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Abstract

We introduce the novel task of egocentric self-emotion track-
ing, which aims to infer an individual’s evolving emotions
from egocentric multimodal streams such as voice, visual
surroundings, semantic subtext, and eye-tracking signals.
To establish this research direction, we present: (1) OSMO
dataset, a large-scale annotation effort on 110 hours of ex-
isting bilingual smart-glasses recordings, establishing the
largest egocentric emotion dataset and the first with subject-
wise emotion timelines, (2) OSMO benchmark, a suite of
five tasks (emotion recognition, sentiment, intensity, local-
ization, and reasoning), that redefine emotion understanding
as a continuous, context-aware process rather than discrete
classification of trimmed videos; (3) OSIRIS, a large mul-
timodal model that tracks emotions over time by reasoning
over the user’s personal emotion history, current expressions,
and egocentric observations. Extensive evaluations show
that OSIRIS achieves a state-of-the-art performance, deliv-
ering, for the first time, coherent emotion timelines from ego-
centric data. Project website: https://osmo-emos.github.io.

1. Introduction

Self-emotion tracking can reduce depression symptoms by
34% [27], anxiety by 20% [58], and help over 85% of people
feel more in control of their mood [62]. Yet its adoption
remains low, because current solutions, e.g., mobile apps,
rely on high-friction manual emotion logging. Therefore, we
ask: can emotion' perception and tracking be automated?
Smart glasses [18] offer a passive, unobtrusive, and con-
tinuous means of emotion tracking. Designed for all-day
wear, they enable seamless long-term perception in natural
settings. Their integrated multimodal sensors capture vocal
tone, gaze behavior, and environmental context, providing a
rich basis for robust, context-aware emotion recognition.

'We focus on embodied emotions, observable physiological expressions
(e.g., speech, eye movements, body language), detectable via non-intrusive
sensors, unlike internal emotions that require intrusive sensing.
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Figure 1. Self-emotion tracking. Using multimodal inputs from
smart glasses (egocentric video, audio, eyes, and text), our goal is
to construct a timeline of the user’s affective states.

However, existing emotion recognition datasets are not
suitable for training models deployable on smart glasses, as
they are typically exo-centric [2, 10, 34, 35, 38] or consist of
short, isolated video clips [19], which precludes modeling
the continuity of emotions. More critically, their primary
sources (lab settings [2, 23], movies [10, 35, 38, 51] and in-
ternet vlogs [19]) feature exaggerated and staged expressions,
thus failing to capture the subtle and spontaneous emotions
of real-world environments, which is far more challenging.

Consequently, recent emotion Large Multimodal Mod-
els (LMMs) [10, 19, 35, 70], inherit these data flaws and
face key limitations: (1) reliance on facial views, performing
poorly in egocentric settings; (2) processing utterances in
isolation, misinterpreting context-dependent meaning (e.g.,
“That’s just great” as sincere vs. sarcastic); (3) ignoring
the influence of prior emotions, overlooking carry-over ef-
fects [56, 60]; and (4) lack interpretable reasoning, produc-
ing spurious and ungrounded outputs.

To address these limitations, this paper introduces a
new framework for egocentric emotion tracking from smart
glasses (see Fig. 1) featuring three novel contributions:

1) OSMO Dataset. We introduce Open-vocabulary Self-



Ego Eyes oe®

With text descriptions: cheek raised, eyes closed

Includes: Eye IR video, gaze, fixation, saccade, and
eye pupil diameter

With visual descriptions: The video shows a casual,
collaborative outdoor gathering. The ego is focused
on a person with a guitar, suggesting interest and
anticipation to engage, creating an atmosphere of
lighthearted connection and engagement.

17:24:08,132 --> 17:24:11,032

Shure: Hahaha, do you really love him? Hahaha
17:24:11,066 --> 17:24:13,666

Ego: Hahaha

17:24:23,199 --> 17:24:24,365

Ego: Damn

With acoustic descriptions: The audio clip features
a loud laugh and a cheerful, playful voice with
enthusiasm and energy. The conveys a sense of
excitement and playfulness.

Emotion Timeline (®

17:24:08:00: The ego feels happy and playful
because they start laughing when the manin a
black jacket starts strumming his guitar and singing.
17:25:13:16: The ego feels ...

17:28:39:30: The ego feels ...

Step 1: Scene shows gathering around guitar player
Step 2: Audio conveys laughing and playful tone
Step 3: Dialogue reveals amusement about love.
Step 4: Cheek raised, eyes closed.

Step 5: Past emotions: amusement/curiosity.

Step 6: Emotion state = Happy, positive, high.

Figure 2. OSMO dataset sample. Given synchronized raw egocentric data (video, audio, eyes), OSMO adds human-annotated subject-wise
emotion timelines, detailed LMM-generated modality descriptions, and Chain-of-Thought labels. Raw sample source: EgoLife [71].

eMOtions (OSMO), a large-scale annotation of 110 hours of
smart-glasses recordings from open-source datasets [41, 42,
71], yielding the largest egocentric emotion resource to date
and the first with frame-level emotion timelines capturing
real-world affective dynamics. Our annotations enrich the
original multimodal data (RGB, audio, eye tracking) with
detailed, timestamped labels of the ego wearer’s affective
states (see Fig. 2). Uniquely, OSMO spans English and
Mandarin, enabling cross-lingual emotion analysis.

2) OSMO Benchmark. We define five benchmark tasks for
self-emotion tracking: (i) open-vocabulary emotion recog-
nition, (ii) sentiment analysis, (iii) intensity prediction, (iv)
temporal localization, and (v) emotion reasoning. Collec-
tively, these tasks move beyond categorical classification
toward a holistic understanding of emotional dynamics.

3) OSIRIS Model. We present OSIRIS (Omnimodal Self-
emotion Inference with Reasoning on Input Signals), the
first LMM to jointly process egocentric video, audio, di-
alogue, and eye infrared feed for emotion tracking. Key
innovations include a memory module for modelling emo-
tion carry-over effects [56, 60] and the SENSE framework
(Structured Emotional reasoNing from SEnsory inputs) for
generating Chain-of-Thought (CoT) supervisory labels to
force multimodal analysis, i.e., thinking, before emotion in-
ference. Extensive experiments show OSIRIS substantially
outperforms state-of-the-art (SOTA) LMMs.

2. Related Works

Emotion Datasets. We categorize emotion datasets by their
sources into two groups: (1) Internet-sourced, including
datasets from movies [10, 34, 35, 38, 51] and social media [5,
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19, 28, 69, 73]; (2) Lab-controlled, collected in controlled
environments [2, 6, 7, 23, 39, 45, 54]. While these datasets
have significantly advanced affective computing, they are
primarily designed to capture elicited or performed emotions,
which can differ from naturally occurring affective responses
in everyday settings. Moreover, they are all exocentric except
for E3 [19], which suffers from 1) noisy, handheld vlog
recordings, 2) lack of eye-tracking or subject-level emotion
timelines, and 3) closed-set emotion labels. In contrast, the
OSMO dataset captures real-world, unscripted emotions
with timestamped, subject-wise, open-vocab annotations
paired with rich multimodal signals from smart glasses.

Emotion Modeling. Emotion recognition models are typi-
cally categorized by input modality. (1) Unimodal models
infer emotions from a single source, e.g., videos [32, 63, 65],
eyes [22, 68, 76], audio [13, 20, 40], or text [8, 33, 52],
but often lack context from other modalities (e.g., text with-
out tone). (2) Multimodal models [1], especially recent
LMMs, achieve richer emotion understanding by integrat-
ing complementary cues. AffectGPT [35] uses pre-fusion
for audio—video, E3 Emotion-LlIaMA [19] combines vi-
sual—acoustic signals in first-person videos, and Emotion-
LLaMA [10] employs adaptive fusion for human-centric
affect analysis. Yet, they overlook conversation history (e.g.,
emotion in "unbelievable!" depends on prior context), emo-
tional continuity, and interpretability. In contrast, OSIRIS
models contextual emotions with explicit CoT reasoning.

3. OSMO Dataset

How can we build an emotion tracking dataset? We begin
by defining five key requirements: (1) In-the-wild: capturing
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Figure 3. OSMO Human-LMM collaboration approach.

natural emotions in real-world scenarios; (2) Longitudinal:
with timestamped data to model emotional dynamics; (3)
Ego identities: enabling subject-wise emotion timelines and
personalized tracking; (4) Smart glasses recordings: pro-
viding rich multimodal signals (egocentric video, eye/hand
tracking); and (5) Open-vocab annotations, with labels for
emotions, sentiment, intensity, temporal span, and causes.
OSMO meets all five requirements by leveraging a key
insight: instead of collecting new data, we annotate three
existing datasets, EgoLife [71], Nymeria [42], and Aria
Everyday Activities (AEA) [41]. This decision is strate-
gic for two reasons: (i) these datasets already satisfy the
first four requirements and only lack emotion labels, and (ii)
their long-term, real-world recordings were captured without
instructing participants to display emotions, yielding spon-
taneous, unscripted affect largely absent from prior emotion
datasets. For high-quality annotations, we introduce a novel
three-stage human—LMM collaborative pipeline (Fig. 3).

3.1. Stage 1: LMM Pre-selection

Although our source datasets [41, 42, 71] collectively pro-
vide 750 hours of egocentric recordings, emotional expres-
sions are sparse [46, 59, 74], making exhaustive manual
annotation impractical. To address this, we design a multi-
stage pre-selection pipeline that leverages SOTA LMMs to
efficiently narrow down our search for non-neutral segments.

We first use Whisper [53] to generate timestamped
speech transcriptions and segment the recordings into 200K
utterance-level clips. Each clip is then pseudo-labeled with
one of Ekman’s six basic emotions [16] (happiness, sadness,
fear, anger, disgust, surprise) or neutral using four SOTA
LMMs: Emotion-LLaMA [10], AffectGPT [35], DeSTA2.5-
Audio [40], and Qwen-Audio2 [13]. Majority voting (> 3)
mitigates individual model noise, retaining clips with consis-
tent non-neutral predictions and balanced emotion coverage.
This produces 17.8K high-confidence clips, expanded into
30-second segments for context, yielding a curated 125-hour
subset for human verification and annotation.

3.2. Stage 2: Human Annotations

While Stage 1 effectively crosses-out neutral segments, it
remains unreliable in identifying the exact emotion type,
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Happy Playful Metric Value
Relieved Amused #Hours 110h
Anxious Surprised #Ann. 116,100
Curious Frustrated #Segments 23,200
Confused Excited #Subjects 288
Annoyed Content = 32% Low #Emotions 1,027
Proud Amazed 60% #Words/cap.  31.4 avg.
Joyful Startled Languages ZH/EN
= Tired Angry Emotion freq. 2.1 min
Emotion dur.  7.7s avg.

Figure 4. OSMO Emotions and Intensities. ~ Table 1. Statistics.

duration, and trigger. To refine this, we recruit 41 annotators
(gender-balanced, educationally diverse). Each annotator
underwent a rigorous multi-phase training program, includ-
ing detailed protocols, hands-on practice, iterative feedback,
and consistency calibration. In total, the OSMO annotation
process required more than 8,000 hours of human effort.
Importantly, all LMM predictions were hidden to prevent
bias. Below we describe the annotation process:

Open-Vocabulary Emotion Recognition. Conventional
closed-set emotion taxonomies [ 14, 50] fail to capture the
richness and overlap of real-world emotions, forcing dis-
crete labels (e.g., anger, surprise) onto continuous states
(e.g., shyness, hesitation). To address this, we adopt an
open-vocabulary paradigm [35], allowing annotators to
freely describe emotions. Annotators labelled each segment
with primary and secondary emotions guided by Plutchik’s
Wheel [50], a widely-adopted model of eight basic emotions,
alongside open-vocab terms for fine-grained distinctions.
Annotators used extended wheels [55, 67], examples, and
calibration sessions to ensure consistency.

Sentiment Analysis. Sentiment captures coarse affective
polarity: positive, negative, or neutral. Following [15], favor-
able emotions (e.g., joy, excitement) were labeled as positive,
undesired ones (e.g., anger, fear) as negative, and unassigned
segments as neutral. For ambiguous emotions (e.g., surprise,
confusion), we used LlaMa3 [61] to infer sentiment polarity
from the full annotation text by prompting it to classify the
overall affect as positive, negative, or neutral.

Emotion Intensity. Annotators rated emotional strength on a
three-level scale (following [7, 19, 64]): low (subtle, minimal
cues like a calm or neutral voice), medium (noticeable but
controlled affect with clear expressions), and high (dominant
emotions with strong, overt manifestations like shouting or
crying), based on audiovisual and contextual cues.

Emotion Localization. Annotators marked the start and
end seconds of each emotional episode, defined by observ-
able cues such as speech, environmental events, or sudden
reactions, and ending once the emotion visibly subsided.

Emotion Reasoning. For each segment, annotators ex-
plained the Ego wearer’s emotion using only observable



audiovisual cues. These concise rationales identified triggers
such as interactions, environmental changes, or social events,
ensuring evidence-based and interpretable annotations.

3.3. Stage 3: Annotation Quality Assessment
We implement a strict two-tiered quality control process:

LLM-assisted Validation: Our annotation pipeline
checks all annotation jobs for missing information, abnor-
mal durations (<1s or >25s), brief captions (<7 words), and
overlapping segments (<1s gap), flagging any anomalies.
Then, we utilize a LLaMA-as-a-judge approach, where
LLaMA3 [61] assigns a quality score (1-10) to each anno-
tation based on the annotation rubric (rejecting < 8).
Human Evaluation: A review team manually evaluates
annotations along three dimensions: (1) Category correct-
ness: whether the primary and secondary emotion cate-
gories align with the observable cues; (2) Localization
accuracy: whether the temporal boundaries of the annota-
tion are within 4 s of the correct start and end times; and
(3) Reasoning validity: whether the description includes
clear, observable triggers for the selected emotion.

Flagged samples at any stage are iteratively re-annotated
until passing all quality checks, resulting in a highly consis-
tent final OSMO dataset with human review agreement of
87.0% (category), 91.2% (localization), and 82.6% (reason-
ing). Our evaluation highlights a complementary division of
labor: LMM majority voting excels at narrowing down can-
didate regions (88.0% of which were retained by humans)
but is substantially less effective at precise classification,
achieving an overlap rate [35] of only 48.6 against human
labels. This confirms the synergy in our pipeline: LMMs for
filtering with human expertise for reliable annotations.

3.4. OSMO Dataset Statistics.

Table | summarizes the dataset statistics, and Table 2 com-
pares it with existing emotion datasets. Remarkably, OSMO
is (1) the largest egocentric emotions dataset; (2) the first to
feature real-world emotions; (3) the first to provide subject-
wise emotion timelines and eye-tracking data; and (4) the
richest in annotation, including over 1000 open-vocab emo-
tions (see Fig 4), sentiment, intensity, localization, and rea-
soning. Furthermore, the dataset includes English (41.3%)
and Mandarin (58.7%) subsets, offering rich cross-cultural
variation in language, interaction style, and environment.

4. OSMO Benchmark

Open-Vocab Emotion Recognition (OVER): evaluates
whether generated captions reflect the ego’s emotional state.
Following [35], we report two metrics: the Set Overlap Score
(SOS), reflecting predicted/ground-truth open-vocab emo-
tion sets overlap, and the Hit Rate (HR), indicating whether
any ground-truth emotion appears in the prediction.
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Table 2. Comparison between OSMO and prior emotion recog-
nition datasets. Hrs.: #hours; Ann.: #annotations; Mod.: modali-
ties (v:video, a:audio, t:text, e:eye); Ego: collected with egocentric
smart glasses; TL: contains long-term emotion timeline; Un.: un-
scripted real-world emotions; OV: open-vocabulary emotions; Loc.:
temporal localization; Int.: intensity levels. Abbrev.: MERR-C/F
= MERR-Coarse/Fine; MER-C = MER-Caption. { only emotion
subset is considerd in Seamless Interactions [2].

Dataset Hrs. Ann. Mod. Ego TL Un. Loc. OV Int.
OV-MERD [34] 0.4 332 v,a,t X X X X v X
MERR-F [10] 39 4.5K v,a,t X X X X v X
SeamlIntf [2] 4.7 5.9K v,a,t X X X X X v
InterAct [23] 10.0 241 v,a,t X X X X X v
MAFW [38] 11.1 10K v,a,t X X X X X v
MELD [51] 13.7 137K vait X X X v X v
MERR-C [10] 248 28.6K vait X X X X v X
MER-C+[35] 288 313K wvat X X X X v X
MER-C [35] 106 115.6K vait X X X X v X
E3[19] 72 812K wvait X X X v X v
OSMO (Ours) 110 116.1K vate v v v Vv Vv /

Sentiment Analysis (SA): assesses whether the model cap-
tures the ego’s overall tone across positive, negative, neutral.
We report accuracy and Weighted F-score (WAF) for bal-
anced evaluation under class imbalance.

Intensity Prediction (IP): measures how well the model
predicts emotion strength across three levels {low, medium,
high}, using the WAF for balanced evaluation and accuracy
as a simpler complementary metric.

Emotion Localization (EL): tests whether the model cor-
rectly identifies when an emotion occurs. Predicted start—end
times are compared with ground truth using mIoU (mean
temporal overlap) and R,,,U@m.

Emotion Reasoning (ER): assesses whether the model cor-
rectly explains emotions. In addition to quality metrics
(BLEU [49], ROUGE-L [36], and METEOR [4]), we use
a LlaMa-as-a-judge (following [19, 43]) scoring 1-100 on
information correctness (IC), detail orientation (DO), contex-
tual understanding (CU), and temporal consistency (TUC).

Evaluation Protocols. We evaluate OSMO under four pro-

tocols assessing different types of generalization:

* XSub (Cross-Subject): Tests generalization across partic-
ipants using disjoint subject sets (train/val: 223/57 sub-
jects; 15.4K/3.8K clips).

* XTime (Cross-Time): Measures cross-day robustness
(train/val: 106/25 days; 15.7K/3.4K clips).

* XLang (Cross-Language): Evaluates transfer between
Mandarin and English, including in-language (zh/zh,
en/en) and cross-language (zh—en, en—zh) setups.

* XSet (Cross-Set): Assesses generalization to unseen held-
out set from annotated AEA [41] (8 subjects; 4.1K clips).
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Figure 5. Overview of OSIRIS. OSIRIS integrates multimodal
inputs, video (X,), eyes (X¢), audio (X4,), text (X.), and prior
emotions (Xemo), to infer affective states in five steps: (1) Encode
multimodal signals using frozen expert encoders, (2) Adapt/project
representations into a shared language space, (3) Remember past
expressions by retrieving recently stored queries and updating the
memory with the current state, (4) SENSE generation of CoT su-

pervisory caption R, and (5) Predict R through the LLM.

5. OSIRIS Model

Overview. OSIRIS aims to perceive the world through the
wearer’s eyes, enabling contextual understanding and con-
tinuous tracking of evolving emotional states. Building on
recent advances in LMMs [3, 11, 12, 26, 77], it fuses ego-
centric modalities from smart glasses to infer and explain
affect. Its key novelty lies in modeling emotion continuity
(how feelings evolve over time) and multimodal reasoning
grounded in perceptual and conversational evidence. For-
mally, for an incoming sample j, the multimodal input X7
includes X7 (egocentric video), X (eye video), X7 (audio),
XJ (dialogue textual context), and X7 . (prior emotions).
Conditioned on an instruction I, OSIRIS generates a textual
response R’ describing the wearer’s emotional state through
the following five-step process.

5.1. Step 1: Encode

Egocentric Video. The egocentric video stream X7 of-
fers rich contextual information crucial for understanding
emotions. For instance, among other cues, a lively social
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gathering (e.g., Figure 2) may convey happiness, whereas a
cluttered or dim environment might evoke feelings of sad-
ness or anxiety. We process X/ using a frozen, off-the-shelf
visual encoder [57], which outputs latent representations
Z] € RNv*C4 across N, frames, each represented by Cj-
dimensional feature vectors.

Eyes. Prior works [22, 68, 76] show that eye dynamics alone
can reveal affective states. In OSMO, we similarly find that
ocular cues, like widened eyes in surprise or closed eyes in
laughter (e.g., Figure 2), strongly correlate with emotions.
Hence, OSIRIS encodes the eye infrared video Xg with
a frozen encoder [57] into Z7 € RNv*C4 making it the
first model to explicitly integrate eyes into the multimodal
modeling of emotions.

Dialogue Context. Emotional meaning is often ambigu-
ous in isolation; an utterance like “Wonderful” may convey
either joy or frustration depending on the prior exchange.
To disambiguate such cases, OSIRIS incorporates dialogue
history containing N,, textual utterances from all speakers.
Dialogue is encoded in two forms: 1) the dialogue audio
stream X7 is encoded using a frozen acoustic model [53]
into Zi € RNeXxCa of N, acoustic frames and C, channels,
and 2) the dialogue text X7 is embedded by the LLM’s text
embedding layer [61] to obtain HJ € R? with the LLM’s
embedding dimension d.

5.2. Step 2: Adapt

To unify heterogeneous modalities, each representation
{ZJ,} e fv,e,q} is fed to a separate learnable adapter Gy, (+)
that maps to the LLM’s embedding dimension d:

(D

This step unifies the dimensions of diverse modalities, en-
abling cross-modal reasoning within the LLM.

H/) =G,.(Z}), HI cR%

5.3. Step 3: Remember

Personal Emotion History. Emotions are not discrete
or instantaneous but evolve gradually over time with iner-
tia [21, 29-31, 72]. For instance, a joyful surprise can leave
lingering warmth and optimism. To model this temporal
continuity, OSIRIS maintains a personalized emotion log:

2

where each entry E' represents an emotion event, a bounded
episode capturing (i) what was felt, (ii) how it was expressed,
and (iii) when (and for how long) it occurred.

L={EW E®  EU-DY}

(i) What (Semantic content): Each emotion event stores an
open-vocabulary textual description O° (e.g., “happy”, “dis-
appointed”) that semantically characterizes the felt emotion
in natural language, providing an interpretable and flexible
anchor aligned with human emotion vocabularies.



(ii) How (Multimodal expression): OSIRIS represents each
event through a multimodal expression signature. Embed-
dings {an}me{v)e’a} and H are projected, pooled, and
normalized into descriptors {Z }inev,c,acp € R% each
weighted by a modality gate o, = 0(g.,). The gated de-
scriptors are concatenated and refined via cross-attention
using N, learnable queries Q € RVmsxd:

s
Q' e RVmsxd (3

5

i
- amzm7

51 (51 51 ozt o5t
zm z = [Zvazevzzwzc

Q' = CrossAttention(Q,z"),

The resulting compact representation Q' serves as a multi-
modal code summarizing expressive cues across channels.

(iii) When (Temporal metadata): Each event includes a times-
tamp t* and a duration D’

E'={0", Q', ', D'}. “
This allows OSIRIS to jointly model evolving emotions
within their semantic, expressive, and temporal contexts.

Memory Retrieval. At inference time t7, OSIRIS retrieves
the NV, latest prior textual emotions X7 —and N, multi-
modal queries

J .
exp*

Xgmo — {o(J’—Np)7 e O(j—l)}’
I =1QUND L QWY 5)

each paired with temporal metadata (At?, D?), where At’
tJ —t* denotes elapsed time. Semantic emotions are included
with textual inputs, while multimodal codes are directly
inserted into LLM tokens, allowing OSIRIS to interpret
emotions as part of a continuous temporal trajectory.

5.4. Step 4: SENSE

Current models [13, 19, 40] typically infer emotions in a
single, opaque step, relying on spurious correlations like
“tears equal sadness.” This ignores the nuance that tears can
signal joy or sorrow depending on context, and it fails to
leverage the autoregressive reasoning that LLMs excel at.
Inspired by recent advances in chain-of-thought reason-
ing [9, 25, 47, 48, 66, 75], we reframe emotion recognition
as a structured reasoning problem, where OSIRIS first inter-
prets perceptual cues before inferring emotions. For instance,
in Fig. 2 sample, it must first reason over cues such as the
guitar, laughter, and closed eyes before predicting happy.
Unfortunately, manually annotating such detailed multi-
modal cues is prohibitively expensive. However, we observe
that human captions R, correctly capture emotions but lack
exhaustive perceptual details, while multimodal captioning
models provide fine-grained sensory details yet miss emo-
tional depth. Motivated by this observation, we introduce
SENSE (Structured Emotional reasoNing from SEnsory in-
puts), a data-generation framework that enriches the human
affective captions with the descriptive precision of LMMs.
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We first feed raw signals (X, X,) to SOTA video [71]
and audio [40] captioning models to extract detailed vi-
sual (R,) and acoustic (R,) descriptions, and derive eye-
related cues (R.) by mapping emotions to eye action
units [17, 44]. Next, we feed R;,, R,, R,, R¢, X, and
Xemo, to LLaMA3 [61] which acts as a cognitive proxy,
linking diagnostically relevant signals and producing a chain
of reasoning R = {ry,...,rg}, covering step-by-step anal-
ysis: (1) visual, (2) audio, (3) dialogue, (4) eye, (5) prior
emotions, and (6) final inference. By fine-tuning OSIRIS on
R, we teach the model not only what to predict but also how
to reason, shifting the task from direct classification to a cog-
nitively grounded process that mirrors human introspection.

5.5. Step 5: Predict

Training Objective. Given the multimodal context X =
{Xy, Xey Xay Xey Xemo, Q} and an instruction I, OSIRIS
maximizes the likelihood of generating R = {r;};":

L

f* = argmgaxll:[lpe(h | X, Lrey), (6)

where r; are previously generated tokens. We fine-tune the
base LLM [61] using LoRA [24], which inserts low-rank
trainable adapters into the attention and feed-forward layers.
This allows efficient optimization for multimodal emotional
reasoning while keeping most pretrained weights frozen.

6. Results
Below we discuss quantitative results:

XSub and XTime Results. Table 3 shows that OSIRIS es-
tablishes a new SOTA, outperforming the zero-shot LLaMa3
baseline [61] by +35.1 on XSub and +35.6 on XTime. As
expected, zero-shot emotion-specialized LMMs [10, 19, 35]
underperform on OSMO due to the differences in training
data and task setup. This highlights that models trained on
performed or exaggerated emotion datasets may not directly
transfer to the more natural, unscripted expressions captured
in OSMO. Under the finetuning setup, OSIRIS achieves the
best overall performance, surpassing the previous SOTA fine-
tuned AffectGPT [35] by an average of +10.7 (XSub) and
+10.1 (XTime) across all metrics. This demonstrates that the
reliance of prior works on isolated, out-of-context prediction
is ill-suited for modeling emotional continuity. In contrast,
OSIRIS dynamically tracks emotions by integrating emotion
history with current contextual cues. Notably, it achieves
the largest gains in reasoning, outperforming AffectGPT by
an average +14.1 on LLaMa-Judge metrics, validating the
effectiveness of our SENSE reasoning strategy.

XLang Results. Table 4 presents the cross-lingual perfor-
mance on OSMO-XLang. Interestingly, all models transfer



Table 3. OSIRIS outperforms SOTA LMMs on OSMO-XSub and OSMO-XTime. Tasks: OVER = open-vocab emotion recognition; SA
= sentiment analysis; IP = intensity prediction; EL = emotion localization; ER = emotion reasoning. Bl = BLEU4, RL = ROUGE-L. Mean A
is the average gain over zero-shot Meta-Llama-3-8B-Instruct [01] baseline!. Highlighted rows are finetuned; others are zero-shot.

Modality OVER SA P EL ER Mean
Model A
V A T E HR SOS WAF WAF mloU IC DO CU TUC Bl RL
OSMO XSub Evaluation Protocol (non-overlapping subjects in train/val):
Baseline LLaMa3" [61] v 454 364 47.7 32.5 25.4 36.2 368 36.1 35.3 8.5 9.6 -
Qwen2-Audio [13] v / 48.3  38.7 51.3 349 27.0 40.2 38.7 39.6 37.1 9.5 10.6 2.4
DeSTA2.5-Audio [40] v / 504 412 52.4 37.6 28.4 424 403 422 39.6 9.8 11.0 4.1
Emotion-LLaMa [10] v v 7/ 534 452 51.5 37.6 19.4 438 44.1 428 38.9 7.8 11.0 4.2
Emotion-LLaMa [10] v v / 66.0 532 64.4 46.4 43.0 69.6 722 69.0 62.7 19.5 282 22.2
E3-LLaMa [19] v v /7 548 42.6 52.8 40.9 35.3 40.2 438 433 37.1 10.8 144 6.0
E3-LLaMa [19] v v / 652 532 64.4 49.3 42.5 73.1 768 73.5 65.1 20.8 28.2 23.8
AffectGPT [35] v v 7 514 420 54.0 37.6 28.7 42.8 407 426 408 102 115 4.8
AffectGPT [35] v v 7/ 66.7 532 67.5 47.6 43.5 713 740 76.1 69.2 20.8 28.2 24.4
OSIRIS (Ours) v v / 753  60.5 74.7 56.7 473 86.5 89.2 864 80.9 25.1 35.0 33.5
OSIRIS (Ours) v v v vV T1.6 626 76.7 58.0 51.2 87.0 90.3 885 814 26.0 36.1 35.1
OSMO XTime Evaluation Protocol (non-overlapping days in train/val):
Baseline LLaMa3" [61] v 43.0 343 48.7 31.2 24.4 350 39.6 393 31.1 8.7 10.2 -
Qwen2-Audio [13] v / 47.8 377 52.4 33.5 26.0 372 431 422 33.8 9.3 11.0 2.6
DeSTA2.5-Audio [40] v / 509 419 57.0 339 27.4 38.5 458 436 36.9 9.3 11.3 4.6
Emotion-LLaMa [10] v v 7 553 447 52.5 35.8 16.0 444 462 46.1 40.5 6.3 10.3 4.8
Emotion-LLaMa [10] v v / 65.1 52.6 65.7 44.7 40.1 740 722 743 66.3 203 27.1 23.3
E3-LLaMa [19] v v 7 527 45.8 53.8 37.1 34.9 437 416 41.1 39.0 109 151 6.4
E3-LLaMa [19] v v / 65.9 54.6 67.2 44.2 41.1 740 73.1 70.8 67.2 214 274 23.7
AffectGPT [35] v v / 51.9 419 57.0 35.3 28.5 40.5 463 454 37.6 9.8 11.9 5.5
AffectGPT [35] v v 7 67.4 559 71.2 453 42.6 723 785 77.0 67.2 214 278 25.5
OSIRIS (Ours) v v / 749 624 77.6 53.8 47.5 85.0 87.7 875 80.9 262 348 33.9
OSIRIS (Ours) v v v vV 784 642 79.1 55.2 50.1 871 90.2 885 819 267 35.6 35.6
Table 4. OSIRIS shows strong XLang transfer. LAS reflects 100 +24.2 4409 Model B3 0OSMO
LLaMa Average Score over IC, DO, CU, and TUC. o
£80 XSub  XSet
‘i 60 Trained on E3 dataset [19]
Model OVER  SA P EL  ER £ E3-LLaMa[l9] 549 426 390
HR WAF WAF mloU LAS g4 OSIRIS (Ours) 604 46.8 444
English— English performance 20 Trained on OSMO-Xsub
Emotion-LLaMa [10] 57.1 63.4 48.9 359 713 LLaMa3  DeepSeekV2 E3-LLaMa [19] 442 532 52.8
E3-LLaMa [19] 59.5 60.9 44.9 35.5 71.7 D E3 DOSMO mOSMO w/ SENSE ~ OSIRIS (Ours)  52.0 62.6 60.7
AffectGPT [35] 62.2 64.8 50.5 35.0 74.2
OSIRIS (Ours) 69.9 728 608 432 889 Figure 6. Ann. quality. Table 5. SOS performance.
English— Mandarin transfer
Emotion-LLaMa [10] 68.6 65.8 46.6 33.6 74.9
E3-LLaMa [19] 67.2 65.2 44.8 33.2 72.7 . . . .. .
AffectGPT [35] 708 666 457 363 748 higher §ubject dl\./ersu.y in the Engllsh set (282 vs. 6), un-
OSIRIS (Ours) 78.7 74.8 54.4 43.2 88.5 derscoring that diversity outweighs scale in cross-cultural
Mandarin— Mandarin performance emotion modeling. While OSMO’s 288-subject emotion
Emotion-LLaMa [10] 73.4 669 459 37.9 749 timelines establish solid foundations for cultural transferabil-
E3-LLaMa [19] 674 704 459 348 706 ity, these results highlight the need to further expand OSMO
AffectGPT [35] 74.0 69.6 47.6 39.2 77.0 . . .
OSIRIS (Ours) 85.1 809 547 472 90.6 across subjects and cultures for a more universal emotion
tracking. Notably, OSIRIS achieves superior cross-lingual
Mandarin— English transfer . . . ..
Emotion-LLaMa [10] 56.4 534 451 31.6 740 generalization across all metrics compared to existing emo-
E3-LLaMa [19] 53.5 517 465 297 728 tion LMMs [10, 19, 35], demonstrating the effectiveness
AffectGPT [35] 555 563 458 316 773 of combining the SENSE strategy with personal emotion
OSIRIS (Ours) 65.3 64.7 55.2 38.5 90.6

better from English—Mandarin than the reverse, despite
comparable data durations. This asymmetry stems from the

history for more robust and interpretable transfer.

Dataset—-Model Evaluation. We compare captions from
E3 [19] and OSMO using LLaMa3 [61] and DeepSeek-
V2 [37] as judges, each scoring emotional clarity and ground-
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Figure 7. Ablation insights: (a) All components help, with SENSE contributing most. (b) Longer personal history improves performance
but saturates with larger memory size. (c) Removing any modality degrades performance, with dialogue text being the most critical.

ing (1-100). As shown in Fig. 6, both LLMs rate E3 captions
as lower and less consistent, while OSMO achieves higher
and more stable scores, reflecting its rigorous annotation and
review process under natural affect. OSMO CoT captions
with SENSE further surpass E3 by +24.2 and +40.9 points
with LLaMa3 and DeepSeek-V2, respectively, underscoring
the effectiveness of structured LLM—human collaboration.
Table 5 shows that models trained on OSMO generalize bet-
ter across datasets, including unseen AEA (OSMO-XSet).

6.1. Ablation Study
We ablate the contributions of OSIRIS on OSMO-XSub:

Component-wise Contributions. Figure 7a shows the per-
formance change brought by each OSIRIS component rela-
tive to finetuned AffectGPT [35]. Adding prior emotions
(Xemo) improves the mean by +3.6, showing that modeling
emotional continuity (e.g., confusion — frustration) aids
temporal reasoning. Memory queries (Qc.p) add +6.8 mean
by modeling emotion carry-over effects. Incorporating di-
alogue brings +7.7 mean, as conversational cues clarify
ambiguous tones (e.g., “really?” as surprise vs. anger). The
reason-first SENSE strategy yields the largest single gain
(+8.2 mean), enforcing structured reasoning before emotion
inference. Together, these modules produce a +10.5 mean
boost, confirming that integrating temporal, contextual, and
reasoning cues is crucial for robust affect understanding.

Dialogue vs. Subtext. Our analysis (Fig. 7b) demonstrates
that dialogue context substantially outperforms reliance on
ego subtext alone. While using only the current ego ut-
terance (IV,=1) yields a +6.4 gain in OVER HR over the
baseline [35], expanding to a fuller dialogue history (/V,,=4)
increases this to +8.1, with performance peaking at +11.4 for
N,,=16. This shows that emotions are often disambiguated
by conversational interplay. For example, an ego’s statement
“This is incredible” could signify either joy or despair, con-
tingent on a partner’s preceding remark (“We won!” vs. “We
failed.”). Consequently, broader dialogue context is critical
for accurately interpreting and tracking emotion evolution.

Effect of Personal History. Figure 7b illustrates the effect
of the numbers of prior emotions (/V,,), memory queries
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(Ng), and memory slots (V,,,;) on HR improvement over the
baseline [35]. Increasing IV, from O to 4 boosts performance
from 7.6 to 10.9, indicating that modeling up to four preced-
ing emotions effectively captures temporal affect continuity
without overfitting to distant states. Expanding N, similarly
improves results, peaking at 11.4 when N, = 32, as richer
contextual retrieval enhances temporal reasoning. In con-
trast, enlarging V,,, s beyond one slot yields only minor gains
(10.6—11.0), showing that OSIRIS effectively compresses
historical affect into concise latent summaries.

Effect of Modality Removal. Figure 7c reveals that exclud-
ing dialogue text causes the largest mean drop (-8.5), as text
provides the most direct emotional evidence. Excluding au-
dio also substantially hurts mean performance (-6.8), since
vocal cues (e.g., high pitch in anger, slow tempo in sadness)
convey critical paralinguistic information. Removing video
leads to a moderate decline (-4.6), as visual context (e.g.,
social gatherings for joy, rotten food for disgust) helps sit-
uate emotions. While omitting eyes shows a smaller mean
decrease (-1.6), it specifically impairs fine-grained localiza-
tion by 3.9 mloU, highlighting how ocular behaviors, e.g.,
widened eyes, offer precise spatiotemporal grounding.

7. Conclusion

We introduce OSMO, the first large-scale dataset for egocen-
tric emotion tracking, and OSIRIS, an LMM that reasons
over video, audio, eyes, dialogue text, and emotional context
to track evolving affective states. OSMO reframes emotion
perception as a temporally coherent, open-vocabulary task,
and OSIRIS sets a new SOTA across recognition, localiza-
tion, and reasoning benchmarks. Together, they establish
a new paradigm for continuous, context-aware, and inter-
pretable emotion tracking from wearable sensors.

Limitations. Despite its scale, OSMO focuses on daily
social interactions and may underrepresent extreme emotions
or cultural diversity. Moreover, benchmark results indicate
that emotion understanding from egocentric signals remains
far from solved. Future extensions could expand to broader
contexts, languages, and physiological modalities to further
enrich the spectrum of human emotion understanding.
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