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Abstract

This study aims to examine whether large language models (LLMs) can in-
cidentally acquire the emotional valence of words from their contextual emo-
tions under “zero-shot” conditions, and to evaluate the effects of emotional
valence and contextual variability on vocabulary learning. The study employs
a cross-model-human comparison design, where four LLMs and three groups
of learners study target words embedded in different emotional contexts (pos-
itive/neutral /negative) and repeated/varied contexts using unified materials,
with multiple tests measuring affective transfer as well as orthographic and se-
mantic acquisition outcomes. Results demonstrate that LLMs exhibit patterns
consistent with humans, transferring contextual emotions to target words and
maintaining emotional consistency in language generation; they also show a
“positive emotion advantage” and a “contextual variability advantage,” with an
interaction effect between contextual emotion and contextual variability emerg-
ing in definition generation. The article proposes a “dual-mechanism frame-
work,” suggesting that LLMs possess human-like affective-semantic learning at
the functional level, but their mechanisms are based on statistical co-occurrence
and vector optimization, distinct from human embodied and social processing.
This study provides implications for affective computing, human-computer in-
teraction ethics, and vocabulary instruction.
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Abstract

This study investigates whether large language models (LLMs) can incidentally
acquire the contextual emotion of words through reading under zero-shot condi-
tions, and evaluates how emotional valence and context variability influence vo-
cabulary learning. Using a cross-model-human comparative design, four LLMs
and three groups of learners studied target words embedded in positive, neutral,
and negative contexts under repeated versus varied exposure conditions, with
multiple tests measuring emotional transfer and acquisition of word form and
meaning. Results show that LLMs mirror human patterns: they transfer contex-
tual emotion to target words and maintain emotional consistency in language
generation, exhibiting both a “positivity advantage” and a “context variability
advantage.” Moreover, an interaction between contextual emotion and variability
emerged in definition generation.

The paper proposes a “Dual-Mechanism Framework,” arguing that LLMs
achieve functionally human-like affective-semantic learning through statistical
co-occurrence and vector optimization, distinct from human embodied and
social processing. These findings offer insights for affective computing, human-
AT interaction ethics, and vocabulary pedagogy.

Keywords: large language models, zero-shot learning, contextual emotion, in-
cidental vocabulary acquisition, context variability, positivity advantage

1.1 Zero-Shot Learning and Incidental Vocabulary Acqui-
sition

In human cognitive systems, emotion is not a decorative appendage to ratio-
nality but a structural resource (Damasio, 1994). Neuroscientific and cognitive
psychological research has established that emotion not only regulates attention
and consolidates memory (Eysenck & Brysbaert, 2018) but also deeply shapes
value judgments, moral reasoning, and social behavioral choices (Barrett, 2017).
In language, culture, and interaction, emotion is not merely “content” for exter-
nal expression but an internal mechanism that drives communicative intentions,
constructs shared perspectives, and coordinates interpersonal consensus. It is
a fluid cultural practice: through semantic associations and pragmatic conven-
tions, emotion is continuously endowed with meaning in social interaction and
shapes human cognitive structures of the world (Ahmed, 2004, 2010).

Systematic investigation of affective acquisition mechanisms represents a critical
pathway to revealing the uniqueness of human cognition. Individuals are not
born with complete emotional judgment capacities; rather, they gradually learn
to recognize and express emotions through inductive processes involving context,
language, and feedback during interaction (Wetherell, 2012). This process ex-
hibits three key characteristics: context dependency, empathy-driven processing,
and interactive plasticity. First, emotion is often implicit in semantic-pragmatic
structures, nonverbal cues, and intonation, requiring complex contextual con-
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struction abilities for its comprehension (Louw, 1993; Nevisi et al., 2018). Sec-
ond, affective transfer depends on “brain-to-brain coupling” (Hasson et al., 2012):
an individual’s emotional signals can trigger neural resonance in others, facilitat-
ing cross-individual emotional synchronization (Ho et al., 2023). Additionally,
emotional representations are not static structures but cognitive products that
are continuously constructed and updated through interaction, from infants’ im-
itation of facial emotions to adults’ understanding and adjustment of emotional
intentions in social contexts (Tamir et al., 2016).

Thus, the pathway of affective acquisition not only characterizes how humans
“understand the world” but also defines how we “become socialized mental be-
ings.” In this sense, affective learning constitutes an irreplaceable theoretical
entry point for understanding human cognition. Any system attempting to sim-
ulate human intelligence that cannot access this mechanism will remain at an
essential distance from human-like cognition (Binz & Schulz, 2023).

Current large language models (LLMs), such as ChatGPT and Gemini, have
demonstrated remarkable capabilities in language generation, reasoning, and
question answering, enabling ordinary users to interact with them in natural
language and driving the popularization of artificial intelligence. However, their
power extends beyond fluent generation and accurate reasoning to the “human-
like characteristics” they exhibit: LLMs can identify linguistic patterns in mas-
sive corpora and internalize them into model parameters, analogous to humans
accumulating experience to form linguistic knowledge networks. They can also
invoke this internalized knowledge for reasoning in new tasks, displaying transfer
abilities similar to humans.

Yet the key to determining whether Al can achieve “human-likeness” may not
lie in linguistic fluency or reasoning accuracy, but in its capacity to acquire and
transmit emotion like humans (Ahmed, 2004, 2010; Barrett, 2017). Affective
learning concerns not only the recognition of emotional signals but also their
transfer to language use and the construction of emotional consensus in inter-
action (Hasson et al., 2012; Hatfield et al., 1993). Human mechanisms are built
upon the joint drivers of embodied experience, contextual induction, and inter-
active feedback (Barsalou, 2008; Ellis & Wulff, 2015), whereas current LLMs
rely solely on statistical learning from linguistic input, lacking genuine embed-
ding of sensory, motivational, and social contexts (Bisk et al., 2020). Notably,
however, LLMs have begun to exhibit certain “surprising” emergent abilities in
their rapid evolution, most notably the so-called “zero-shot learning”: the poten-
tial to autonomously evolve reasoning capabilities through pure reinforcement
learning processes without any supervised data (Wang et al., 2019). This ability
is common in human language learning; for instance, individuals can understand
and generate entirely new concepts and produce never-before-heard sentences
based on existing linguistic rules and logical reasoning alone (Chomsky, 1957).

LLMs’ zero-shot learning provides an important opportunity to examine their
affective learning and transmission capabilities. This study approaches the is-
sue through reading-based incidental vocabulary acquisition, comparing LLMs
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and human learners in their learning and transmission of contextual emotion,
because LLMs’ “zero-shot language learning” shares significant similarities with
a key mechanism of human language development—reading-based incidental vo-
cabulary acquisition. These similarities manifest on two levels: first, both ex-
hibit non-deliberative learning driven by tasks. Humans infer word meanings
through context during discourse reading (Hulstijn, 2001), while LLMs rely
on input context and pre-trained knowledge for generation without explicit su-
pervision (Brown et al., 2020). Second, both possess knowledge integration
and transfer capabilities. Humans incorporate new words into their mental
lexicon through repeated exposure, while LLMs can generalize learned linguis-
tic patterns to entirely new contexts, achieving human-like cross-task output.
This mechanistic similarity makes incidental vocabulary acquisition a critical
paradigm for evaluating LLMs’ affective induction capabilities.

Comparing LLMs and human learners in contextual emotion learning during in-
cidental vocabulary acquisition not only helps clarify whether Al systems possess
“human-like” affective learning abilities but also reveals the psychological reality
of several core variables in human vocabulary learning mechanisms. Based on
this, the present study constructs a cross-human-model comparative paradigm
using unified experimental materials and task structures to explore whether
contextual emotion in discourse can be induced, transferred, and applied to
lexical meaning construction during vocabulary learning under zero-shot condi-
tions. The following sections first review relevant literature on contextual emo-
tion learning and transmission, introduce major theories and empirical findings,
identify existing controversies, and finally propose specific research questions.

1.2 Learning and Transmission of Contextual Emotion

Research on contextual emotion learning originated in the 1980s with computer-
based corpus linguistics and later expanded into cognitive psychology and ap-
plied linguistics, successively proposing the “Contagion Hypothesis,” “Transfer
Hypothesis,” and “Double-Jujube Tree Effect Hypothesis.”

The “Contagion Hypothesis” represents the earliest mechanistic theory in con-
textual emotion learning, originating from Sinclair’ s (1987) observation that
certain words (e.g., set in) frequently appear in negative emotional contexts
(e.g., rot, decay, disillusion). Louw (1993) built upon this to propose the con-
cept of “semantic prosody,” noting that words acquire stable emotional coloring
through frequent co-occurrence with specific affective words. For example, spark
often co-occurs with positive contexts (e.g., lively, justice), while trigger asso-
ciates more with negative contexts (e.g., sudden, bankruptcy, crash). Although
semantic prosody is not directly reflected in lexical meaning, it profoundly influ-
ences semantic processing and emotional judgment, a subtle and nearly implicit
semantic phenomenon confirmed by extensive corpus evidence (Nevisi et al.,
2018). However, the “Contagion Hypothesis”is primarily based on co-occurrence
statistics of existing, semantically stable words in dictionaries and thus cannot
explain the “contagion” pathway of emotional coloring during initial encounters
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with novel words or reveal how contextual emotion migrates to learners’ lexical
representations.

Snefjella et al. (2020) consequently proposed the “Transfer Hypothesis”of contex-
tual emotion learning. Through variable manipulation and psychological process
measurement, they conducted five experiments in which English native speak-
ers read multiple short texts carrying positive, negative, and neutral emotions
and learned embedded target pseudowords (see Section 3.2). Results showed
that although all target pseudowords expressed neutral semantics in the texts,
participants judged them as emotionally positive when encountered consistently
in positive contexts and as negative when in negative contexts. This confirmed
that contextual emotion successfully transferred from context to learners’ se-
mantic representations of target words and became internalized as part of their
lexical knowledge. However, despite providing new theoretical and methodolog-
ical perspectives, the “Transfer Hypothesis” awaits more refined validation of
its underlying mechanisms, with potential moderating factors such as learner
characteristics, context variability, and exposure frequency requiring further
investigation.

Building on this, Wu and Li (2024) proposed the “Double-Jujube Tree Effect
Hypothesis.” They replicated Snefjella et al.” s (2020) experiments with Chinese
native speakers but additionally manipulated context variability (multiple texts
vs. multiple readings, see below), having each participant either read the same
material multiple times or read multiple different materials carrying the same
emotional load before taking vocabulary tests. Results confirmed the transfer-
ability of contextual emotion but revealed that such transfer was conditional:
it only occurred when the same material was read repeatedly multiple times,
manifesting a “repetition-infection” pattern reminiscent of Lu Xun’ s “There
is another jujube tree” in Autumn Night.

Recently, researchers (Li, 2024; Ma & Li, 2024) examined whether L2 learners
can also effectively acquire the emotion of contexts in which L2 target words
appear, using Snefjella et al.” s (2020) and Wu and Li’ s (2024) experimental
paradigms in L2 contexts. Findings showed that contextual emotion can transfer
from context to target words during L2 reading, but this transfer is moderated
by both context variability and learners’ L2 proficiency.

In summary, existing research has systematically revealed that human learn-
ers can acquire the contextual emotion of target words—semantic prosody—
during reading-based incidental vocabulary acquisition. However, the propa-
gation effect of affective learning, that is, whether emotional learning further
promotes the acquisition of vocabulary itself (including form and meaning), re-
mains controversial. On one hand, some studies support a “positivity advantage”
: compared to neutral or negative contexts, positive contexts better facilitate
vocabulary acquisition, manifested as higher recognition rates, stronger seman-
tic integration, and more durable retention (Snefjella et al., 2020). On the
other hand, other research proposes a “negativity bias” : negative contexts, due
to stronger emotional arousal and cognitive load, confer greater advantages in
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vocabulary retention (Driver, 2022).

Another core controversy centers on the role of “context variability” (Bolger et
al., 2008), namely whether “multiple texts” or “multiple readings” better pro-
motes vocabulary learning (Wu & Li, 2024). According to the Instance-Based
Framework, repeated occurrences of words in diverse contexts generate more
independent semantic traces, promoting abstraction of core meaning. Experi-
ments by Bolger et al. (2008) and Lauro et al. (2020) support this view, finding
that “multiple texts” contexts significantly improve performance in meaning gen-
eration and semantic integration. However, other studies have questioned the
advantage of varied contexts. Horst et al. (2011) found that repeated contexts
( “multiple readings” ) RMBEHBHTFAXNEIMERE; Joseph and Nation (2018) also
noted that context diversity showed no significant advantage when learning low-
frequency words; additionally, Balass (2011) observed results where repeated
contexts outperformed varied contexts in some semantic judgment tasks.

Against this backdrop, the present study employs a “zero-shot vocabulary learn-
ing”framework to compare LLMs and human learners in affective learning during
incidental vocabulary acquisition. This approach can not only clarify whether
AT systems possess “human-like” affective learning capabilities but also reverse-
test the psychological reality of two key variables in human vocabulary acqui-
sition mechanisms—emotional effects and context variability. Specifically, this
study addresses three questions: (1) Can LLMs “learn contextual emotion like
humans” ? (2) Which context condition, varied or repeated, better promotes
LLM vocabulary learning? (3) Does contextual emotion significantly impact
vocabulary learning for both humans and LLMs?

2. Method

The experiment consisted of two phases: reading/learning and vocabulary test-
ing. It should be noted that “zero-shot language learning” in this study does not
refer to LLMs completing tasks with absolutely no input, but rather that mod-
els received no specific supervision or fine-tuning regarding test tasks or target
lexical items. They produced immediate output judgments in tests based solely
on processing of original reading materials, consistent with the broad definition
of current “zero-shot” tasks (Brown et al., 2020).

The study aimed to compare the affective learning performance and its im-
pact between LLMs and human learners. Human data were derived from three
learner groups: (1) English native speakers from Snefjella et al.” s (2020) ex-
periment; (2) Chinese native speakers from Wu and Li’ s (2024) experiment;
(3) English L2 learners from the authors’ recent experiment (complete data to
be reported separately). All three learner groups used consistent experimen-
tal tasks and structures, with materials differing slightly by language: English
native speakers and L2 learners used Snefjella et al.” s (2020) original English
materials, while Chinese native speakers used a rigorously semantically equiva-
lent Chinese version to ensure structural and contextual consistency. For lexi-
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cal item construction, the English experiments used pseudowords generated by
Wuggy, while the Chinese experiment followed the same construction princi-
ples, using phonetic transliterations from Arabic as a basis for phonological and
orthographic modification to create natural-looking but semantically unloaded
Chinese pseudowords. For convenience, these three experiments are collectively
referred to as “baseline experiments.”

2.1 Large Language Models

This study selected four representative LLMs: Ernie Bot 3.5, ChatGPT (GPT-
4), Gemini (1.5 Pro), and LLaMA (3.1-8B). Model selection followed these prin-
ciples (see Table 1 ): (1) covering current mainstream technical architectures,
including standard Transformer architectures (e.g., LLaMA, ChatGPT) and
hybrid architectures integrating MoE mechanisms (e.g., Gemini); (2) reflect-
ing diverse training backgrounds and language adaptability, covering bilingual
Chinese-English optimized models (e.g., Ernie Bot as Chinese-optimized) and
English-dominant models (e.g., ChatGPT and Gemini); (3) encompassing dif-
ferent scales and open-source characteristics, including both closed-source and
open-source models. These models differ significantly in architectural design,
parameter scale, and context window length, while also demonstrating com-
plementarity in text emotion processing, semantic generation, and contextual
adaptation capabilities, providing strong comparative value.

Table 1 Introduction to the Four Large Language Models

Context Length Architecture & Multimodal Reasoning
Model (tokens) Parameters Capability
Ernie - Transformer/— Supports text, image,
Bot and video generation;
3.5 moderate reasoning

capability, suitable for
Chinese contexts
ChatGPF1.75 trillion Transformer/— Strong image generation
4 and mathematical /logical
reasoning; supports
text-image integration

Gemini - Transformer, MoE/ Strong visual
1.5 - understanding and
Pro generation; powerful

complex question and
knowledge query

reasoning
LLaMA - Transformer/ 8B Text generation, lacks
3.1- multimodal capability;
8B moderate-scale tasks,

basic reasoning
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It should be noted that these four models represent different technical paths and
language capability optimization directions. They are not absolutely compara-
ble in performance but provide an explanatory comparative foundation across
key dimensions such as architecture, openness, language adaptability, and rea-
soning capability. Therefore, under unified input formats, task types, and out-
put evaluation, this study conducted parallel testing of the four models’ perfor-
mance to explore different processing pathways and behavioral patterns in con-
textual emotion acquisition tasks. Model outputs and the three human learner
groups together form seven comparable datasets (4 LLMs + 3 learner groups),
providing a solid foundation for examining the human-likeness and boundaries
of contextual emotion learning and semantic prosody transfer mechanisms.

2.2 Materials

For convenient comparison, LLM learning materials were identical to the first
and third baseline experiments, including: reading passages, target words em-
bedded in passages, and vocabulary knowledge test items. See Snefjella et
al. (2020) and Wu and Li (2024) for details.

2.2.1 Target Words Nine target words were examined, all pseudowords gen-
erated by Wuggy software (Keuleers & Brysbaert, 2010) used in Snefjella et
al. (2020): aunith, ceammy, cruce, flyph, mernt, neak, plurk, rotch, and wurge.
These pseudowords are orthographically and phonologically similar to real En-
glish words, conforming to English orthographic and phonological rules.

Each target pseudoword was matched with five additional pseudowords: one
homophonic pseudoword (e.g., crooce for cruce) served as a distractor in the
orthographic choice task, while four non-homophonic pseudowords served as
distractors for the other four vocabulary knowledge tests (see below), generat-
ing 45 distractor pseudowords total. All pseudowords underwent standardized
correction to ensure no significant differences in emotional valence between tar-
get and filler pseudowords (see Snefjella et al., 2020; Wu & Li, 2024).

2.2.2 Reading Materials Reading materials were designed in triplets, with
target words embedded in each triplet. Each triplet contained three different
short texts, as in example (1):

(1) a. Her wonderful teacher performed at the exciting concert.
She was playing the (NONWORD).

b. Her new teacher performed at the normal concert.
She was playing the (NONWORD).

c. Her annoying teacher performed at the horrible concert.
She was playing the (NONWORD).
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Texts in each triplet contained two sentences. The first sentence manipulated
contextual emotion through adjectives and nouns at three levels (positive, neu-
tral, negative), while the second sentence was identical across the triplet, con-
taining the target word to be learned. The context formed by the first and
second sentences ensured learners could infer each target word’ s meaning, i.e.,
its denotation. All target words expressed neutral emotional denotations and
represented common everyday items (broad semantic categories), such as a mu-
sical instrument, plant, or kitchen utensil. Example (1) represents a musical
instrument. There were nine denotations total.

Each target word was distributed across five different triplets, resulting in 45
triplets (9 x 5) and 135 short texts (45 x 3). Each learner read 45 texts
in the experiment, with each target word appearing five times total, ensuring
vocabulary acquisition through reading (e.g., Blythe et al., 2012; Godfroid et
al., 2018). Reading materials were generated using templates pre-designed by
Snefjella et al. (2020) to control for potential confounding variables such as
context length and target word frequency.

Contextual emotion (positive, neutral, negative) was a within-subjects vari-
able. Using a Latin square design, the 135 reading materials (45 triplets) were
cross-balanced across the three emotion levels and nine denotations, generating
nine material sets. In each set, every target word appeared in five different
texts, always in the same emotional context and expressing the same denota-
tion. Through the nine sets, each target word appeared in every emotion level
and expressed every denotation, achieving comprehensive and balanced cover-
age. Additionally, to test the context variability hypothesis, context variability
(multiple texts vs. multiple readings) was manipulated as a between-subjects
variable: for each target word, participants either read the same text five times
or read five different texts. This resulted in 18 experimental material sets (9 x
2). This design aimed to avoid attention dispersion and memory load increases
due to excessive task demands while maintaining consistency with prior baseline
studies to enhance comparability; mixed-effects models were used in statistical
analysis to control for variation caused by individual differences.

2.2.3 Vocabulary Test Items Five vocabulary knowledge tests were de-
signed to comprehensively evaluate LLM learning outcomes from different di-
mensions: emotional valence rating task, sentence production task, orthographic
choice task, definition matching task, and definition generation task. Except for
the sentence production task, the other four tasks were identical to baseline ex-
periments.

The emotional valence rating task tested LLMs’ learning of contextual emo-
tion. It included 18 test words: nine target words (e.g., flyph) and nine filler
words (e.g., snicle). Words were presented in pseudorandom order. LLMs first
judged whether they had seen the word in the preceding reading; if “no,” they
skipped to the next word; if “yes,” they rated its emotion (1 = “sad,” 9 =
“pleasant” ).
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The sentence production task also tested LLMs’ learning of contextual emo-
tion. Eighteen words were presented in pseudorandom order. LLMs first judged
whether they had seen the word; if “no,” they skipped it; if “yes,” they generated
a sentence using the word (maximum 30 words). Nine were target words, nine
were fillers. This task was added beyond baseline experiments because language
generation is a core LLM capability. Through sentence production, we could
evaluate LLMs’ contextual emotion learning in scenarios closer to real language
use, better reflecting model performance in practical applications.

The orthographic choice task measured LLMs’ mastery of target word forms.
LLMs judged whether 18 words had appeared in the reading: nine target words
(e.g., flyph) and nine filler pseudowords (e.g., fliph). The ability to distinguish
target words from fillers (homophones) measured memory for word form.

The definition matching task assessed LLMs’ meaning recognition. LLMs se-
lected the definition matching each word from given options, with 18 test words
(nine targets, nine fillers). The definition generation task tested meaning
recall. With 18 test words (nine targets, nine fillers), LLMs first judged whether
they had encountered the word; if “no,” they skipped it; if “yes,” they generated
its definition, including Chinese translation, English paraphrase, or synonym.

Although both definition matching and generation tested semantic learning,
generation requires retrieving meaning from memory, making it more difficult
than recognition (selecting from options) and assessing more advanced lexical-
semantic knowledge (Laufer & Aviad-Levitzky, 2017; Stewart et al., 2024).

2.3 Procedure

This study used data from the third baseline experiment (English L2 learners)
as a blueprint, conducting LLM simulation and data collection on a one-to-one
participant basis. The baseline experiment included 306 Chinese English learn-
ers, each reading 45 texts and completing four vocabulary tests. Accordingly,
we constructed a corresponding LLM testing flow for each human participant:
each independent testing session was treated as a unique observation unit, func-
tionally equivalent to “one participant” in human experiments. Therefore, each
LLM (four total) completed 306 sessions independently, generating 1,224 “model
participants” total. In each session, reading material presentation order strictly
replicated that of its corresponding human participant, ensuring comparability
with human data while preserving randomness in material presentation.

To effectively ensure inter-session independence, this study employed strict ses-
sion isolation protocols: each session launched in a fresh dialogue window where
the model sequentially completed reading of 45 texts and subsequent five tests
(including sentence production); once the session ended, dialogue context and
history cache were completely cleared before opening a new session, preventing
any carryover of information from previous sessions. This procedure effectively
prevented cross-session “information contamination,”satisfying core assumptions
of mixed-effects models (see below) regarding observation independence and en-
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suring comparability and interpretability across different LLMs. All tests were
completed under zero-shot conditions; prompts (see appendix) controlled only
task flow and response format, providing no examples, cues, or training inputs
to avoid information leakage and ensure reproducibility and verifiability.

In terms of task flow, after LLMs completed reading 45 texts in each testing ses-
sion (representing one participant), they immediately underwent five vocabulary
tests in this order: orthographic choice task, emotional valence rating task, def-
inition generation task, definition matching task, and sentence production task.
Throughout the process, models received no examples or feedback, ensuring all
responses were generated strictly under zero-shot conditions.

3.1 Contextual Emotion Acquisition

LLMs’ contextual emotion acquisition is reported from the word emotional va-
lence rating task and sentence production task. Since original English native
speaker data were unavailable, Snefjella et al.’” s (2020:8-13) reported results
are summarized. For Chinese native speakers and L2 learners, their data were
merged with LLM data for comparative analysis.

3.1.1 Emotional Valence Rating

Snefjella et al. (2020:8-13) found that English native speakers’ emotional valence
ratings for target words in positive contexts were always highest, while ratings
for words in negative contexts were always lowest. Statistical inference results
further confirmed significant differences in ratings across the three contextual
emotion conditions (negative vs. neutral vs. positive), verifying successful trans-
fer of contextual emotion to target words.

Figure 1

presents contextual emotion learning results for the two learner groups (Chinese
native speakers, L2 learners) and various LLMs.

Figure 1 Emotional Learning Results for Language Learners and LLMs

Figure 1 shows that the two learner groups exhibited very similar overall pat-
terns in emotional valence ratings. More importantly, each LLM—whether Ernie
Bot, ChatGPT, Gemini, or LLaMA—showed rating patterns very similar to both
learner groups: ratings were always highest for positive contexts and lowest for
negative contexts.

Using the clmm() function from R’ s ordinal package, cumulative link mixed-
effects models (Christensen, 2023) were fitted to emotional valence ratings (or-
dinal data) for both learner groups and each LLM. Fixed effects included con-
textual emotion (negative, neutral, positive) and learner type (Chinese native
speakers, L2 learners, and each LLM). Random effects included participant (or
model-simulated participant), vocabulary test item, and target word’ s denota-
tion. Model fitting results showed that regardless of learner type—whether the
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two learner groups (L1 and L2) or various LLMs—emotional valence ratings for
target words across the three contextual emotion conditions differed significantly
(zs < -9.00, ps < .0001), showing the pattern: positive > neutral > negative.
As noted earlier, since these words were pseudowords without inherent meaning
and expressed only neutral, concrete, broad semantic categories (e.g., a ship, a
kitchen utensil) when embedded in texts, the only possible source of differences
in participants’ post-reading emotional valence ratings was the context—they
learned the words’ emotion from the contexts in which they appeared.

3.1.2 Sentence Production Emotion Analysis

All language models achieved high accuracy in sentence production, exceeding
90% except for Ernie Bot at 89.10%. The Python natural language processing
tool TextBlob was used to conduct sentiment analysis on LLMs’correct sentences.
TextBlob generates sentiment scores ranging from -1 to 1 for each sentence,
where negative values indicate negative emotion, positive values indicate positive
emotion, and higher scores indicate stronger positive emotion. Figure 2
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presents the analysis results.

The overall pattern in Figure 2 closely resembles Figure 1. When LLMs used
target words learned in positive contexts, generated sentences always had the
highest sentiment values, while words from negative contexts produced sentences
with the lowest values. More specifically, LLaMA showed the most pronounced
emotional learning effect, followed by ChatGPT, then Gemini, and finally Ernie
Bot.

Figure 2 Sentiment Analysis Results for Sentences Produced by LLMs
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Using the 1mer () function from R’s 1me4 package, mixed-effects models (Baayen
et al., 2008) were fitted to sentiment values of sentences produced by each LLM.
Fixed effects included contextual emotion (negative, neutral, positive) and LLM
type. Random effects included model-simulated participant, vocabulary test
item, and target word’s denotation. Model fitting results showed that except for
Ernie Bot, the other three LLMs produced sentences with significantly different
sentiment values across the three contextual emotion conditions (zs < -2.14, ps
< .05), showing the pattern: positive > neutral > negative. For Ernie Bot,
although no significant difference existed between positive and neutral (5 = -
0.004, SE = 0.01, z = -0.29, p = .95), differences between neutral and negative
and between positive and negative were significant (zs < -7.10, ps < .0001).

These results demonstrate that despite individual differences among LLMs, they
all successfully learned the contextual emotion of words—semantic prosody—from
the perspective of language production.

3.2 Word Form and Meaning Acquisition

Since Snefjella et al.” s (2020) experiment did not examine context variability
effects, only the second and third baseline experiments are compared here: two
learner groups (Chinese native speakers, L2 learners) and LLMs. Word form
and meaning acquisition were measured through three test tasks: orthographic
choice (form knowledge), definition matching (meaning recognition), and defini-
tion generation (meaning recall). All test task answers were coded as “correct”
or “incorrect” —for example, if learners or LLMs selected the correct word form,
correctly matched a definition, or provided a correct definition, the answer was
coded as “correct,” otherwise “incorrect.”

The glmer () function from the 1me4 package was used to fit logistic regression
mixed-effects models to learner and LLM performance on these three tasks. The
model had two independent variables: context (repeated vs. varied) and contex-
tual emotion (negative vs. neutral vs. positive). However, contextual emotion
was not entered as a categorical variable; instead, the emotional valence ratings
that learners or LLMs gave each target word were entered into the model, allow-
ing more intuitive assessment of contextual emotion’ s (learning effect) impact
(see Snefjella et al., 2020). This variable was standardized before model en-
try to facilitate fitting and interpretation. Random effects included participant
(learner or model-simulated learner), vocabulary test item, and target word’ s
denotation.

3.2.1 Orthographic Choice Task

Chinese native speakers and L2 learners achieved mean accuracies of 89.17% and
82.65%, respectively. However, except for LLaMA (98.8%), all LLMs achieved
perfect accuracy (1.0), demonstrating stronger word form learning capabilities.
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Figure 3: Figure 3

presents mean accuracy for learner groups and each LLM on the definition
matching task under different context conditions (repeated vs. varied).

Figure 3 Mean Accuracy on Definition Matching Task for Language Learners
and LLMs in Repeated and Varied Contexts

Figure 3 shows that LLMs’ learning effects were generally better than language
learners’ , confirmed by mixed-effects model results (5 = 1.88, SE = 0.07, z
= 24.45, p < 0.001). However, LLMs also showed a pattern highly consistent
with learners: learning effects were always better under “multiple texts” (varied)
contexts than “multiple readings” (repeated) contexts, also confirmed by mixed-
effects model results (8 = 1.13, SE = 0.21, z = 5.720, p < 0.001).

Given the consistency of these variable effects, for convenient comparison, data
from both learner groups and each LLM were first merged separately before
constructing mixed-effects models for statistical analysis. Results showed that
context variability and contextual emotional valence had very similar effects on
both experimental groups: (1) Positivity advantage: as contextual emotional
valence increased, meaning recognition ability improved significantly for both
learner groups and each LLM at nearly identical magnitudes (0.21 vs. 0.23)
(zs > 7.64; ps < 0.001). (2) Varied context advantage: varied contexts
produced significantly better learning effects than repeated contexts for both
learner groups and each LLM (learners: § = 0.71, SE = 0.28, z = 2.56, p =
0.01; LLMs: 8 = 2.02, SE = 0.25, z = 7.94, p < 0.001). (3) No interaction
existed between contextual emotional valence and context variability for either
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learner groups or LLMs (ps > 0.15), indicating that contextual emotion effects
did not depend on context variability levels.

It should be noted that although LLMs and the two learner groups showed highly
similar overall trends, they also exhibited some specific differences. For instance,
LLMs’ overall learning effects were better than both learner groups (significantly
higher accuracy, Figure 3). Additionally, although both showed varied context
advantages, LLMs' advantage was more pronounced than learners’ (effect size:
2.02 vs. 0.71). Regarding individual model performance, Gemini’ s meaning
recognition was significantly better than all other models (ps < 0.001), while no
significant differences existed among the other models (ps > 0.1).

3.2.3 Definition Generation Task

Figure 4 [FIGURE:4] presents mean accuracy for the two learner groups and
each LLM on the definition generation task under the two context conditions
(repeated vs. varied).

Figure 4 Mean Accuracy on Definition Generation Task for Language Learners
and LLMs in Repeated and Varied Contexts

Similar to the definition matching task, LLMs’ learning effects were generally
better than both learner groups (higher accuracy) (8 = 2.48, SE = 0.08, z =
31.35, p < 0.001). However, LLMs still showed a pattern highly consistent with
learners: learning effects were always better under “multiple texts” (varied)
contexts than “multiple readings” (repeated) contexts (8 = 1.29, SE = 0.21, z
= 6.11, p < 0.0001).

However, for both learners and LLMs, a significant interaction existed between
contextual emotional valence and context variability (learners: 2(1) = 12.51, p
< 0.001; LLMs: %(1) = 19.15, p < 0.001), indicating that contextual emotion
effects depended on context variability levels (repeated vs. varied). Figure 5
[FIGURE:5] presents the interaction effects of these two variables for learners
and LLMs on the definition generation task.

Figure 5 Interaction Effects of Contextual Emotional Valence and Context
Variability on Definition Generation for Learners and LLMs

Figure 5 shows that the effects of contextual emotional valence and context
variability on learners’ and LLMs’' performance on the definition generation
task (advanced meaning learning) were very similar in overall trend: (1) Clear
varied context advantage: both learners and LLMs showed better advanced
meaning learning under varied contexts than repeated contexts (learners: f
= 0.85, SE = 0.26, z = 3.30, p < 0.001; LLMs: 8 = 2.89, SE = 0.27, z =
10.80, p < 0.001). (2) Significantly stronger positivity advantage under
varied contexts: under varied contexts, the advantage in advanced meaning
acquisition brought by higher contextual emotional valence was significantly
stronger than under repeated contexts (learners: § = 0.26, SE = 0.04, z =
6.96, p < 0.001; LLMs: § = 0.56, SE = 0.08, z = 7.43, p < 0.001). This led
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to (3) Amplified positivity advantage: under varied contexts, as emotional
valence increased, learners’ and LLMs’ performance improved further, widening
the gap with repeated contexts.

Again, despite high overall similarity between LLMs and the two learner groups,
some specific differences emerged. For instance, LLMs’ overall learning effects
were better than both learner groups (Figure 5). Additionally, although both
showed varied context advantages, LLMs’ advantage was more pronounced than
learners’across both context types. Regarding individual model performance, un-
der varied contexts, all models performed better than Ernie Bot (ps < 0.02). Un-
der repeated contexts, Gemini performed best, significantly better than LLaMA
and Ernie Bot (ps < 0.01), followed by ChatGPT, which was significantly better
than LLaMA (p = 0.01); no differences existed among other models.

4. Discussion

This study used a reading-based vocabulary learning task (zero-shot learning for
LLMs) to compare human learners and LLMs in affective learning during lan-
guage learning (incidental vocabulary acquisition), addressing three questions:
whether LLMs can learn contextual emotion like humans, and how context vari-
ability and contextual emotion affect incidental vocabulary acquisition for both
LLMs and humans. Results are discussed below in terms of contextual emotion
acquisition and word form/meaning acquisition.

4.1 Contextual Emotion Acquisition

Results show that all LLMs and language learners (both L1 and L2) inciden-
tally acquired the contextual emotion of target words through reading exposure:
when they encountered target words in positive contexts during reading, they
judged those words as emotionally positive in testing, and vice versa for nega-
tive contexts. Social psychologists term this behavioral convergence “emotional
contagion” —the sharing of emotional states between individuals (Hatfield et al.,
1993; Ho et al., 2023)—while psycholinguists call it “transfer,” where emotion
migrates from context to the target word itself (see Snefjella et al., 2020). The
question is: how does this contagion or transfer occur?

To address this, we propose a Dual-Mechanism Framework, arguing that
humans and LLMs achieve functionally equivalent behavioral patterns through
fundamentally different pathways. For human learners, affective learning is an
embodied, situated process whose internal mechanisms are powerfully explained
by Embodied Cognition Theory. This theory posits that language meaning con-
struction is rooted in individuals’sensorimotor interactions with the environment
and bodily experiences (Barsalou, 2008), and heavily depends on embodied sim-
ulation triggered by linguistic input. For example, when learners read “Her
wonderful teacher performed at the exciting concert,” they do not passively re-
ceive symbolic text but actively activate perception-action systems and episodic
memories associated with positive emotion, imaginatively reconstructing multi-
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modal representations such as excited emotional experiences and warm social
interactions. Target words (e.g., aunith) become “infected” with emotional
coloring through repeated co-occurrence with such rich embodied experiences,
achieving contextual emotion transfer. This process is deeply embedded in hu-
man biology and social interaction, showing that affective learning is not an
independent cognitive module but a dynamic system closely linked to motiva-
tional regulation, attention allocation, and deep memory encoding (see Eysenck
& Brysbaert, 2018; Pessoa, 2008).

For LLMs, however, affective learning is not dependent on embodied cognitive
systems but is a computational process based on statistical distributions and
vector space optimization. Unlike humans who construct semantics through
sensory and bodily experiences, LLMs’ “learning” stems from extracting and
reproducing lexical co-occurrence patterns in massive corpora (Bisk et al., 2020;
Landauer & Dumais, 1997). This core operation can be formalized as: when
processing large amounts of context containing emotional cues, the model con-
tinuously adjusts the target word’ s vector position in high-dimensional seman-
tic space through self-attention mechanisms. When a novel word (e.g., aunith)
repeatedly appears in positive contexts, its vector gradually moves closer to
semantic clusters of positive words like ezciting and wonderful, thereby mathe-
matically acquiring positive emotional values. Consequently, emotional valence
ratings can be interpreted as similarity calculations between target word vectors
and emotional anchor vectors, where score magnitude reflects semantic space
proximity rather than subjective experience. In sentence generation, word vec-
tors positioned in “positive regions” are more likely to trigger connections to
positive vocabulary during autoregressive sampling, systematically reproducing
emotional consistency. This mechanism shows that LLMs’ emotional transfer
is essentially pattern completion based on statistical co-occurrence, not equiv-
alent to human embodied experience. However, this study found that they ex-
hibit “positivity advantage” and other behavioral effects highly consistent with
humans. This phenomenon highlights a “heterogeneous isomorphism” mecha-
nism: through completely different technical pathways, purely computational
processes relying on distributed semantic modeling and gradient optimization
enable LLMs to demonstrate functionally similar affective transfer capabilities.
This Dual-Mechanism Framework not only provides a new theoretical an-
chor for understanding AT’ s human-like characteristics but also, through compu-
tational modeling, reflects the indispensability of embodied experience in human
affective learning while reminding us that behavioral similarity cannot be sim-
ply equated with mechanistic identity (Binz & Schulz, 2023; Hagendorff et al.,
2023).

Notably, from the perspective of Usage-Based Learning Theory (Ellis & Wulff,
2015; Tomasello, 2005), both humans and LLMs share common features of
frequency-driven learning and distributional generalization in emotional context
learning: both gradually abstract and form stable emotion-semantics connec-
tions through repeated exposure to context-word co-occurrence patterns. How-
ever, mechanistic differences lurk beneath this surface similarity. For human
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learners, frequency effects are realized through embodied simulation and so-
cial interaction, where frequency strengthens deep encoding between emotional
experiences and lexical forms. For LLMs, frequency is directly manifested as
statistical distribution optimization of word vectors in high-dimensional space—
a computational process based on distributed representations and self-attention
mechanisms.

We further found that when LLMs used “learned” target words for sentence
production, they not only maintained grammatical and semantic correctness
but also reproduced emotional orientations highly consistent with the learning
context. This result is particularly crucial: it shows that LLMs have not only
established “emotion-word” connections at the representation level but can also
reproduce these correspondences during language production, demonstrating
“emotional consistency” and “positivity advantage” highly convergent with hu-
mans. Theoretically, this phenomenon has “surprising” implications: existing
embodied cognition and emotional transfer theories assume sensory experience,
bodily engagement, and emotional regulation as prerequisites, never hypothesiz-
ing that purely computational systems lacking embodied channels could exhibit
analogous human emotional transfer features (Barsalou, 2008; Snefjella et al.,
2020). However, this study’ s evidence shows that even under zero-shot con-
ditions, LLMs can rely on distributed representations and self-attention mech-
anisms to conditionally model statistical co-occurrence relationships between
context and vocabulary in high-dimensional semantic space, and through prob-
abilistic pattern completion in autoregressive generation, guide target words to
matching emotional regions. In other words, LLMs’ “human-like” emotional
production does not stem from embodied experience but is a product of com-
putational processes. We argue that LLMs’ performance not only extends the
boundary of “human-like” affective learning from input and representation to
output and generation but also provides new testable pathways for theoreti-
cal construction of emotion-language interaction. It further validates our pro-
posed Dual-Mechanism Framework: human emotional transfer depends on
perception-emotion systems driven by embodied experience, while LLMs’ simi-
lar performance relies on structured modeling and generalized reproduction of
linguistic statistical structures.

4.2 Word Form and Semantic Acquisition

The above results show that LLMs and human learners exhibited highly con-
sistent patterns in vocabulary acquisition (word form and meaning), both sig-
nificantly influenced by contextual emotion and context variability. First, both
meaning recognition and generation demonstrated significant positivity advan-
tages: the more positive LLMs and learners judged a target word’ s emotion, the
better their meaning acquisition performance. Since this positivity originated
from contextual emotion, this actually demonstrates that positive contextual
emotion promoted meaning acquisition. Psychology has proposed many expla-
nations for positive emotion’s facilitative effect on human learning. For example,
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some scholars suggest positive emotion can motivate learners and enhance at-
tention, thereby promoting sustained interaction with learning materials (Mac-
Intyre & Vincze, 2017). Others propose that positive contexts can serve as
mnemonic cues, facilitating retrieval of word meanings from memory. When
target words become associated with positive contextual emotion, more vivid
and retrievable memory traces are formed (Lana & Kuperman, 2024; Snefjella
et al., 2020). LLMs’ demonstrated positivity advantage, from the perspective of
zero-shot vocabulary learning, reveals LLMs’ human-like characteristics while
also supporting the view that emotion influences human learning. In this study,
the positivity advantage stems from the tight association between emotion and
context, which effectively promotes deep processing and precise acquisition of
vocabulary.

Second, both meaning recognition and generation demonstrated significant var-
ied context advantages: meaning learning was always better under varied con-
texts than repeated contexts. This result aligns with the context variability
hypothesis and supports the superiority of diverse contexts from an Al perspec-
tive. Johns and Jones’ s (2008) Semantic Distinctiveness Model (SDM) provides
a powerful explanation for this pattern from the perspective of word meaning
representation. In SDM, words are part of a word-context matrix’ s document
distribution. This matrix represents words as vectors using indices such as fre-
quency, document count, or semantic distinctiveness. As words appear in more
different contexts, their vector representations expand. During reading, readers
continuously compare information stored in vectors with fresh contexts where
words appear. If fresh contexts align with already-stored information, they are
encoded only weakly. Conversely, if fresh contexts contain new independent in-
formation not stored in vector representations, they are encoded more strongly.
Each time learners encounter a word in text, they initiate a new cognitive pro-
cess, comparing the novel word with context knowledge stored in their mental
lexicon. If it differs from stored context knowledge, the word’ s mental rep-
resentation is updated; if it aligns with context knowledge stored in memory
vectors, the mental representation is updated less. Based on this, the richer the
contextual information readers can obtain about a word, the richer their men-
tal lexicon updates (Jones et al., 2017). This helps readers and LLMs acquire
decontextualized knowledge of the word, promoting learning of core meaning.

Additionally, in definition generation performance, both LLMs and human learn-
ers showed results significantly different from meaning recognition, mainly man-
ifested in the amplification of varied context advantage caused by the significant
interaction between context variability and contextual emotion: under varied
contexts, as emotional valence increased, both learners’ and LLMs’ performance
improved, widening the gap with repeated contexts. For human learners, this
result indicates that varied contexts provide richer situational cues for the same
target word, triggering more frequent embodied simulations related to moti-
vation, attention, and deep encoding, while positive contexts further enhance
mood-extraction cue matching, forming more stable and retrievable high-level
semantic representations in recall-based production (Schmidt, 1990; Tulving &
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Thomson, 1973). For LLMs, repeated appearances of the same target word in
diverse contexts allow its context-dependent vector representation to acquire
more dispersed emotional /semantic signals in high-dimensional semantic space:
self-attention aligns different emotional cues across contexts (e.g., co-occurrence
with ezciting, wonderful word clusters), thereby pushing the target word vec-
tor closer to positive vocabulary clusters and enhancing the linear separability
and conditional likelihood of emotional dimensions (see Andrews et al., 2009;
Landauer & Dumais, 1997). Additionally, positive contexts have higher lexical
density and co-occurrence connectivity in general corpora (positive words are
more “dense” in the network), making target words more likely to “fall into”
the “attractor basin” of positive regions during training/inference, preferentially
sampling descriptive language consistent with that region in autoregressive gen-
eration, thus demonstrating stronger “emotional consistency” and higher accu-
racy in demanding recall-based outputs like definition generation (see Clark et
al., 2019; Radford et al., 2019). In other words, humans’ amplification effect
stems from deep encoding and retrieval matching driven by embodied simula-
tion, while LLMs’ amplification effect originates from conditional aggregation of
emotional co-occurrence signals and high-density neighborhood effects in vector
geometry under varied contexts.

It should be noted, however, that although LLMs and human learners showed
high similarity in overall patterns of vocabulary acquisition (word form and
meaning), LLMs demonstrated significantly superior accuracy on specific test
measures, including word form tests, definition matching, and definition genera-
tion. We argue that this advantage does not indicate LLMs are “smarter” than
humans but reveals fundamental mechanistic differences. Human learning is a
resource-limited process strongly influenced by working memory capacity, atten-
tion fluctuations, motivation levels, and existing knowledge structures (Eysenck
& Brysbaert, 2018). In limited experimental exposure, human learners may
not fully integrate all information. In contrast, LLMs, as computational archi-
tectures centered on prediction and pattern matching, nearly perfectly execute
statistical optimization tasks within their context windows. They are unaffected
by fatigue, distraction, or motivation issues and can unwaveringly utilize every
statistical cue in input text (Bisk et al., 2020). Specifically, under the current
task framework, LLMs behave like idealized statistical learners without cog-
nitive constraints. Their stronger, purer “context variability advantage” and
“positivity advantage” can be viewed as powerful validation of the distributional
semantics hypothesis—that lexical meaning arises from contextual distribution.
LLMs amplify these effects, precisely proving these learning principles are effi-
cient and powerful. Therefore, LLM performance uniquely demonstrates that
similar effects observed in human vocabulary acquisition likely follow equally
efficient statistical learning principles at their foundation, merely constrained
by human biological and cognitive conditions. This “machine surpassing hu-
man” finding strengthens our proposed Dual-Mechanism Framework and
highlights the potential of using LLMs as computational models to isolate and
test variables in human learning models.
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It should be noted that although this study included four representative LLMs
for comparative analysis, results still have certain generalizability limitations.
First, the four models differ substantially in architecture and scale, encompass-
ing standard Transformer architectures (e.g., LLaMA and ChatGPT) and hy-
brid architectures integrating MoE mechanisms (e.g., Gemini), whose differences
in reasoning paths and parameter activation mechanisms may affect contextual
emotion processing. Second, language optimization directions differ: Ernie Bot
is Chinese-optimized, while ChatGPT and Gemini are primarily English-trained,
which may cause language-specific differences in models’ responses to emotional
signals in contexts. Therefore, although we achieved uniformity in input struc-
ture and test task design, differences in language adaptability and semantic rep-
resentation mechanisms across models require further validation of consistency
and robustness in contextual emotion acquisition abilities in future research.
Additionally, the current study only selected four representative LLMs; future
research should expand model coverage to include more architectural types and
corpus backgrounds to systematically examine stability and variability across
models in contextual emotion acquisition tasks.

Conclusion

This study employed a zero-shot language learning framework to compare four
representative LLMs and three human learner groups in affective learning per-
formance during reading-based incidental vocabulary acquisition, as well as the
effects of contextual emotion and variability on learning outcomes. Results
showed that LLMs can not only “absorb” and transfer emotion from contexts
like humans but also exhibit “positivity advantage” and “context variability
advantage” highly consistent with humans in word form and meaning learn-
ing, even surpassing human learners in accuracy on multiple measures. These
findings indicate that LLMs possess human-level contextual sensitivity and emo-
tional consistency, highlighting the power of distributed semantic modeling in
complex learning tasks.

At the theoretical level, we proposed and validated a Dual-Mechanism
Framework to explain the heterogeneous cognitive foundations behind
behavioral similarity: human affective learning depends on perception-emotion
systems driven by embodied experience, deeply embedded in sensorimotor
experiences, episodic memory, and social interaction; LLMs’ emotional transfer,
however, originates from statistical modeling and reproduction of linguistic
co-occurrence patterns in high-dimensional semantic space—a computational
process based on self-attention and vector space optimization. Both yield func-
tionally similar results but reflect fundamental differences between biological
cognition and machine computation. This framework provides theoretical tools
for understanding “human-like” emotional performance in Al and offers a sys-
tematic comparative foundation for exploring cross-mechanism implementation
paths for language-emotion interaction.

More importantly, this study reveals at the macro level the double-edged signif-
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icance of affective learning in AI development. On one hand, LLMs’ human-like
affective learning and transfer capabilities bring unprecedented opportunities to
human-AI interaction in education, healthcare, and social governance, as they
can capture and reproduce context-word emotional connections without affec-
tive annotation, thereby enhancing naturalness and acceptability of generated
content. On the other hand, this capability also alerts us to ethical risks: when
models inherit and amplify cultural biases and affective tendencies from corpora,
they may unconsciously influence the value orientation of their emotional out-
puts (Caliskan et al., 2017). In other words, LLMs’ “emotional consistency”is not
only experimental validation for cognitive science and distributional semantics
theories but also a frontier issue in Al ethics assessment.

In summary, this study’ s findings not only advance our deep understanding
of human and machine mechanisms in affective learning but also provide solid
empirical evidence and theoretical anchors for future development of emotional
norms and risk prevention strategies for Al systems.
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