized trials (i.e., 37 per

condition), with stimuli randomly sampled such that each participant saw a unique subset

of items while ensuring balanced presentation frequencies across the sample. On each trial,

participants viewed an image alongside its accompanying full article and two captions—one

written by a journalist and one generated by the AI model under one of the three contex-

tual conditions. Instructions, practice trials, attention checks, and timing guidelines were

identical to those used in Experiment 1.

3.2.4 Computational analysis

We extracted a broad set of linguistic and cross-modal informational features from journalist-

and AI-generated captions, building on the human heuristic framework of Jakesch et al. [105]
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for AI verbal self-representation, adapted to cross-modal news captioning. Linguistic features

were derived from LIWC [188], a validated psycholinguistic lexicon that captures grammat-

ical, stylistic, and psychological markers commonly used to characterize AI-generated text,

social media discourse, and news writing [105, 270, 107, 110, 212].

Informational features quantified cross-modal alignment and caption descriptiveness. To

measure descriptiveness, we computed the number of Proper Nouns in each caption as a

general indicator of how many specific entities (e.g., people, places, organizations) were

named. We also derived more specific counts of who (PERSON, NORP, ORG) and where

(FAC, GPE, LOC) entities using spaCy’s named-entity recognition, following journalistic

conventions of “who, what, where, when” [256, 217]. The selected who and where entity

types are more visually grounded than when or what, making them strong indicators of

cross-modal integration, which has been shown to benefit from article context [146, 271]. To

assess semantic alignment, we computed CLIPScore (openai/clip-vit-large-patch14),

which measures how well a caption and image embed in the same multimodal semantic space

[89]. For caption-article alignment, we calculated BERTScore Recall (bert-base-uncased),

which quantifies token-level semantic overlap weighted toward recall [269], and Proper Noun

Recall, which captures the proportion of proper nouns in the article that are mentioned in

the caption. We provide examples of top- and bottom-ranked news image captions for each

informational feature in Appendix 3.5.1 and Figure 3.7.

All features except CLIPScore and BERTScore Recall were normalized by caption length

to control for verbosity. All features were then z-standardized prior to analysis. Given

the high dimensionality of the feature set, we applied bidirectional stepwise selection (R’s

step() function) to identify the subset of features that best predicted outcomes, minimiz-

ing model AIC. Under informational features, the Proper Noun Count was observed to be

more robust during feature selection than the who and where counts as a measure of de-

scriptiveness. Proper Noun Recall was also more robust than the BERTScore Recall. The

final selected features included LIWC-derived linguistic categories (Affect, Past Tense, Pro-

nouns, Conjunctions, Causation, Differentiation, Quantifiers, Adverb), Proper Noun Count
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(descriptiveness), Proper Noun Recall and CLIPScore (alignment), and Word Count.

We fit three logistic regression models to examine how linguistic and informational fea-

tures were associated with caption source (ground truth), perceived AI generation, and cap-

tion preference (see Figure 3.4). Model 1 (Actually AI-Generated) was a logistic regression

predicting whether a caption was AI-generated (AI-generated =1) versus journalist-written;

coefficients from this model characterize the informational features and AI-related linguistic

markers that distinguish AI-generated from journalist-written captions and provide a refer-

ence for interpreting human responses. Model 2 (Perceived AI) was a mixed-effects logistic

regression predicting whether participants perceived a caption as AI-generated (perceived AI

=1), with random intercepts for participants to account for individual differences in attri-

bution. Model 3 (Less Preferred) was a mixed-effects logistic regression predicting whether

participants preferred the journalist-written caption over the AI-generated caption (preferred

journalist =1). For Model 3, preference responses from Experiment 1 were reverse-coded so

that higher values indicate lower preference for AI-generated captions, aligning the direc-

tionality with Model 2, such that higher values in both models reflect greater attribution to

AI.

Because human judgments rely on subtler and noisier cues than the objective source of

a caption, absolute coefficient magnitudes were smaller in Models 2 and 3 than in Model 1.

Even so, the large number of observations in Models 2 and 3 (derived from 136 stimuli per

participant) provided sufficient power to detect reliable associations. Accordingly, our inter-

pretation focuses on similarities and differences in coefficient direction between the ground-

truth model and human judgments rather than on absolute effect sizes. Results are shown

in Figure 3.4, with full coefficient tables provided in Appendix Table 3.1.

To validate that the context manipulation on generated captions in Experiment 2 pro-

duced the intended effect, we conducted the same feature extraction and coefficient analyses

used in Model 1 across three captions from three generative strategies (Models 4-6), which

corresponded to the result shown in Figure 3.6. and Appendix Table 3.2.
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Figure 3.3: Experiment 1 results. Proportion of AI-generated captions selected by partici-

pants in the preference task (left) and the AI-detection task (right), comparing the no-context

and full-article conditions. Each dot represents one participant’s proportion of AI-caption

selections across images.

3.3 Results

3.3.1 Experiment 1: Audiences show preference for AI captions and struggle

to detect them

We find that well-documented human biases in evaluating AI-generated content [126, 39, 121,

54] extend to multimodal contexts (Figure 3.3). Even in the no context condition—where AI

models are at an informational disadvantage—participants preferred AI-generated captions

53% of the time and misclassified them as human-written in 29% (i.e., 71% AI detection

accuracy) of cases.

Under the full article condition, when the AI model received the accompanying article

and image to generate captions, participants’ preference for AI-generated captions increased

significantly from 53% to 61% (p = .002), and their misclassification rate as human-written

rose from 29% to 51% (p < .001). Context thus makes AI captions both more appealing and

less detectable, amplifying audiences’ biases that likely stem from linguistic heuristics when

evaluating multimodal generative content. Our findings are consistent with evidence from

the previous Wikipedia image captioning study [125]. These results suggest that the heuris-
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Figure 3.4: Directionality of feature coefficients for ground truth (actually AI-generated,

orange ×) and human responses (blue and red bars), shown as deviations from an odds

ratio (OR) of 1 in logistic regression models. Values represent (OR − 1) × 100%, where

positive percentages indicate higher odds of being AI-generated (or choosing AI-generated)

and negative percentages indicate lower odds relative to chance. For example, +50% means

the feature is associated with 50% higher odds, whereas −50% means 50% lower odds. Error

bars for human responses indicate 95% confidence intervals (CIs) around the estimates.

Complete regression coefficients are reported in Appendix Table 3.1.

tics shaping human judgments of AI-generated content across domains such as professional

communication, hospitality, dating, and journalism, [39, 121, 126, 54, 250, 105, 270] likely

persist even when both visual and contextual cues are present.

3.3.2 Computational Analysis: Flawed linguistic heuristics persist but informa-

tional cues offer reliability

To understand why audiences struggled to distinguish and often preferred AI captions, we

computationally analyzed caption features (Figure 3.4). Building on frameworks for analyz-

ing AI-generated text [105, 270, 202], we performed feature selection and identified a consis-
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tent set of linguistic features, drawing on categories from the Linguistic Inquiry and Word

Count (LIWC) lexicon [188], including Affect, Past Tense, Pronouns, Conjunctions, Causa-

tion, Differentiation, Quantifiers, and Adverb categories, and Word Count. Informativeness

was measured along two dimensions: cross-modal alignment (image-caption alignment via

CLIPScore and caption-article alignment via Proper Noun Recall) and caption descriptive-

ness (measured through Proper Noun Counts). This feature analysis focuses exclusively

on scenarios where AI captions were generated with article context, namely the full article

condition, given their higher quality and better resemblance to real-world news captioning.

We fit three logistic regression models to examine how linguistic and informational

features were associated with captions that were (1) actually AI-generated (ground-truth

source), (2) perceived as AI-generated, and (3) less preferred by participants.

Odds ratios from the ground-truth model (orange × in Figure 3.4) revealed distinct

linguistic patterns, which we term AI linguistic markers: AI-generated captions contained

more affective language and conjunctions but showed less past focus, fewer pronouns, and

fewer prepositions than journalist-written captions. On the other hand, AI captions showed

weaker image–caption alignment (i.e., lower CLIPScore) and reduced descriptiveness (i.e.,

lower Proper Noun Counts), yet substantially higher article recall (i.e., greater Proper Noun

Recall), reflecting the model’s direct access to article text during generation.

Results from the two human-response models revealed systematic divergences from the

ground-truth linguistic markers. In the perceived AI-generated model (red dashed bars in

Figure 3.4), participants were more likely to classify captions as AI-generated when they

contained greater past-tense usage and higher pronoun frequency—features that, in reality,

characterized journalist-written captions rather than AI-generated ones. Other linguistic

features that reliably distinguished AI from human captions in the ground-truth model were

largely non-diagnostic for participants. A similar pattern emerged in the preference model

(blue solid bars in Figure 3.4): captions with greater past orientation and pronoun use

were less preferred, while most remaining linguistic features did not significantly influence

preference judgments.
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In contrast, informational features showed strong and consistent effects across both

human-response models. Participants reliably associated stronger image–caption alignment

and greater descriptiveness with both human authorship and higher preference, aligning

with the true caption source. These cues, however, were weighted differently across tasks:

preference judgments placed greater emphasis on image–caption alignment, whereas AI-

detection judgments relied more heavily on descriptiveness. Notably, higher article–caption

alignment—where AI captions objectively outperformed journalist captions due to direct ac-

cess to article text—was also associated with increased preference, revealing how seemingly

positive features can paradoxically favor AI-generated content.

These feature analyses suggest that while participants continue to rely on flawed linguis-

tic cues when assessing AI-generated text, informational cues—particularly image–caption

alignment and caption descriptiveness—are more reliably aligned with true caption sources

and may help mitigate such bias. Critically, these informational cues are not fixed proper-

ties of captions but are directly shaped by the textual context available to the AI system at

generation time.

Figure 3.5: Experiment 2 results. Proportion of AI-generated captions selected by partic-

ipants in the preference task (left) and the AI-detection task (right) across three generation

conditions: full article, local context, and shuffled context. Each dot represents one partici-

pant’s proportion of AI-caption selections across images.
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3.3.3 Experiment 2: Contextual manipulation exploits human evaluation biases

Accordingly, altering the context provided to AI systems should predictably shape caption

features and, in turn, influence both human preferences and AI detectability. We tested this

in Experiment 2 using captions generated under three conditions: full-article context (as in

the previous experiment), local context (sentences surrounding the image plus the article’s

lead sentence), and shuffled context (mismatched text drawn from unrelated articles).

In Experiment 2, local-context captions were preferred 64% of the time over journalist-

written captions—significantly higher than full article (60%, p = .001) and far exceeding

shuffled context (33%; p < .001; Figure 3.5). Enhanced image–caption alignment likely

drove this preference hierarchy, with local context mitigating VLMs’ perceptual weaknesses

by focusing on surrounding sentences that contained the most visually relevant informa-

tion [256]. Strikingly, captions generated from entirely incorrect, shuffled context were still

preferred 33% of the time, revealing how surface-level descriptiveness can mislead judgement.

In contrast, detection accuracy in Figure 3.5 showed minimal sensitivity to context qual-

ity: local context (50%), full article (51%), and shuffled context (58%) yielded only modest

differences, with a significant effect observed only for the shuffled context condition compared

with the other two (both p′s < .001). Recall that in the previous experiment, detection

accuracy reached 71% (i.e., a 29% misclassification rate) when no context was provided.

Captions generated from shuffled context were detected well below this level, consistent with

prior Wikipedia-based comparisons of random and no-context conditions [125]. This pat-

tern suggests that the surface descriptiveness introduced by misleading proper nouns makes

inaccurate captions much more difficult to identify than those lacking such cues.
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Figure 3.6: Coefficients of linguistic and informational features for captions generated using

full-article, local-context, or shuffled-context input, based on 111 generated stimuli in each

condition. Complete regression coefficients are reported in Appendix Table 3.2.

A mixed-effects analysis revealed a significant main effect of task (p < .001) and a

significant task × context interaction (p < .001), confirming that contextual strategies sub-

stantially affected caption preferences while influencing detection accuracy in a qualitatively

different manner. Specifically, the local context and full article conditions proved indistin-

guishable in the detection task (p > .05) despite clear preference differences. These results

indicate that audience judgments of AI detectability are more susceptible to contextual

manipulations than their caption preferences, highlighting a persistent vulnerability to well-

formed but contextually misleading AI-generated content when task framing shifts.

To assess whether AI-generated captions produced under local context, full-article, and

shuffled context conditions reflected the intended manipulation of captions’ informational fea-

tures, we additionally examined odds ratios from logistic regression models independently

predicting caption source across these three conditions (Figure 3.6). These models con-

firmed that the context manipulation operated as intended: AI linguistic markers remained

relatively consistent across conditions, while cross-modal alignment features were effectively
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altered. Local context narrowed the image-alignment gap between AI and journalist captions

from –51% to –30%. Shuffled context successfully disrupted alignment, producing the lowest

scores for both image-caption and article-caption measures while maintaining descriptive-

ness at the same level as other strategies. This selective disruption isolates a mechanism by

which AI captioning can preserve surface-level quality even as contextual accuracy deteri-

orates, creating conditions under which misleading captions may be especially difficult for

audiences to detect.

3.4 Discussion

Extending previous research on people’s limitations in evaluating AI-generated content in

text-only domains, such as news, autobiographical writing, recipes, and poetry [39, 121, 126,

54, 250, 105, 270], our findings show that these limitations persist when language is embed-

ded within richer multimodal contexts. In news image captioning, where text is expected to

cohere with visual information, participants continued to rely on unreliable linguistic heuris-

tics when judging AI-generated captions. Consistent with recent work using Wikipedia

data [125], we also found that providing additional context enhances the overall quality of

captions. This improvement amplifies people’s existing bias toward AI-generated text: par-

ticipants preferred AI captions even more and could identify them as AI-generated only at

chance levels.

Combining experimental evidence with computational analyses, we identify a set of re-

liable informational cues—particularly image–caption alignment and caption descriptive-

ness—that can mitigate these judgment limitations. Modern language models are increas-

ingly adept at imitating human writing styles, a trend reflected in participants’ inabil-

ity to distinguish AI- from journalist-written text, both in our study and in prior work

[39, 121, 126, 54, 250, 105, 270]. However, aligning images with textual meaning remains a

far greater challenge for the current AI systems. Previous research has documented persistent

weaknesses in the perceptual understanding and cross-modal reasoning of these models, in

contrast to their strong performance in purely textual domains [174, 240, 235, 148]. Achieving
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high image–caption alignment in news contexts further requires models to draw on extensive

world knowledge—recognizing public figures, locations, and events, or at least selecting the

correct entities from a large set of plausible names mentioned in an article [217, 256].

Crucially, these weaknesses also point to a practical opportunity: while stylistic language

cues are easily mimicked, misalignments between images and text are substantially harder

for AI systems to conceal. Image–caption alignment therefore serves as a potentially action-

able diagnostic anchor for human evaluators, media literacy interventions, and automated

auditing tools. Likewise, descriptiveness in professional journalism reflects an established

“who–where–when–what” convention [256] that current VLMs may not have fully internal-

ized, in part because they are not trained under norms emphasizing factual completeness

and contextual grounding [202].

Together, these gaps explain why informational cues can mitigate linguistic biases in AI

language assessment, providing a more reliable basis for evaluating multimodal AI content.

In practice, guiding media consumers to assess whether a caption or image description ac-

curately reflects the named entities referenced in the article, whether visual details plausibly

correspond to the depicted people, locations, and events, and whether the caption adheres

to journalistic conventions may help counter the persuasive power of fluent yet contextually

misleading AI-generated content.

Importantly, our results show that the effectiveness of these informational cues depends

strongly on task framing. When judging which caption they preferred, participants drew

on an intuitive mental model integrating alignment and descriptiveness. When asked in-

stead to detect whether a caption was AI-generated, they defaulted to linguistic heuristics

and were easily misled by surface-level descriptiveness, even when alignment was disrupted.

This pattern suggests that audiences are more accustomed to evaluating linguistic style—an

intuitive but unreliable signal driven by prominent exposure to AI written text—than to

assessing cross-modal coherence in AI-generated content. While people have picked up the

association of certain language patterns with AI authorship, they often lack awareness of

how image-text alignment contributes to content authenticity. As a result, judgments of AI
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detectability are more susceptible to contextual manipulations than caption preferences, as

participants selectively underutilize informational cues even when they are accessible.

3.4.1 Limitations and ethics statement

We used the VOA news dataset because it enables us to locate where each image appears

within the original article, which was essential for implementing the local-context condition.

While we expect the findings to generalize to larger news corpora such as GoodNews [19]

and VisualNews [146], future work could test robustness across more diverse news outlets

and content domains, including encyclopedic and informal text formats (e.g., Wikipedia or

blogs) [125, 27]. Additionally, our analyses focused on two closely related VLMs, GPT-4V

and GPT-4o. Although these were considered state-of-the-art at the time of the experi-

ments, future research should extend comparisons to a broader range of models, including

open-source variants and prompt designs. Finally, our results are limited to the current gen-

eration of language models and to people’s existing heuristics for evaluating AI-generated

captions. Nonetheless, prior work has consistently shown that modern VLMs remain weaker

in perceptual and cross-modal reasoning compared to their strong textual reasoning abilities

and to humans, who are robust perceptual and multimodal reasoners [174, 240, 235, 148].

We therefore expect these performance gaps to persist in the near term, suggesting that

informational and cross-modal features will continue to serve as reliable cues for mitigating

human judgment biases toward generative content.

3.5 Appendices

3.5.1 Examples of top- and bottom-ranked news image captions of informa-

tional features

All examples are drawn from journalist-generated VOA news image captions collected by

Li et al. [138]. Figure 3.7 shows examples of top- and bottom-ranked news image captions

across the three informational features introduced here: image-caption alignment, caption-
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article alignment, and caption descriptiveness.

Image-caption alignment A high image–caption alignment (i.e., high CLIPScore) cap-

tion typically describes the event literally depicted in the image (e.g., a U.S. representative

at a news conference, both shown in the picture). In contrast, a low image–caption alignment

(i.e., low CLIPScore) caption may mention key elements (e.g., a Facebook page) not visible

in the image, or actors (e.g., protesters) who are not clearly discernible.

CLIPScore: Given an image I and caption C, image and text embeddings, fI(I) and

fT (C), are extracted from a pretrained CLIP model (ViT-L/14) and ℓ2-normalized. Image–

caption alignment is computed as the cosine similarity between the two embeddings:

CLIPSim(I, C) =
fI(I) · fT (C)

∥fI(I)∥ ∥fT (C)∥
.

Following common practice, cosine similarity scores are linearly rescaled for interpretability:

CLIPScore(I, C) = 100× CLIPSim(I, C),

with higher values indicating stronger semantic correspondence between the image and cap-

tion.

Caption-article alignment For high caption–article alignment, as measured by high

Proper Noun Recall, the caption contains several named entities (e.g., Tower Bridge, Lon-

don, Donald Trump, U.S.) that also appear in the accompanying news article. In contrast, a

low caption–article alignment (i.e., low Proper Noun Recall) caption may include only a sin-

gle proper noun (e.g., U.S.) despite the article mentioning many others (e.g., U.S. President

Barack Obama, Hillary Clinton, Cameroon).

Proper Noun Recall: Let PA denote the set of proper nouns extracted from the article

text and PC denote the set of proper nouns extracted from the caption. Proper Noun Recall

is computed as

PNRecall =
|PC ∩ PA|

|PA|
,
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with higher values indicating greater coverage of article-specific named entities in the caption.

A value of 1 indicates that all article proper nouns are mentioned in the caption, whereas a

value of 0 indicates no overlap.

Caption descriptiveness Caption descriptiveness, measured by the proportion of proper

nouns (i.e., proper nouns normalized by caption word count), reflects how detailed a caption

is without considering whether those entities accurately correspond to the image content.

A highly descriptive news image caption contains multiple named entities (e.g., Republican,

Donald Trump, Palm Beach County, GOP, Lincoln Day Dinner, Mar-a-Lago Club) that

provide additional context to help the audience understand the broader news event beyond

the visual elements. In contrast, a low-descriptiveness caption contains few or no proper

nouns and tends to be more generic.

Proper Nouns: Computed as the proportion of proper nouns in the caption. Let NPN

denote the number of proper nouns and Nwords denote the total number of words in the

caption. The measure is defined as

Proper Nouns =
NPN

Nwords

,

which normalizes entity counts by caption length to enable comparisons across captions of

different lengths, with higher values indicating more descriptive captions due to the inclusion

of specific actors, locations, and institutions (i.e., named entities) rather than generic scene

descriptions.
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Figure 3.7: Examples of top- and bottom-ranked news image captions across informational

features. Upper: image–caption alignment; middle: caption–article alignment; bottom: cap-

tion descriptiveness. Examples are adapted from journalist-generated VOA news image

captions collected by Li et al. [138].
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3.5.2 Regression coefficients for ground truth vs. human judgment (Models

1–3)

Corresponding to Figure 3.4 in the main text, logistic regression models (Table 3.1) predict

(1) whether a caption was actually generated by AI, (2) whether a caption was perceived as

AI-generated, and (3) whether an AI-generated caption was less preferred in paired compar-

isons. Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001. Odds ratios (ORs) and 95%

confidence intervals (CIs) were computed by exponentiating the logistic regression coefficients

and their bounds: OR = exp(β) and 95% CI = [exp(β − 1.96 × SE), exp(β + 1.96 × SE)].

An OR greater than 1 indicates a positive association with the outcome (e.g., OR = 1.05

corresponds to 5% higher odds of a caption being AI-generated in Model 1, being perceived

as AI-generated in Model 2, or an AI-generated caption being less preferred in Model 3),

whereas an OR less than 1 indicates a negative association.
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Table 3.1: Regression coefficients for models predicting (1) actually AI-generated content,

(2) captions perceived as AI-generated, and (3) preference for journalist-generated captions

(i.e., AI-generated captions are less preferred).

Feature (1) Actually AI (2) Perceived as AI (3) Less Preferred

Informational Features

Alignment

CLIPScore 0.57 (0.38, 0.82)** 0.98 (0.93, 1.02) 0.85 (0.82, 0.89)***

Proper Noun Recall 2.11 (1.40, 3.34)*** 1.02 (0.97, 1.07) 0.91 (0.87, 0.96)***

Descriptiveness

Proper Nouns 0.35 (0.22, 0.54)*** 0.86 (0.82, 0.91)*** 0.94 (0.90, 0.99)*

AI Linguistic Markers

Affect Words 2.69 (1.82, 4.12)*** 0.99 (0.95, 1.04) 1.01 (0.97, 1.05)

Past Focus Words 0.34 (0.19, 0.54)*** 1.13 (1.08, 1.18)*** 1.12 (1.07, 1.16)***

Pronouns 0.60 (0.40, 0.86)** 1.04 (0.99, 1.09) 1.06 (1.01, 1.10)*

Conjunctions 1.68 (1.19, 2.44)** 0.99 (0.95, 1.04) 1.05 (1.00, 1.09)*

Prepositions 0.64 (0.44, 0.91)* 0.98 (0.94, 1.02) 0.95 (0.92, 0.99)*

Human Heuristics

Word Count 0.79 (0.53, 1.15) 0.90 (0.86, 0.95)*** 0.67 (0.64, 0.70)***

Causation Words 1.20 (0.86, 1.72) 0.95 (0.91, 0.99)* 0.91 (0.87, 0.94)***

Nominal Subjects 0.79 (0.54, 1.15) 1.01 (0.97, 1.06) 1.10 (1.06, 1.15)***

Quantifiers 0.98 (0.70, 1.40) 0.96 (0.92, 1.01) 0.96 (0.92, 1.00)

Adverbs 0.94 (0.69, 1.30) 0.98 (0.93, 1.03) 0.99 (0.95, 1.03)

Model Fit

Constant 0.96 (0.67, 1.35) 3.05 (2.47, 3.77)*** 0.86 (0.75, 0.98)*

Observations 272 12,648 13,056

Log-likelihood -110.87 -6,752.67 -8,206.56

AIC 249.74 13,535.33 16,443.12
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3.5.3 Regression coefficients for generation strategies (Models 4–6)

Corresponding to Figure 3.6 in the main text, logistic regression models (Table 3.2) predict

whether a caption was generated by AI (i.e., GPT-4o) under three contextual conditions:

(4) full-article context, (5) local context, and (6) shuffled context. Significance levels: *

p < 0.05, ** p < 0.01, *** p < 0.001. Odds ratios (ORs) and 95% confidence intervals

(CIs) were computed by exponentiating the logistic regression coefficients and their bounds:

OR = exp(β) and 95% CI = [exp(β−1.96×SE), exp(β+1.96×SE)]. An OR greater than 1

indicates a positive association with the outcome (e.g., OR = 1.05 corresponds to 5% higher

odds of a caption being AI-generated in Models 4–6), whereas an OR less than 1 indicates

a negative association.
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Table 3.2: Regression coefficients for models predicting (4) actually AI-generated content

from the full article, (5) actually AI-generated content from a local article context, and (6)

actually AI-generated content from a shuffled context.

Feature (4) Full Article (5) Local Context (6) Shuffled Context

Informational Features

Alignment

CLIPScore 0.49 (0.28, 0.79)** 0.70 (0.48, 0.99)* 0.22 (0.10, 0.43)***

Proper Noun Recall 2.56 (1.63, 4.42)*** 2.22 (1.44, 3.63)*** 0.50 (0.20, 1.17)

Descriptiveness

Proper Nouns 0.47 (0.26, 0.80)** 0.44 (0.27, 0.69)*** 0.46 (0.23, 0.85)*

AI Linguistic Markers

Affect Words 4.25 (2.52, 7.76)*** 2.51 (1.65, 3.95)*** 3.50 (1.91, 7.03)***

Past Focus Words 0.46 (0.23, 0.79)* 0.49 (0.29, 0.78)** 0.71 (0.43, 1.15)

Pronouns 0.34 (0.18, 0.58)*** 0.31 (0.17, 0.51)*** 0.22 (0.09, 0.46)***

Conjunctions 2.43 (1.51, 4.07)*** 1.67 (1.15, 2.50)** 2.05 (1.26, 3.52)**

Prepositions 0.82 (0.51, 1.30) 0.65 (0.43, 0.96)* 0.50 (0.26, 0.89)*

Other Covariates

Word Count 1.27 (0.85, 1.91) 1.57 (1.09, 2.35)* 2.11 (1.25, 3.83)**

Causation Words 1.43 (0.93, 2.27) 1.08 (0.75, 1.58) 1.26 (0.76, 2.20)

Nominal Subjects 1.08 (0.66, 1.79) 1.17 (0.80, 1.74) 1.36 (0.77, 2.48)

Quantifiers 0.94 (0.63, 1.39) 0.84 (0.56, 1.22) 0.81 (0.46, 1.34)

Adverbs 0.68 (0.38, 0.97)* 0.70 (0.43, 0.98)* 0.64 (0.39, 0.93)*

Model Fit

Constant 0.95 (0.61, 1.46) 0.89 (0.61, 1.27) 0.92 (0.53, 1.61)

Observations 222 222 222

Log-likelihood -75.43 -99.05 -56.65

AIC 178.86 226.11 141.29
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CHAPTER 4

Visual Narrative Freedom under

Loose Image–Text Alignment

Abstract

Mapping linguistic to visual representations is a central objective in vision-language model

(VLM) development. Consequently, current VLM benchmarks and training objectives pre-

dominantly optimize for literal, descriptive correspondence between modalities. However,

in real-world multimedia contexts, text and images are rarely strictly redundant; they are

often loosely coupled, interacting at higher narrative levels. To capture this dynamic, we

introduce Visual Narrative Freedom (VNF): the degree to which a generative system can pro-

duce multiple plausible visual realizations from an underdetermined textual input. In this

chapter, we evaluate text-to-image (T2I) generation across a continuum of linguistic con-

straints, conditioning models on visual descriptions, captions, and full news articles. Using

perceptual, structural, and semantic metrics, we first demonstrate that as textual constraints

loosen (and VNF increases), T2I models produce images that are significantly more diverse

from ground-truth reference photographs. Human evaluation further reveals that providing

generation models with greater VNF significantly increases the likelihood that their outputs

are preferred over authentic news photographs, despite the known stylistic limitations of

AI imagery. Ultimately, these findings suggest that the creation of persuasive multimodal

misinformation is more imminent than evaluations of T2I systems based solely on text de-

scriptions may indicate. This highlights the need for VLM evaluation frameworks that better
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Article
Police have sniffed out one of Merseyside's biggest cannabis farms 
being grown in a Liverpool tower block. Candia Towers in Everton 
was raided on Wednesday after a passing patrol noticed a strong 
smell of cannabis. Officers found more than 2,000 plants growing in 
three flats on the fifth floor and discovered more in five flats on the 
sixth and 12th floors……

Caption
Officers became suspicious after looking up and seeing sheeting on 
the windows of a fifth floor flat. 

Description
The composite image juxtaposes two distinct scenes, capturing 
disparate aspects of urban life. On the left, a towering high-rise 
building stands under a clear azure sky, its rectangular façade dotted 
with evenly spaced windows, suggesting a densely populated 
residential structure……

Reference (Original) Image Caption-Based Generation

Article-Based GenerationDescription-Based Generation

T2I Image OutputT2I Text Input

Figure 4.1: Visual Narrative Freedom shapes human preference in T2I tasks. Left:

Example inputs for a news instance, with the reference image and generated images under

each condition. Right: As VNF increases, preference shifts toward AI-generated images

(Section 4.5); gray dots represent individual participants, with means and bootstrapped

95% CIs.

capture the underdetermined nature of real-world image-text alignment1

4.1 Introduction

Mapping linguistic representations to visual representations and integrating the two modali-

ties has been at the center of vision–language model (VLM) development [273, 137, 116]. In

today’s models, many existing approaches align images and text through shared embeddings

or cross-modal supervision [139, 64], often optimizing for literal correspondence between

textual descriptions and visual content [194]. However, such formulations overlook a fun-

damental aspect of multimodal communication: images and text do not merely translate

information but interact at higher narrative and symbolic levels [275, 12].

Across domains such as journalism, advertising, and social media, images often comple-

ment or symbolically represent textual narratives rather than redundantly mirroring them

[275, 151, 125, 29]. As a result, the relationship between text and image may be loosely

coupled: a single textual narrative can plausibly correspond to multiple visual realizations.

1All data and code are available at https://app.box.com/s/6cy5nh47o2l57skhjq0i4hkw4uq2ym1s.
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This flexibility is especially consequential for generative systems, which are not constrained

by physical access, timing, or the availability of real-world scenes [37].

While recent work has started to investigate these loose image-text correspondences,

research has been largely constrained to image-to-text (I2T) models and applications [93,

125, 90]. In this work, we instead frame this loose coupling as a fundamental characteristic

of multimodal generation and demonstrate the direct consequences it has for text-to-image

(T2I) settings. We refer to this property as visual narrative freedom (VNF): the degree

to which a system can produce multiple plausible visual realizations for the same textual

context. VNF emerges when the mapping from text to image is underdetermined, allowing

generative models to instantiate different visualizations of the same narrative.

Visual journalism provides a high-stakes context in which these dynamics become visible

[231, 185]. Images accompanying news articles often serve narrative or framing functions

rather than strictly documenting the events, locations, or figures described in the text. At

the same time, news photographs carry evidentiary authority and are often perceived as

eyewitness records of reality [8, 204, 210]. These characteristics make news media an infor-

mative setting for studying the downstream impact of generative systems when image–text

relationships are loosely constrained. Even when generated images achieve high perceptual

fidelity, they may retain stylistic cues that distinguish them from traditional photojournalism

[231, 239], potentially creating a baseline stylistic disadvantage.

As Figure 4.1 illustrates, news articles serve as an especially interesting resource to in-

vestigate the effects of VNF, since they inherently provide naturalistic examples of text that

vary across three VNF levels for each individual image: descriptions (which can be generated

from the image directly when absent), captions, and full news articles. This allows us to

examine how varying levels of textual constraint shape image diversity and how these dif-

ferences interact with audience preferences across levels of VNF when images are presented

alongside articles.

In summary, our main contributions are: (1) We show that loosely coupled image–text

relationships is not solely an image-to-text (I2T) problem but generalizes to evaluating text-
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to-image (T2I) systems, making it a bidirectional Vision-Language alignment issue. (2) We

introduce VNF, a measurable generative property that characterizes the range of plausible

visual realizations from a given textual context. (3) Through pre-registered experiments in

news media, we demonstrate that VNF increases audience preference for images presented

alongside articles, even when AI-generated imagery carries stylistic disadvantages.

Overall, our results highlight that varying visual narrative freedom can significantly mod-

erate the persuasiveness of multimodal outputs. Concretely, the finding that people start to

reliably prefer AI-generated images over real news images when models are given sufficient

VNF to exploit opens important questions about the risk factors of AI-generated multimodal

misinformation.

4.1.1 Background on AI-generated photorealistic imagery

Advances in T2I generative models have enabled the production of highly detailed and

photorealistic images across domains such as art, education, marketing, and journalism

[244, 157, 149]. Early systems such as DALL·E [198, 197] and Stable Diffusion [209] estab-

lished the feasibility of generating visually coherent scenes from natural language prompts.

More recent models such as Google’s Imagen [213, 104] demonstrate substantial improve-

ments in photorealism, compositional fidelity, and semantic alignment while supporting

longer and more complex textual inputs [169, 45, 200]. Despite not capturing physical events

through optical processes like traditional photography, AI-produced photorealistic imagery

increasingly approaches the perceptual quality of professional photography by modeling sta-

tistical regularities in large-scale vision–language corpora [185, 135, 244].

T2I generation systems synthesize images from natural language prompts by learning

joint visual–text representations [197]. Recent advances integrate diffusion-based generative

modeling [91, 209] with large-scale contrastive language–vision pretraining (e.g., CLIP) [194].

Diffusion architectures enable high-resolution synthesis through iterative denoising [91] while

contrastively trained encoders align textual inputs with visual embeddings learned from web-

scale image–text corpora [194]. This integration substantially improves prompt adherence,
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compositional grounding, and visual fidelity compared to earlier GAN-based approaches

[201, 267, 254, 10].

Among T2I applications, photorealistic synthesis constitutes a particularly demanding

setting [244]. Unlike photography, which records physical events through optical processes,

generative systems approximate realism by modeling statistical regularities in large-scale

visual corpora rather than simulating physical light transport [244]. Improvements in model

scale and data have narrowed perceptual gaps between synthetic and photographic imagery

[185, 45, 178]. Widely circulated fabricated images such as a fake earthquake in the Pacific

Northwest, the Pope in a puffy Balenciaga coat, and staged depictions of Donald Trump being

arrested have heightened public concern about deception and manipulation [185, 172, 84].

Despite high perceptual fidelity, AI-generated images retain identifiable stylistic priors.

Previous studies document hyper-smooth textures, compositional homogenization, factual

artifacts, uncanniness, and demographic exaggerations [45, 200, 181]. In journalistic con-

texts, where images serve evidentiary and communicative roles as perceived eyewitnesses

that anchor shared reality and signal authenticity [8, 204, 210], such stylistic regularities

may substantially shape audience evaluations. On the other hand, imperfections associated

with real-world image capture—such as lighting irregularities, resolution constraints, or en-

vironmental noise—can serve as cues of authenticity, in contrast to the synthetic smoothness

of generative images [231].

Developments in AI-generated photorealistic imagery establish two core conditions that

make the present study meaningful and timely: contemporary T2I systems can generate

images with near-photographic perceptual fidelity; however, they retain stylistic signatures

that remain perceptible to viewers. Together, these developments raise important questions

about whether such AI visual priors are systematic, whether audiences can detect them, and

how these subtle cues may be interpreted and evaluated in high-stakes civic domains such

as journalism, where authenticity carries strong normative expectations [84].
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4.2 Related Work

Our work connects two strands of literature on image–text relationships. The first examines

how VLMs operationalize relationships between images and text, typically assuming tightly

aligned descriptive correspondence. The second comes from multimedia communication and

journalism, where images and text often interact more loosely in real-world settings. Building

on these perspectives, we introduce VNF as a property that emerges when generative models

operate under loosely constrained textual inputs.

4.2.1 Image–text relationships in vision–language models

Across vision–language tasks, the dominant paradigm assumes relatively tight semantic

alignment between images and text [64, 116]. Image captioning datasets typically describe

visible entities, attributes, and actions within an image [124], and many T2I benchmarks

similarly rely on prompts that explicitly specify the visual scene to be generated [10]. This

assumption is reflected in both training objectives and dataset construction. Large-scale con-

trastive frameworks such as CLIP [194], ALIGN [106], CLOOB [68], and DeCLIP [140] learn

multimodal representations by maximizing correspondence between paired images and cap-

tions. Widely used benchmarks, including MSCOCO [143], Flickr30K [259], Visual Genome

[127], and Conceptual Captions [220], similarly pair images with text that directly describes

visible content.

Recent work has begun to explore richer forms of cross-modal interaction. For example,

Hessel et al. [90] introduce the New Yorker Captioning Challenge, which emphasizes gen-

erating humorous captions that capture indirect image–text relationships through cultural

and experiential references. The Visual Commonsense Reasoning dataset [263] evaluates

models’ ability to infer motivations and social context from images, while Concadia [125]

distinguishes between descriptions, which substitute for images by focusing on visible fea-

tures, and captions, which accompany images to provide contextual information. At the

architectural level, BriVL [101] introduces a weakly correlated vision–language pretraining
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framework, relaxing the assumption that paired image–text data must exhibit strict seman-

tic correspondence, and Zur et al. [274] propose a CLIP variant specifically finetuned to

distinguish visual descriptions from captions.

However, most of these studies remain situated in I2T contexts, primarily due to their

task formulation [e.g., 90, 274], and T2I model development appears largely unaffected by

these insights [69, 119, 31]. In this work, we specifically focus on the T2I context where a

deep exploration of the consequences of loosened image-text alignment is still lacking. Our

results highlight the importance of treating varying image-text relationships in VLMs as

a fundamental point of variation that needs to be considered when developing evaluation

frameworks.

4.2.2 Image–text relationships in multimedia communication

While VLM benchmarking generally assumes a tight correspondence between image and

text modalities, real-world multimedia contexts frequently (perhaps, mostly) exhibit rela-

tionships that extend well beyond literal description [136]. For example, social media posts

frequently pair images with captions that frame interpretation rather than strictly describe

visual content [166]. In news media, images accompanying an article may illustrate broader

themes, frame particular actors, or evoke emotional responses without depicting the specific

events described in the text [151, 179].

Prior work in media theory and cognitive science has proposed frameworks describing

how images and text interact in multimodal communication. For example, Barthes [12] dis-

tinguishes between anchorage (text as anchor) and relay (text as complement) relationships,

while cognitive accounts such as Zwaan [275] emphasize the extent to which language use

is embedded in the environment. Although these frameworks provide valuable theoretical

insights, they are difficult to map directly onto computational measurements.

An alignment-based perspective can operationalize real-world image–text relationships as

a spectrum of semantic alignment [29], ranging from negative or near-zero correlation (e.g.,

satirical or contrasting contexts), to weak associations (e.g., symbolic or stock imagery), to
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strong correspondence (e.g., images depicting entities or events described in the text). This

formulation enables the use of existing cross-modal similarity metrics, such as CLIPScore

[89], to study loosely coupled image–text relationships. Additional typologies are reviewed

in Appendix 4.7.1.

This view connects directly to loosely coupled image–article pairs in news media, often

described as the depiction gap: the difference between what an image depicts and why it is

connected to the accompanying article [151]. Depiction gaps arise because news images may

be selected for thematic relevance, narrative framing, or practical constraints such as image

availability and newsroom sourcing limitations [29, 179].

Extending this perspective to text-to-image generation, image–text looseness translates

into variation in the semantic constraints imposed by the textual input on the range of

plausible visual realizations, which we term Visual Narrative Freedom. Section 4.5.1 further

shows that image–text similarity measures (e.g., CLIPScore) can be leveraged to capture

depiction gaps. Although CLIPScore is based on a model optimized for strong semantic cor-

respondence, we use it here to capture variation of alignment in real-world news image–article

pairings (not as a measure of VNF, which is a generator property), enabling analysis of how

T2I systems exploit this looseness to produce persuasive multimodal content.

4.3 Characterizing Visual Narrative Freedom

To characterize Visual Narrative Freedom (VNF) in T2I systems arising from loose im-

age–text alignment, we analyze generated images under three textual input conditions: de-

scription, caption, and article. Prior work suggests that these inputs vary in their semantic

constraints [19, 125, 151], allowing us to examine how reduced constraint shapes the range

of plausible visual realizations produced by generative models. To facilitate direct cross-

conditional comparison, all conditions are extracted from the same original news article and

corresponding image.
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4.3.1 Variation in VNF across text-to-image tasks

These three text conditions with varying semantic constraints provide an interesting testbed

to test whether we can characterize persistent effects of VNF on T2I system output.

Descriptions represent the most restrictive condition, explicitly specifying visual at-

tributes such as subjects, environment, and scene composition, leaving relatively little am-

biguity about the intended image [93, 19, 125].

Captions provide moderate constraint, summarizing the depicted event while omitting

many visual details and allowing for multiple plausible realizations [19, 125, 199].

Articles introduce the least restrictive condition and represent the novel condition intro-

duced in our study. This condition is enabled by recent advances in T2I generators capable

of processing longer textual inputs [265]. Full articles provide rich narrative context but

rarely specify the precise visual scene accompanying the story, affording greater interpretive

latitude for image generation [151, 179].

4.3.2 Measuring visual narrative freedom

Because VNF concerns the range of visual interpretations arising from the same textual

context, we measure variation directly in generated images. Using computational similarity

metrics, we quantify this variation by comparing plausible generated image candidates from

the same textual input to one another (Intra-Prompt Diversity) or to a reference photograph

representing the ground-truth image pairing instance (Reference Deviation).

Across these measurements, if VNF increases with looser textual constraints, we expect

the diversity of generated images across candidates and their visual deviation from the origi-

nal image to increase progressively from description- to caption- to article-based generation.

At the same time, images produced by the same T2I system should maintain a consistent

photographic style. For the human experiments, we validate this stylistic consistency using

reference-free metrics (Appendix 4.7.5).

Intra-Prompt Diversitymeasures the diversity of visual realizations produced from the
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same prompt. For each textual input, multiple candidate images are generated and compared

using pairwise similarity. Higher scores indicates greater diversity in visual interpretations

and thus greater VNF. Formally, diversity is computed as the average pairwise distance (i.e.,

1− sim) across generated candidates:

1

N(N − 1)

∑
i̸=j

(1− sim(Ii, Ij))

whereN is the number of generated images for a given prompt, and Ii, Ij denote generated

images from the same prompt.

Reference Deviation measures how far generated images deviate from the original

photograph paired with each news instance, which serves as one possible visual realization

of the narrative. Formally, we compute deviation as

1− sim(Igenerated, Ireference)

where higher scores indicate greater divergence from the original depiction and thus

greater VNF.

Similarity Metrics To capture visual differences (i.e., 1− sim) across multiple levels of

representation—from low-level perceptual features to high-level semantic concepts—we con-

sider four complementary similarity metrics that span across perceptual, structural, semantic

and conceptual features [72]:

• LPIPS (Learned Perceptual Image Patch Similarity) computes distances be-

tween intermediate feature activations from a pretrained AlexNet network, calibrated

to correlate with human perceptual similarity judgments [268].

• DISTS (Deep Image Structure and Texture Similarity) compares structural

correlations and texture statistics derived from feature maps of a pretrained VGG

network, capturing both spatial layout and texture similarity [50].
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• VGG Similarity computes cosine similarity between image-level embeddings ob-

tained by globally pooling pretrained VGG feature maps via adaptive average pooling,

capturing high-level visual structure [225].

• CLIP Similarity measures semantic similarity using cosine distances between im-

age embeddings produced by the CLIP ViT-L/14 model in a joint vision–language

representation space aligned with textual concepts [194].

4.4 Model Experiments

To characterize the latitude of VNF in real-world applications, we construct a balanced set

of 108 news instances drawn from five major outlets. In order to complement our automatic

metrics with in-depth human judgments (Section 4.5), we opted for prioritizing a highly

curated, naturalistic dataset and minimize the noise typical of larger ones. Since each in-

stance is generated under three constraint conditions, this yields a targeted set of 324 unique

text-image pairs.

4.4.1 Dataset

To assess the VNF potential of T2I systems, we curated a dataset from two established mul-

timodal news corpora: VisualNews [146], including four major outlets (BBC, The Guardian,

USA Today, and The Washington Post), and VOA News from M2E2 [138]. Each selected

item contained a news image, caption, and full article. To ensure experimental consistency,

account for LongCLIP’s [265] context window (248 tokens), and control participant engage-

ment time, we constrained articles to 50–200 words, required captions to contain at least 15

words to avoid underspecified prompts, and sampled instances to roughly reflect the distri-

bution of outlets and major news topics. Topic distributions and token counts are reported

in Appendix 4.7.2.

For each instance, we derived an additional tightly constrained condition by generating a
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highly detailed image description using GPT-52. Unlike standard short alt-text descriptions

commonly found online, these descriptions were deliberately constructed to be maximally

specific, explicitly specifying subjects, environment, lighting, mood, and camera perspective.

The exact prompt is provided in the Appendix 4.7.6.

4.4.2 Experiment setup

For each news instance, we generated images under three conditions (description-, caption-,

and article-based) using prompts derived from the same underlying content. Each prompt

produced 5 candidates per model, yielding an expected total of 4,860 images (108 instances

× 3 conditions × 5 candidates × 3 models)3. Exact prompts are provided in Appendix 4.7.6.

Model Selection For this analysis, we prioritized generation speed and high-level com-

positional and semantic variation over perceptual fidelity. We considered three models:

Nano-Banana-2, Realistic-Vision-V3.0, and Qwen-Image. Nano-Banana-2 is a propri-

etary T2I model from the Imagen family (used for high-fidelity generation in human evalua-

tions). Realistic-Vision-V3.0 is a Stable Diffusion–based model fine-tuned for photoreal-

istic generation; we used 50 inference steps and replace its CLIP backbone with LongCLIP

(ViT-L/14) to support longer textual inputs (up to 248 tokens). Qwen-Image is an open-

weight T2I model; we used the DFloat11/Qwen-Image-DF11 checkpoint, a quantized variant

optimized for memory-efficient deployment via CPU offloading, with 30 inference steps and

a true cfg scale of 3.0. All other configurations used model defaults.

4.4.3 Results

Similarity metrics (LPIPS, DISTS, VGG, and CLIP) introduced in Section 4.3.2 are used

for both intra-prompt diversity and reference deviation measurements, capturing variation

across perceptual, structural, semantic, and conceptual dimensions.

2GPT-4o was used for the human experiment (Section 4.5), as GPT-5 had not yet been released.

3We obtained 4,771 images due to Nano-Banana-2 refusals and the open-source model occasionally gen-
erating news article layouts rather than images under the article-based condition.
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Figure 4.2: VNF gradually increases from description- to caption- to article-based generation.

Metrics are z -scored across 108 instances per condition; ribbons denote 95% CIs; results are

shown per model and in aggregate (across candidates and models per prompt).

Intra-Prompt Diversity As shown in Figure 4.2, at the aggregated level (i.e., diver-

sity computed across image candidates for each prompt across all three models), diversity

increases from description to caption to article, indicating greater variation under less con-

strained prompts. At the model level, this pattern is most consistent for Qwen-Image and

Nano-Banana-2, which exhibit a monotonic increase in diversity across all metrics. Interest-

ingly, Realistic-Vision-V3.0 shows a partial deviation: caption-based generations exhibit

slightly higher similarity than description-based generations, although article-based genera-

tions still yield the highest diversity.

Reference Deviation According to Figure 4.2, at the aggregated level, the three gener-

ation conditions exhibit a clear trend: the average deviation between generated images and

reference images increases from description- to caption- to article-based generation. Exam-

ining individual models, this pattern is most consistent in Qwen-Image and Nano-Banana-2,
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both of which show a strong monotonic increase across all metrics. Realistic-Vision-V3.0,

however, exhibits a slightly inconsistent pattern across metrics, with only DISTS and VGG

showing a monotonic increase. Nevertheless, similar to the intra-prompt diversity results,

its article-based generations still show the largest reference deviation.

Across all representation levels, we observe a consistent increase in both intra-prompt

diversity and reference deviation as prompts expand from description to caption to article,

suggesting that looser image–text coupling affords greater VNF within the same T2I model.

This VNF property emerges across the full spectrum of visual representations, spanning

perceptual, structural, semantic, and conceptual dimensions, thereby enabling the generator

to produce progressively more diverse visual interpretations of the underlying event.

4.5 Human Evaluation

As we show computationally, VNF increases from description- to caption- to article-based

generation. When combined with the high visual fidelity of modern T2I systems, this prop-

erty may have significant implications in high-stakes civic domains such as news media. To

investigate this, we recruit human participants to assess preferences for images generated

under the three conditions, each compared against the journalist-selected reference. These

evaluations reveal that models leveraging VNF can shape how audiences perceive and prefer

generated imagery.

For this evaluation, we use a state-of-the-art proprietary T2I system to generate high-

fidelity, photorealistic news images, enabling us to measure preferences across conditions

in an ecologically valid setting while minimizing low-level stylistic confounds introduced

by weaker generators. All procedures were approved by the UCLA Institutional Review

Board (#24-0019-AM-001; May 28, 2025). Experiments were preregistered on AsPredicted

https://aspredicted.org/8kd9ss.pdf.

Stimuli and Model Selection All image descriptions were generated via gpt-4o, fol-

lowing the same process documented in Section 4.4.1. We use Imagen 3 as the image gen-
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erator, a state-of-the-art publicly accessible photorealistic T2I system capable of producing

coherent human figures and naturalistic scenes [104, 213]. We further conducted exten-

sive controls and validation to ensure balanced image fidelity (Appendix 4.7.3) and to con-

firm that reference deviation increases from description- to article-based generation under

Imagen 3 as textual constraints are relaxed (Appendix 4.7.4). Additional stylistic analyses

of the generated images are provided in Appendix 4.7.5.

Procedure We employed a within-subject design comparing description-, caption-, and

article-based generation conditions using a two-alternative forced choice paradigm. On each

trial, participants viewed a news article alongside two images: one original journalist-selected

image and one generated by a T2I model, and selected which they would publish for the

article. This design enables direct comparison under a shared article context, yielding a

relative preference measure interpretable against the 50% chance level.

Each participant viewed images generated under all three conditions but saw each article

only once. Participants completed 108 randomized trials (i.e., 36 per condition), with stimuli

fully balanced across the three conditions. To encourage adequate engagement with the

article content, each trial first presented the article alone with a suggested minimum viewing

time of approximately 30 seconds. Participants then proceeded to a second page displaying

both the article and its corresponding image for coherence assessment. Two practice trials

preceded the main task, and three attention checks were embedded throughout.

Participants 111 participants were recruited from the UCLA student subject pool (Jan

2026), with no overlap with other studies in this chapter. After excluding participants who

failed more than one attention check, provided incomplete responses, or were affected by

duplicated stimulus sampling in Qualtrics, 98 participants remained for analysis.

Results According to Figure 4.1, under the forced-choice setup (0.50 = equal preference

between real and AI images), description- (M = 0.440) and caption-based (M = 0.436) con-

ditions were below chance (both p < .001), indicating a preference for real images, whereas

the article-based condition was above chance (M = 0.531, p = .010), indicating a preference

for T2I-generated images. A logistic mixed-effects model confirmed that only the article-
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Figure 4.3: Left: depiction gap in original image–article pairs. Right: T2I systems narrowing

the gap through increased alignment.

based condition was significantly more likely to be preferred than the description-based

condition (p < .001), with no difference for captions (p = .659).

Overall, as VNF increases from description to article, AI-generated images become more

preferred and ultimately surpass journalist-selected images, whereas under more constrained

conditions (description and caption), journalist-selected images remain preferred. This sug-

gests that high-VNF settings enable generated images to shift audience preference in their

favor. To better understand the drivers of these preferences, we examine two properties:

(1) depiction gaps in real-world image–article pairs that allow T2I systems to produce im-

ages that better align with audience expectations, and (2) an inherent stylistic disadvantage

of AI-generated images that suppresses preference overall, making gains under higher-VNF

settings particularly notable.

4.5.1 Bridging the depiction gap as a mechanism for VNF

One explanation for why T2I systems produce more preferred images under high-VNF con-

ditions is the presence of a depiction gap in real-world news: journalist-selected images are

often only loosely aligned with article content due to sourcing constraints and availability

[151]. Under article-based generation, T2I systems can generate a broader range of plausi-

ble images, some of which may better match the article context, potentially bridging this

depiction gap.
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Figure 4.4: Relationship between CLIP-based image–text similarity and human coherence

judgments across news images. Left: correlation between CLIPScore and mean human

coherence ratings (r = 0.66). Right: standardized distribution of CLIPScore and human

ratings across images.

To test this mechanism, we first establish that variation in image–article alignment exists

in original news pairs using human coherence ratings. We then validate that CLIPScore

(LongCLIP ViT-L/14) provides a reliable proxy for alignment. Finally, we use this measure

to examine how alignment relates to preference for both original and generated images using

logistic mixed-effects models with CLIPScore interacted with condition.

4.5.1.1 Human coherence rating vs. CLIPScore

Task Participants evaluated the coherence of original news image–article pairs on a 5-point

Likert scale (1 = very incoherent, 5 = very coherent). Each participant rated all 108 stimuli.

To encourage adequate engagement with the article content, each trial first presented the

article alone with a suggested minimum viewing time of approximately 30 seconds. Partic-

ipants then proceeded to a second page displaying both the article and its corresponding

image for coherence assessment. Two practice trials preceded the main task.

Participants and Exclusions We recruited 50 participants from the UCLA student

subject pool during October to November 2025. Three attention checks were embedded
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throughout the study. Participants failing more than one attention check were excluded

from analysis. After exclusions, each image–article pair received 45 valid ratings.

Experiment Results The mean image–article coherence rating for the original news

items was 3.31 (SD = 1.25). Inter-rater reliability was assessed using the intraclass correlation

coefficient (ICC). The aggregated ratings showed excellent reliability (ICC1k = 0.96, 95% CI

[0.94, 0.97]), indicating strong agreement across annotators.

Validating CLIPScore as an Alignment Measure CLIPScore were strongly cor-

related with human coherence judgments (Pearson r = 0.66, p < .001; Spearman ρ =

0.64, p < .001), indicating that CLIP captures meaningful variation in perceived news im-

age–article alignment (see Figure 4.4).

4.5.1.2 Results

Original Images (Depiction Gap Baseline) For original images (Figure 4.3, left), align-

ment does not predict preference under the description-based condition (β = −0.011, SE =

0.074, p = .881). Under looser conditions of caption-based and article-based conditions,

the effect becomes significantly negative (caption: β = −0.181, article: β = −0.366, both

p < .001), indicating that lower alignment of original images increases the likelihood that

AI-generated images are selected for the preference judgment.

Generated Images (Bridging the Gap) For generated images (Figure 4.3, right),

alignment is a strong positive predictor of preference (β = 0.615, SE = 0.051, p < .001),

with no significant interaction effects. Generated images with higher article alignment are

consistently more likely to be selected over original images, regardless of generation condition.

These results support the depiction gap hypothesis: when variation in original im-

age–article alignment exists, alignment between generated images and the article becomes

a strong driver of preference, suggesting that T2I systems leverage VNF to produce images

that better align with article content, potentially narrowing the depiction gap and increasing

audience preference.
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Imagen-4 Qwen-Image

GPT-Image-1Description
A crowd of about a dozen people presses up against a red metal barricade 
on a tree-lined street as a Burmese woman standing on the back of a truck 
reaches down to accept a bouquet wrapped in crinkled clear plastic, her 
face lifted in a smiling, grateful expression. Several men in white shirts 
stand beside her on the platform, while photographers and supporters 
below stretch their hands and cameras upward; sweat-sheened forearms 
and open palms fill the foreground, catching the light. The setting appears 
outdoors near a faded signboard with local script and a red flag, with dense 
greenery forming the background. The mood is charged and celebratory, 
with a sense of relief and anticipation. Lighting is natural and directional, 
likely late afternoon, with strong sunlight slanting from the right, creating 
sharp contrasts and elongated shadows on faces, hands, and the peeling 
paint of the barricade. Textures include the chipped, rust-flecked rail, the 
crisp white fabric of shirts, the glossy cellophane around red flowers, and 
the damp sheen on skin in humid air……

Reference (Original) Image 
T2I Image OutputT2I Text Input

Figure 4.5: AI visual style disadvantage generalizes across T2I systems. Left: the same

GPT-5-generated description used across all generators, with the corresponding real image

and model-generated images. Right: violin plots of participant responses; gray dots represent

individual participants, with means and bootstrapped 95% CIs.

4.5.2 Stylistic disadvantages of AI-generated images

To assess whether the observed AI stylistic disadvantage generalizes beyond Imagen 3, we

replicated the description-based generation condition using GPT-5–generated descriptions

and additional TTI models.

Stimuli and Model Selection We synthesize images using three state-of-the-art T2I

models: Imagen 4, GPT-Image-1, and Qwen-Image. This design tests whether the observed

stylistic effects generalize across model families with different training paradigms, architec-

tures, and visual priors. Imagen 4 is the latest iteration of the Imagen family and serves

as a within-family replication of Imagen 3 [213, 104]. GPT-Image-1 is a proprietary image

generation model from OpenAI, representing a distinct system with its own learned visual

characteristics. Qwen-Image follows the setup in Section 4.4.2, with two modifications: in-

ference steps are increased to 50 and true cfg scale is set to 4.0 to improve fidelity.

Procedure We employed a within-subject design comparing description-based genera-

tion across three TTI models, Imagen 4, GPT-Image-1, and Qwen-Image, using the same

forced-choice paradigm. In each trial, participants were shown a news article alongside two

images: the original image and one generated by one of the three models. Each participant

viewed images generated by all three models but saw each article only once. Participants
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completed 108 randomized trials (i.e., 36 per model), following the same procedure as in the

previous experiment. All remaining procedures mirrored the prior study.

Participants and Exclusions A total of 114 participants were recruited from the UCLA

student subject pool (Feb-March 2026), with no overlap with other studies reported in this

chapter. After exclusions based on the same criteria, 97 participants remained for analysis.

Results One-sample t-tests showed that all models were significantly below chance

(Imagen 4: M = 0.286, p < .001; GPT-Image-1: M = 0.179, p < .001; Qwen-Image:

M = 0.180, p < .001), indicating a consistent preference for journalist-selected images

over generated images. This highlights a systematic stylistic disadvantage of TTI-generated

images under tightly constrained description-based prompts. Further analyzing model differ-

ences using a logistic mixed-effects model with random intercepts for subjects and images,

both GPT-Image-1 (β = −0.794, SE = 0.066, z = −12.06, p < .001) and Qwen-Image

(β = −0.812, SE = 0.066, z = −12.29, p < .001) were significantly less likely to be preferred

than Imagen 4. This indicates that Imagen 4 yields comparatively higher-fidelity visual

outputs, supporting our use of the Imagen family for high-fidelity image generation.

4.6 Conclusion

The dominant paradigm in modern VLMs typically assumes tight semantic alignment be-

tween images and text, whereas real-world multimodal contexts often exhibit image–text

relationships at higher narrative and symbolic levels. This semantic looseness motivates us

to examine how different levels of textual constraint shape Visual Narrative Freedom (VNF)

of Text-to-Image systems. We conduct model experiments across three constraint settings

(description-, caption-, and article-based generation) that vary along their hypothesized vi-

sual narrative freedom and introduce two metrics, Intra-Prompt Diversity and Reference

Deviation, to characterize how these conditions reflect VNF. Our results show a gradual in-

crease in the diversity of visual realizations as input constraints are relaxed from description-

to article-based generation.

97



Our human evaluation reveals important societal implications. T2I systems can lever-

age VNF not only to produce images preferred over those generated under more tightly

constrained conditions, but also to produce imagery that is more preferred—and poten-

tially more persuasive—than journalist-selected images in high-stakes civic contexts. These

audience-facing findings underscore the need to reconsider how current VLM paradigms

conceptualize image–text alignment, as the looseness of real-world multimodal relationships,

combined with current VLM capabilities, can meaningfully shape content production and

perceived persuasiveness.

4.6.1 Limitations and ethics statement

Our analysis is subject to several limitations. Due to computational constraints, VNF mea-

surements are restricted to T2I models with relatively fast inference; future work could

extend this analysis to a broader range of proprietary and open-source systems. Addition-

ally, our dataset focuses on news media [146, 138] and could be extended to other domains

with similar multimodal structure, such as blog posts [220] and Wikipedia-based datasets

[125], though this would require additional data collection (e.g., crawling paired articles and

images).

Importantly, our study does not aim to introduce new model architectures, training

methods, or prompting strategies that enhance current T2I systems’ ability to generate pho-

torealistic images. All experiments rely on existing proprietary or open-source models with

minimal prompting and configuration. Instead, our goal is to raise awareness of how current

evaluation paradigms may underestimate the risks associated with increasingly photorealis-

tic and persuasive generated imagery, particularly in journalism and other high-stakes civic

domains. By identifying and characterizing these risks, this work contributes to the de-

velopment of more robust and responsible evaluation frameworks that better capture the

underdetermined nature of real-world image–text relationships.
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4.7 Appendices

4.7.1 Other typologies of image–text relationships

Media theory and cognitive science have proposed a range of frameworks to characterize nu-

anced image–text relationships. These typologies are included here for conceptual reference

and to situate our computational operationalization within broader theories of multimodal

communication.

Early work by Barthes [12] distinguishes several forms of interaction between text and

images:

• Anchorage. Text guides the viewer’s interpretation of an image by narrowing its pos-

sible meanings. Because images are often inherently polysemous, accompanying text

can anchor interpretation by specifying what the viewer should attend to or how the

image should be understood. For example, a news headline may frame a photograph

of a crowd as either a “protest” or a “celebration”.

• Illustration. In this relationship, the image primarily serves to depict or visualize infor-

mation already conveyed in the text. The image functions as a visual accompaniment

that reinforces the textual message rather than adding new information. For exam-

ple, an article describing a natural disaster may include a photograph that visually

illustrates the damage described in the text.

• Relay. Image and text exhibit a bidirectional, interdependent relationship, contributing

complementary information and jointly constructing meaning. Neither modality alone

fully conveys the message; instead, understanding emerges from their interaction. This

relationship is common in comics, advertisements, and visual storytelling, where text

and imagery each provide distinct narrative elements.

Cognitive science further elaborates how language interacts with perceptual systems.

Zwaan [275] proposes a typology of language–perception interactions that varies in the degree

to which language is grounded in the perceptual environment:
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• Demonstration. Language directly refers to perceptually present objects or events in

the environment. The meaning of the utterance relies heavily on shared perceptual

context. For example, a speaker pointing to an object and saying “this one” requires

the visual environment to resolve the reference.

• Instruction. Language guides actions within a perceptual environment, often specifying

how to manipulate objects or perform tasks. Examples include procedural instructions

such as assembling furniture or following a recipe, where language coordinates percep-

tion and action.

• Projection. Language evokes mental simulations of perceptual experiences that are not

directly present but remain grounded in embodied perception. For example, reading

“the glass shattered on the floor” can trigger a mental simulation of the visual and

auditory event.

• Displacement. Language refers to events, objects, or situations that are removed from

the immediate perceptual environment, such as past events or distant locations. While

still interpretable through prior perceptual experience, these references require more

abstract mental representation.

• Abstraction. Language operates at a conceptual level with minimal direct grounding in

perceptual experience. Abstract concepts such as “democracy,” “justice,” or “economic

growth” rely more on symbolic reasoning than perceptual simulation.

For empirical analysis in this chapter, we adopt an alignment-based perspective in which

image–text relationships are conceptualized along a continuous spectrum of semantic align-

ment [29], operationalized using cross-modal similarity metrics (e.g., CLIPScore) [89].

• Negative correlation. Image and text convey conflicting or contradictory meanings,

often seen in satirical or misleading contexts (e.g., a celebratory crowd image paired

with an article about labor violations or fatalities at the same event).
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• Zero correlation. Image and text are semantically unrelated, with no meaningful con-

ceptual or contextual connection (e.g., a generic city skyline image used for an article

on international trade policy or economic regulation).

• Low-positive correlation. Image and text share loose thematic or symbolic relevance

without depicting specific entities or events, commonly observed in finance and pub-

lic health reporting (e.g., a stock image of a handshake for diplomatic or business

negotiations, or a generic hospital scene for healthcare coverage).

• High-positive correlation. Image and text are strongly aligned, with images directly

depicting the entities or events described, frequently in politics and breaking news

(e.g., a photograph of a named political figure at a press conference, or an image of a

wildfire corresponding to a reported event).

4.7.2 Descriptive statistics of the news dataset

We report descriptive statistics of our news dataset in Table 4.1, showing topic distributions

that broadly reflect the underlying outlets and major news categories, along with average

token counts by topic. We observe no substantial differences in length across topics, and all

textual inputs fall within the LongCLIP context window (i.e., 248 tokens).

4.7.3 Balancing image fidelity of human experiment stimuli

Because the same generated images are reused in human evaluations, we control for low-

level perceptual confounds between real and generated images. In particular, we balance

resolution, aspect ratio, and compression to ensure that participant judgments are not driven

by superficial visual cues. Full details are as follows:

First, generated image aspect ratios were matched to the original photographs where

possible, using the closest available options provided by each T2I system. All images were

then center-cropped when necessary to match aspect ratios when T2I outputs do not precisely

align with the originals.
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News Topics N Description Caption Article

Politics & International Affairs 56 217.2 28.1 229.0

Science, Technology & Environment 20 200.4 30.6 222.8

Culture & Lifestyle 15 199.7 28.7 215.0

Sports 11 220.0 25.6 210.0

Economy & Business 6 214.7 25.8 226.2

Total/Average 108 210.4 27.8 220.6

Table 4.1: Distribution of news topics and average token lengths for article text, captions, and

generated image descriptions in the dataset. Token counts follow the LongCLIP tokenizer

(CLIP BPE based on the GPT-2 vocabulary; max context length 248 tokens).

Second, because archival news images often appear at relatively low resolution—a salient

cue of authenticity—we manually retrieve the highest-resolution publicly available versions

via Google Image Search. We avoid applying any post hoc resolution enhancement, preserv-

ing realistic visual differences between circulated news images (often lower resolution) and

generated images (typically higher resolution).

Third, to reduce residual resolution disparities, we apply controlled JPEG compression

to both original and generated images. Compression is iteratively applied (quality = 0.9

per iteration) until file sizes fall below 200KB, ensuring consistent loading performance in

Qualtrics while maintaining perceptual comparability.

All stimuli are manually inspected by the research team to ensure no salient resolution

differences remain beyond inherent stylistic variation. Implausible or nonfactual generations

(e.g., a floating truck in the ocean) are excluded or regenerated prior to inclusion. These

refinements help minimize superficial perceptual cues that participants might otherwise rely

on when assessing preferences between real and generated images.

The same procedures are applied across both human experiments in Section 4.5.
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4.7.4 Reference deviation of Imagen 3

For the high-fidelity image model Imagen 3 used in the preference experiment across VNF

conditions, we find that reference deviation increases (i.e., similarity decreases) progressively

and significantly from description- to caption- to article-based generation across perceptual,

structural, semantic, and conceptual measures (Figure 4.6). This pattern indicates that, as

textual constraints are relaxed, Imagen 3 generates images that increasingly diverge from

journalist-selected images across visual representations, thereby expanding its capacity to

leverage VNF and potentially influencing audience preferences.

Figure 4.6: Reference deviation (measured using reference-based similarity metrics) of

Imagen 3-generated images across three generation conditions, spanning lower-level percep-

tual to higher-level conceptual similarity [72]. Half-violins show distributions over 108 stimuli

(gray dots), with means and bootstrapped 95% CIs. Lower similarity indicates greater de-

viation from the original image. The shuffled baseline (red dashed line) reflects similarity

between original images and randomly paired images, serving as a lower-bound reference.

Significance markers (∗∗∗p < .001, ∗∗p < .01, ∗p < .05) denote comparisons to the original

(top) and between conditions (bottom).
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4.7.5 Visual style analysis of Imagen 3

Figure 4.7: Reference-free image quality metrics assessing the visual style of Imagen 3-

generated images across three conditions. Three complementary metrics are included [72].

Half-violins show distributions over 108 stimuli (gray dots), with means and bootstrapped

95% CIs. Significance markers (∗∗∗p < .001, ∗∗p < .01, ∗p < .05) denote comparisons to the

original (top) and between conditions (bottom).

We assess the intrinsic visual characteristics of generated images using reference-free visual

quality assessment (VQA) metrics. These metrics measure perceptual realism and aesthetic

quality without requiring a ground-truth image. Because all images are generated by the

same T2I model (Imagen 3), we expect a consistent photographic style across generation

conditions. We employ three complementary metrics capturing image distortion, perceived

aesthetic and perceptual realism (Figure 4.7) [72].

Measurements: Reference-free VQA

• Natural Image Quality Evaluator (NIQE): Measures deviations from natural

image statistics by modeling NSS with a multivariate Gaussian and computing distance

to the natural-image manifold; higher scores indicate lower image quality (i.e., greater

distortion) [175].

• Neural Image Assessment (NIMA): Predicts human aesthetic ratings using a CNN

104



trained on the AVA dataset, outputting a distribution over aesthetic scores; higher

scores indicate higher aesthetic quality [234].

• Patch Quality to Picture Quality (PAQ2PIQ): Estimates perceptual image qual-

ity using a CNN trained on large-scale human judgments of image realism; higher scores

indicate higher perceptual quality [258].

Results Visual style assessments using reference-free VQA metrics remain largely stable

across the three generation conditions for Imagen 3 (with most pairwise comparisons not

significant), although they differ significantly from real news photographs (Figure 4.6). This

indicates that, while generated images vary substantially in their perceptual, structural, and

semantic content relative to the reference image (as shown in Figure 4.6, Section 4.7.4), they

retain a consistent photographic prior imposed by the generator.

Interestingly, across three complementary VQA metrics, a consistent pattern emerges:

Imagen 3 outputs are computationally measured as more perceptually realistic and less

distorted than real images. This points to a potential hyperrealism effect, consistent with

prior work documenting hyper-smooth textures and compositional homogenization in AI-

generated photorealistic imagery [200, 181].

4.7.6 Generation prompts

Image description generation (GPT-4o/GPT-5)

“Describe the image in a way that could serve as a photorealistic news image

prompt for an AI model. Focus on the following elements: the subjects (their

appearance, approximate number, and actions), the environment (location and

background), the mood (emotional tone), the lighting (source, direction, and

intensity), shadows, and realistic details (textures, clothing, facial expressions).

Provide a realistic estimate of the number of visible people or subjects, avoiding

exaggeration. Also describe the camera angle or perspective (e.g., high angle,
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low angle, over-the-shoulder). Write in a descriptive, journalistic tone as a single

uninterrupted paragraph. Do not include labels, bullet points, or line breaks.”

T2I prompting conditions For each news instance, we generated images under three

conditions using aligned prompts derived from the same underlying content:

• Description-based: “Generate a photorealistic news image based on the following

description.”

• Caption-based: “Generate a photorealistic news image based on the following cap-

tion.”

• Article-based: “Generate a photorealistic news image representing the main subject

of the following article. No text, headlines, or labels in the image.”

The explicit prohibition of textual overlays in the article-based condition was neces-

sary because T2I systems frequently embed article text directly within images when under-

instructed.
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CHAPTER 5

Conclusion

This dissertation addresses a central question at the intersection of cognitive science and

artificial intelligence: why do models and humans differ in their competencies in language

and perceptual processing, and how does this asymmetry shape downstream human–AI in-

teraction? Across theoretical analysis, computational modeling, and human experiments, it

argues that language and perception operate over fundamentally different representational

regimes. Language is discrete and symbolic, whereas perception is continuous and grounded

in high-dimensional embodied experience. This distinction helps explain both the strengths

of modern AI systems in language tasks and their persistent limitations in perceptual and

cross-modal reasoning.

Chapter 1 situates this perspective within the broader literature on symbolic and embod-

ied cognition, connecting cognitive theory with contemporary developments in language and

multimodal AI. It argues that novel or fine-grained knowledge may exist outside the space of

discrete linguistic encoding, and that incorporating multimodality provides access to contin-

uous signals that support the construction of shared experiences and enhance communicative

clarity.

Building on this foundation, Chapter 2 examines how models learn from linguistic and be-

havioral signals, showing that differences in discreteness, continuity, and statistical structure

lead to distinct learning dynamics. The discreteness, surprisal, irregularity, and arbitrari-

ness of language contribute to its efficiency in encoding information and to the impressive

cognitive abilities observed in large language models (LLMs). In contrast, the smooth-

ness, continuity, and autocorrelated structure of perceptual signals make perceptual tasks
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more demanding for current AI systems. While these properties align more closely with hu-

man strengths, allowing humans to effortlessly identify object boundaries and spatial group-

ings, computer vision models often require substantial data and computational resources to

achieve comparable performance. This gap between discrete and continuous signal process-

ing motivates further investigation into how human and model capabilities may deviate or

complement each other.

Importantly, Chapter 2 should not be interpreted as making broad claims about “lan-

guage versus behavioral” modalities in general. The original study was designed primarily as

a model interpretability and learning-dynamics analysis across datasets with different modal-

ities, rather than as a tightly controlled modality comparison. In particular, differences be-

tween the emotion tweet classification and gesture detection datasets likely reflect not only

modality distinctions, but also dataset-specific characteristics, sample sizes, task structures,

and representational choices. For example, gesture signals themselves may be represented

in multiple forms, such as raw video frames or extracted body keypoints (the representation

used in our study), each of which may produce distinct learning dynamics. More controlled

comparisons could apply the proposed framework to multimodal datasets containing aligned

text, audio, and visual signals (e.g., multimodal emotion recognition datasets [252, 49]), al-

lowing modality effects to be isolated more systematically from dataset idiosyncrasies. Future

cognitive and communication research can further extend this framework across a broader

range of linguistic, perceptual, and behavioral tasks to better understand how learning dy-

namics vary across representational formats and modalities.

In the era of multimodal foundation models—such as multimodal LLMs, vision-language

models (VLMs), and image generation systems—this asymmetry raises new questions about

the sufficiency and limitations of language and vision, as well as their interaction in both

model outputs and human evaluation. To examine these questions in naturalistic and high-

stakes settings, Chapter 3 and 4 focus on the domain of news media, where datasets naturally

integrate images, captions, and articles. This setting enables controlled behavioral experi-

ments alongside model evaluations.
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Chapter 3 extends previously observed flawed linguistic heuristics in human evaluation of

AI-generated text to cross-modal settings, specifically news image captioning. While these

unreliable heuristics persist in multimodal tasks, cross-modal context provides reliable cues

that mitigate such biases, particularly given the gap between models’ language proficiency

and their cross-modal reasoning.

Chapter 4 further examines this gap by highlighting a mismatch between current vi-

sion–language training paradigms—typically optimized for tight semantic alignment—and

real-world multimodal communication, where image–text relationships are often loosely cou-

pled and operate at a narrative level. Crucially, such relationships are often underdetermined,

admitting multiple plausible mappings between text and images. Under these conditions,

text-to-image systems can exploit underconstrained textual inputs to generate photorealistic

imagery that may be more persuasive than original journalistic images.

Chapter 3 and 4 focus on language–perception systems, particularly language–vision

models, as a starting point for investigating asymmetries between linguistic and perceptual

representations in humans and machines. This focus is motivated in part by recent advances

in foundational multimodal LLMs, image generation systems, and large-scale image–text

datasets, which together provide comparatively scalable, tractable, and ecologically valid

settings for both computational modeling and human–AI interaction experiments. Because

the empirical work centers primarily on visual modalities, the implications of these findings

should be interpreted primarily in relation to language–vision systems rather than embodi-

ment more broadly. Nevertheless, the broader goal of this dissertation is to motivate future

research on multimodal intelligence beyond language–vision systems alone.

In sum, these chapters reveal several critical insights. First, as introduced in Chap-

ter 1, understanding the representational properties of language and perception enables a

more principled and interpretable analysis of model strengths and weaknesses. On the one

hand, these properties help explain why language models can encode spatial and temporal

structure across multiple scales [79], and why cross-modal alignment can often be achieved

through relatively weak linear transformations [228]. On the other hand, they also provide
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a unifying account of a range of inconsistencies and vulnerabilities in vision–language mod-

els. These include cross-modal safety failures driven by superficial modality-specific cues

rather than shared representations [77]; the tendency for VLMs to perform well on high-

level vision benchmarks while struggling with low-level perceptual tasks that are trivial for

humans [196]; spurious correlations between visual and textual modalities in visual question

answering [246]; and the “mirage reasoning” phenomenon, where models generate detailed

visual descriptions and reasoning traces despite the absence of actual visual input [5]. Col-

lectively, these behaviors can be understood as mismatches or imbalances in how information

is represented and integrated across language and perception.

Second, despite impressive progress in language-based tasks, a substantial gap remains

between model and human performance in perceptual reasoning and cross-modal integration,

including physical understanding and visual interpretation [67, 66]. In human–AI interac-

tion, perceptual and cross-modal cues often provide more reliable signals for identifying

AI-generated content or preferring expert-produced outputs. At the same time, this asym-

metry reflects not only model limitations but also a form of complementarity: models excel

at symbolic abstraction, whereas humans retain advantages in perceptual grounding and con-

textual interpretation. This suggests that their strengths may be most effectively leveraged

in combination, such as in human–AI co-piloting, rather than treated as interchangeable.

Lastly, prevailing multimodal paradigms rely heavily on tightly aligned image–text pairs,

whereas real-world communication—such as in visual journalism, social media, and ed-

ucational materials—often involves looser, more flexible relationships between modalities

[151, 29]. In these contexts, images (or text) may illustrate, contextualize, or loosely evoke

aspects of a narrative rather than directly correspond to it. Advancing multimodal AI there-

fore requires moving beyond strict alignment assumptions, both in model architectures and

in benchmarks, to better capture the diversity and complexity of real-world image–text re-

lationships. More broadly, the field would benefit from shifting away from singular notions

of alignment toward modeling distributions of valid interpretations, better reflecting the

ambiguity and flexibility inherent in real-world multimodal communication.
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Overall, this dissertation bridges cognitive science and artificial intelligence by providing

a unified representational account of multimodality. It highlights that multimodal intelli-

gence is not merely an additive interface, but is fundamentally shaped by the structure of

representations through which information is encoded, influencing how both humans and

machines learn, generate, and evaluate information.

5.1 Future Directions and Open Questions

This dissertation lays the foundation for treating multimodality not as an additive interface,

but as a consequence of underlying representational differences across modalities. Building

on this unified account of language–perception asymmetry, this work opens several promising

directions for future research in model architecture, evaluation, and human–AI interaction.

1. Extending representational analysis to intermediate and multimodal sig-

nals. The model explainability framework introduced in Chapter 2 can be extended to

modalities that lie between discrete and continuous representations, such as speech. Speech

signals exhibit both structured discreteness (e.g., phonemes) and continuous acoustic vari-

ation [163, 142], making them a natural testbed for studying intermediate representational

regimes. Applying this framework to speech and conversational data (see our previous work

for an example [170]) may help characterize how models integrate heterogeneous signals

and how representational properties influence downstream multimodal performance. More

broadly, such signal-based analyses could provide a principled way to anticipate model be-

havior from data properties, and to study additive versus synergistic effects across modalities,

including combinations of linguistic, perceptual, and physiological signals.

2. Modeling multimodal relationships beyond strict alignment. Chapter 4

demonstrates that real-world multimodal communication—particularly in domains like news

media—is often characterized by loose, underdetermined relationships between images and

text [29, 151]. Future work can build on this by systematically modeling different types of

image–text relationships (e.g., descriptive, complementary, narrative, or symbolic), draw-
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ing on frameworks from media theory and cognitive science [12, 275]. Developing datasets

and experimental paradigms that explicitly vary these relationships would enable more pre-

cise evaluation of both human and model performance under varying degrees of semantic

constraint.

Longer-form textual contexts, such as news articles, science communication, and creative

writing, likely contain additional latent structures that were not explicitly modeled in the

present work, particularly when paired with photorealistic or illustrative imagery. These

structures may include narrative framing, discourse organization, topical emphases, and

stylistic regularities that shape how readers interpret multimodal content. While Chapter

4 operationalized variation primarily through differences in textual constraint (description,

caption, article), future work could more systematically disentangle which linguistic and

discourse-level properties contribute to multimodal flexibility, persuasion, or narrative free-

dom. Extending this paradigm to other domains with rich multimodal structure, such as

Wikipedia [125], blogs [220], or artwork [7], would further test the generality of these findings.

3. Learning and evaluating distributions of multimodal interpretations. Cur-

rent VLMs are largely trained under objectives that assume a single correct alignment be-

tween image and text, often via contrastive or self-supervised learning. However, real-world

multimodal relationships frequently admit multiple valid interpretations [64, 116]. A key

direction is therefore to move from modeling pointwise alignment to modeling distributions

over plausible image–text mappings. This includes developing training objectives, represen-

tations, and evaluation metrics that capture ambiguity, narrative flexibility, and contextual

dependence. Such work could also examine how model representations shift when trained on

tightly aligned versus loosely coupled data, and whether models can learn to “reinterpret”

the same visual input under different textual contexts.

4. Human–AI complementarity and co-piloting. The asymmetry between lan-

guage and perception suggests that humans and models possess complementary strengths

rather than interchangeable capabilities. Rather than treating AI systems as substitutes

for human judgment, future research should explore interaction paradigms that explicitly
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leverage this complementarity, such as human–AI co-piloting systems. These approaches

combine human perceptual grounding and contextual reasoning with models’ strengths in

symbolic abstraction and generative capacity, while emphasizing interface and workflow de-

sign that preserves human cognitive agency. Beyond improving task performance, such

systems may also support richer forms of interpretation by exposing users to alternative,

potentially AI-native perspectives, diverse communicative styles, and viewpoints shaped by

different cultural and experiential backgrounds.

Together, these directions outline a broader research agenda centered on a representa-

tional account of language–perception asymmetry in humans and models. This perspective

has important implications for human–AI interaction, including human–AI co-piloting and

the preservation of human cognitive agency, while also advancing our understanding of the

narrative structure and expressive power of multimodal communication in real-world set-

tings.
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