Nano-EmoX:
Unifying Multimodal Emotional Intelligence from Perception to Empathy

Supplementary Material

A. Overview

As part of the Appendix, we present the following as an
extension to the ones shown in the paper:

Task Definition (Sec. B)

Nano-EmoX Details (Sec. C)

Details of P2E Framework (Sec. D)

Experimental Setup and Additional Experiments (Sec. E)
More visualization results (Sec. F)

B. Task Definition

The P2E is conceptually inspired by Preston & de Waal’s
PAM. We map this to P2E as (1) perception: non-
deliberative extraction of affective cues from multimodal
inputs (automatic activation), (2) understanding: context
and intent-aware integration (regulatory modulation), and
(3) interaction: generation of context-appropriate, socially
aligned outputs (prosocial response).

Level 1: Foundational Perception. Multimodal Senti-
mental Analysis (MSA): This task takes as input multimodal
data including text, images, and speech. It fuses emotion-
related features across these modalities—such as textual
semantics, facial expressions in images, and prosody in
speech—and determines the emotional state of the target.
The emotional state can be categorized by sentiment polar-
ity (positive/negative/neutral) or emotional intensity levels.

Multimodal Emotion Recognition (MER): This task in-
volves identifying discrete emotion categories (e.g., joy,
sadness) or continuous affective dimensions from human
expressions.

Open-Vocabulary MER (OV-MER): Moving beyond
coarse-grained labels, OV-MER requires the model to iden-
tify and describe nuanced, intertwined emotions (e.g., a mix
of anxiety and anger).

Level 2: Deep Understanding. Emotion Reasoning In-
tegration (ERI): This task pushes the model beyond mere
recognition into the realm of causal inference, requiring it
to explain the underlying reasons for a specific emotion.

Multimodal Intent Recognition (MIR): To understand the
social goals behind utterances, MIR requires the model to
infer a speaker’s intent (e.g., gratitude, suggestion, apology)
from both verbal and non-verbal cues.

Level 3: Emotional Interaction. Empathic Response
Generation (ERG): This task takes as input the user’s emo-
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Figure 1. The facial Encoder extracts multiscale facial features and
fuses them via an MLP to generate a rich facial embedding E'y.
Subsequently, a temporal modeling block construct the sequence
to output a final facial representation, which provides the language
model with critical affective visual signals E%. Fusion experts
use audio features to guide vision and extract key complementary
information E? f

tional expressions (e.g., text, speech) and contextual in-
formation. It first understands the user’s emotional needs
and underlying emotions, then generates natural language
responses that align with the user’s emotions and convey
understanding and support, ultimately achieving emotional
resonance.

C. Details of Nano-EmoX

C.1. Fine-grained Facial Clues Extracting

The Fig. 1 (a) illustrates the network details: a lightweight
facial encoder extracts features from block-1, block-2,
block-3, and block-4 of the visual backbone network, which
encompasses multiscale facial features ranging from fine-
grained to global semantics. Features at each scale are
aligned and then aggregated into MLP Fusion, which fuses
them into a unified representation balancing facial detail
and global structure:

Ef = fFaceXFormer (Iv) (1)

E; € RTr*P; where Ty and Dy denote the length
and dimension of embeddings, respectively. To extend the
facial encoder’s capability from single-frame to video-level
analysis, we introduce learnable temporal query tokens ().
These tokens interact with frame-ordered facial features via
temporal modeling to reconstruct the time-sequential rela-



tionships among key facial emotional cues. The specific
calculation methods and subsequent processing steps are
presented in Sec. 3.1.

C.2. Fusion Expert
The details of fusion expert as depicted in Fig. 1 (b), The
fusion process within each expert 7 is formalized as:

E! = CrossAttention(E¢, EX EV)+ E? (2

m v

where E¥ denotes the query features projected from the
speech embedding E,, and EX and E represent the key
and value projections from the visual embedding F,. This
allows the fusion expert to leverage the more emotionally
stable speech cues to attend to the most salient affective in-
formation within the visual stream. Subsequently, a feed-
forward network (FFN) enriches the representation:

'.; =FFN(E}) + E}, (3)
D. Details of P2E Framework

In this section, we provide specific additional details about
the P2E framework, including the prompt templates used
for training. Tab. | describes the task identifiers and training
data used for each training task.

Task identifiers are essential for the model to accurately
follow instructions. Embedded within the P2E curriculum,
these identifiers enable the model to execute rapid reasoning
in perception and understanding layers, and employ Chain-
of-Thought for deep contemplation in the interactive empa-
thy layer, thereby ensuring the output of accurate and ap-
propriate empathetic responses

Phasel: Foundational Modality Alignment: in this ini-
tial stage (see Fig.4, Phase 1 in the Sec 3.2.), we focus on
pre-training for basic emotion recognition to establish a ro-
bust foundation by aligning the feature space of each modal-
ity encoder with the language model’s embedding space.
An example of the standardized instruction template for this
phase is shown below:

The MER Task Prompt Template

[Recognition] Please select the label that can best de-
scribe the person’s emotional state from the provided
candidate labels: <Emotion Labels>.

Phase2: Cross-modal Fusion Pre-training: We posit
that intent recognition serves as a natural bridge between
basic perception and higher-order empathy, as it requires the
model to synthesize cross-modal cues to infer a speaker’s
underlying social goals, a clear progression from simple
emotion identification. The instruction template for the
MIR task is as follows:

The MIR Task Prompt Template

[Intent] Recognize speaker’s intention from the pro-
vided candidate labels: <Intention Labels>.

Phase3: Multitask Instruction Tuning: in the final stage
(see Fig.4, Phase 3 in the Sec 3.2.), we fine-tune the entire
architecture on a complex mixture of tasks to integrate all
acquired knowledge and unlock the model’s full potential
for high-level reasoning and empathetic interaction.

Deepening perception: to facilitate the model in learn-
ing to address the OV-MER task, which requires describ-
ing fine-grained and multi-label emotions, we have speci-
fied the following prompt template:

The OV-MER Task Prompt Template

[Recogn_OV] Recognize all the possible emotional
states the character miaght be feeling in this context.

Cultivating Reasoning: for the ERI task, we require the
model to describe the most relevant emotional cues, with
the prompt template as follows:

The ERI Task Prompt Template

[Inference] From the combined evidence of speech,
tone, and visual expression, construct a detailed sum-
mary of the subject’s emotional journey and final in-
ferred state.

J

The ERG Task Prompt Template

[Interaction] You are an empathetic listener, your goal
is to understand the user’s emotions and intentions,
and respond or comfort them with appropriate lan-
guage that helps them feel understood and cared for.
Please analyze using Chain of Empathy:

First, Reflect on the event scenarios that arise from
the ongoing dialogue.

Secondly, Analyze both the implicit and explicit emo-
tions conveyed by the user.

Thirdly, Infer the underlying reasons for the user’s
emotions.

Fourthly, Determine the goal of your response in this
particular instance, such as alleviating anxiety, offer-
ing reassurance, or expressing understanding.

Empathy activation: to enable the model to generate
the most appropriate empathetic responses based on prior
knowledge, we require it to engage in step-by-step reason-
ing following a four-step approach. After this deliberative
empathetic process, the model then generates the final re-



Table 1. Details of task identifiers and training datasets for diverse emotional tasks.

Task MER OV-MER ERI MIR ERG
Identifier [Recognition] [Recog_OV] [Inference] [Intent] [Interaction]
Datasets CAER [6], CREMA-D [3] MER-Caption+ [11]  MER-Caption+ [11] MintRec [18] AvaMERG [20]

M3ED [21], FERV39K [15]
Samples 141k 36k

MER-Fine [4] MintRec2.0 [19]
40.5k 7.4k 57k

sponse to the interlocutor. The ERG task prompt template
is illustrated above.

E. Experimental Setup and Additional Experi-
ments

E.1. Benchmarks

Our comprehensive evaluation assesses performance across
six core affective tasks using a suite of established bench-
marks. A significant portion of this evaluation is conducted
using MER-UniBench [11], a multifaceted benchmark de-
signed for three distinct tasks:

The MSA task is evaluated on the standard benchmarks
of MOSI (CMU-MOSI) [17], MOSEI (CMU-MOSEI) [1],
SIMS (CH-SIMS) [16], and its successor, SIMSv2 (CH-
SIMS V2) [14].

The MER task is assessed on subsets of four widely-used
datasets: MER2023 [8], MER2024 [10], MELD [5], and
IEMOCAP [2]. The OV-MER task is benchmarked against
the specialized OV-MERD [12] dataset.

For the remaining three affective tasks, we employ the
following four benchmarks:

The explainable ERI task is evaluated using the primary
EMER [9] benchmark. The MIR task is assessed on the
standard MIntRec [18] and MIntRec2.0 [19] testset.

The ERG task utilizes the large-scale AvaMERG [20]
testset for evaluation.

E.2. Metrics

To ensure fair and comprehensive comparisons, we adopt

the official evaluation metrics for each benchmark.

1. For the MER task, following MER-UniBench [11], we
report the Emotion Wheel Hit Rate. This metric provides
a robust measure of categorical accuracy by mapping
model predictions to standardized emotion groups based
on psychological emotion wheels, with the detailed map-
ping function described in the original paper [11].

2. For the MSA and OV-MER task [11], we employ
the Weighted Average Fl-score (WAF) from MER-
UniBench, which is well suited for multi-label classifi-
cation scenarios.

3. For the ERI task, evaluating free-form explanations
requires semantic-level assessment. We adopt the
Clue/Label Overlap metric from Emotion-LLaMA [4],
which employs GPT-3.5-Turbo as an automatic judge to

evaluate generated text in terms of multimodal cue com-
pleteness and emotion inference accuracy. Specifically,
Clue Overlap measures the similarity between reason-
ing clues and ground truth, while Label Overlap assesses
emotion recognition accuracy.

4. For the MIR task, adhering to the official protocols of
MintRec [18] and MIntRec2.0 [19], we report accuracy
(Acc), WAF, and weighted precision (WP).

5. For the ERG task, we conduct a multifaceted evaluation.
To measure whether the model’s response is grounded
in an accurate understanding of the user’s emotion, we
report both the fine-grained Acc from AvaMERG [20]
and the coarse-grained Hit Rate from E3RG [13]. To
quantify the lexical diversity of the generated responses,
we use Dist-n [7].

E.3. Human Blind Evaluation on the ERG task

To ensure the reliability of automated evaluation metrics,
we conducted a blind review by human experts for the em-
pathetic generation task. Specifically, we randomly sample
200 dialogues (including the complete context of the con-
versation), and 10 human experts conduct blind evaluations
using a 1 to 5 Likert scale on three metrics. As shown in
Tab. 2, Nano-EmoX outperforms the baseline with an av-
erage Fleiss’ Kappa of ~ 0.697, achieving the best perfor-
mance across all three dimensions and thus validating the
reliability of automated metrics.

Table 2. Human experts blind evaluation on the ERG task.

Models Empathy 1 Insight 1 Safety 1 Avg.

Qwen2.5-Omni-7B 3.98 4.03 4.59 4.20

Ola-Omni-7B 4.18 4.29 4.67 4.38
Small-scale Multimodal Models

MobileVLM V2-1.7B 2.25 2.84 3.73 2.94

AffectGPT (s) 4.34 4.16 4.79 443

Our Nano-EmoX 4.75 4.42 4.87 4.68

E.4. Additional ablation study

Ablation study on the fusion encoder. We investigated
the impact of feature source depth by varying the number
and position of the extracted encoder layers for fusion. As
presented in Tab. 3, the results reveal that a three-layer con-
figuration, sourcing from two intermediate layers (12, 16)
and one deep layer (22), achieves the optimal performance.



Table 3. Exploring the appropriate number of experts and the
depth of the extraction layer, extracting from too shallow a layer
will lead to a decline in performance.

Speech Visual MSA&MER&OV-MER ERI  ERG

Extract LayersExtract LayersEXp ert .
Avg. Avg.Hit Rate

8/18 8/16 2 71.98 6.02 88.26

16/18 12/16 2 72.42 6.08 88.89

8/18/22 8/16/22 3 73.17 6.40 89.55

16/18/22 12/16/22 3 74.01 6.80 91.13

8/16/18/228/12/16/22 4 71.09 5.70 91.12

We observe that incorporating shallower features (e.g., from
layer 8) provides limited benefits, likely due to their lack of
semantic richness. Conversely, adding a fourth layer yields
diminishing returns and fails to justify the increased compu-
tational cost. Thus, our three-expert setup strikes an effec-
tive balance between representational power and efficiency.

Ablation study on the vision token numbers. Tab. 4
confirms that 32 tokens are sufficient for perception tasks.
While increasing tokens benefits reasoning tasks, we se-
lected 32 to achieve trade-off between efficiency and per-
formance.

Table 4. The result of different visual token settings.

. MSA& MER& OV-MER  MIR ERI ERG
Visual Tokens
Avg. 1 Avg. T Avg. 1T HitRate 1
32 74.01 52.72 6.80 91.13
64 73.96 55.48 6.83 91.08
128 74.28 60.53 6.95 92.87

Ablation study on task proportioning. We analyzed
the task composition in Phase 3 of the P2E frame-
work to identify the optimal training ratio for down-
stream tasks. As detailed in Tab. 5, we identified a
balanced configuration (MER:OV-MER:MIR:ERI:ERG =
18%:28%:5%:31%:18%) that prioritizes foundational emo-
tion perception and empathetic recognition. This comes at
the acceptable cost of a minor performance dip in the MIR
task. We posit that this is a favorable trade-off, as robust
perceptual capabilities are a prerequisite for generating gen-
uinely empathetic responses. This choice directly supports
our overarching goal of bridging the cognitive gap from per-
ception to empathy.

F. More visualization results

We provide additional qualitative results to illustrate the in-
terpretability and empathetic quality of Nano-EmoX’s re-
sponses. In the Fig. 2, our visualizations first demon-

strate that the model can synthesize cues from visual,
acoustic, and textual modalities to provide comprehen-
sive causal explanations for an emotion. Furthermore,
the model employs a multi-step reasoning process to pro-
gressively build an emotional context, which enables it
to craft genuinely empathetic replies. Taken together,
these findings highlight Nano-EmoX’s robust capabilities in
both emotional understanding and empathetic interaction.
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Subtitle: No need to swear, if you lie, swearing a hundred times is
useless. il

Based on the synthesis of multimodal data including
video, audio, and facial expressions, what is the subject's
comprehensive emotional state?

&

he

In the text, the caption reads: "Saying 'l swear' is useless
even if you're lying one hundred times." This phrase might
be a woman's evaluation or response to someone. Given the
speaker's's tone described in the audio cues as tense and
agitated, along with the fast pace of speech, we can infer
that this statement may carry a sense of dissatisfaction or
criticism. Therefore, this sentence could be a woman's way
of expressing her discontent or dissatisfaction towards
someone, which alignss with her overall display of tension
and anger.

Subtitle: Ah. Wei Wei is pregnant. il

Evaluate all available clues—visual, auditory, and
physiological. What is the final conclusion about the
subject's emotion, and which pieces of evidence were most
critical to this determination?

he

In the text, the caption reads: "Abh, it's Wei Wei is
pregnant." This sentence could be the woman's
announcement or confirmation of news. Given the audio
clues, where the individual's voice is shaking, their speech is
slightly slower, and the video clues showing the woman's
facial expressions to be surprise we can infer that this
statement might carry an element of surprise or excitement.
Therefore, this sentence might be the woman's response to
some unexpected news or situation, which alignss well with
her overall neutral emotional state.

&

Subtitle: 1 don't care who you are, as long as you dare to bully my.
younger brother, I will chop you up it

Evaluate all available clues—visual, auditory, and
physiological. What is the final conclusion about the
subject's emotion, and which pieces of evidence were most
critical to this determination?

In the text, the caption reads: "I don't give a rat's ass who
you are, as long as you dare to bully my little brother, I'll
chop you up." This statement expresses the speaker's's anger
and threat towards a specific individual. Based on the audio
cues, the speaker's's aggressive tone, trembling voice, and
the aggressive language and threats in the caption, we can
infer that this statement is an expression of the speaker's's
anger and threat towards the target of the bullying.
Therefore, this statement indicates that the speaker's's
emotional state is anger and threat, which is consistent with
the angry and frustrated tone indicated by the audio cues.

&

A.3.8.°
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yes i go to my local charity every weekend i

<think>Firstly, the event scenario of this conversation
is: Discussion about the speaker's feelings towards
homelessness and their efforts to help at a local
charity.

Secondly, the emotion of the speaker is angry

Thirdly, the emotion cause is Seeing homeless
individuals triggers feelings of anger and sadness in
the speaker.

Fourthly, the goal to response is Encouraging proactive

support and engagement with the issue.</think>

Are you there to help the homeless directly or to
bring awareness to the issue?

Yes we decided together with our minds, and know i
come home and feel so distant from the world il

&

<think>Firstly, the event scenario of this conversation
is: A breakup with the speaker's girlfriend after 8 years
of marriage. \nSecondly, the emotion of the speaker is
lonely\nThirdly, the emotion cause is The speaker feels
immense loneliness and emptiness after ending a long-
term relationship. \nFourthly, the goal to response is
Providing comfort and reassurance to help the speaker

cope with their emotions. </think>

That is sad. I hope you will get through this phase

® - ® & @
AoAA A

I haven't really thought about it, but maybe I should
try to reconnect with them. i

&

<think>Firstly, the event scenario of this conversation

is: Considering reconnection with friends

Secondly, the emotion of the speaker is lonely
Thirdly, the emotion cause is Feeling disconnected
from friends who have moved away

Fourthly, the goal to response is To explore the idea

of reuniting and providing support</think>

It could bring back a lot of positive energy and help
you feel less isolated. What do you think?

©

Eigigis

Nah - T knew that they were just having fun with me!
I was blindfolded and put in the trunk of a big car (I am
tiny)

&

<think>Firstly, the event scenario of this conversation
is: A humorous anecdote about being 'kidnapped' by
friends for a surprise birthday party.

Secondly, the emotion of the speaker is surprised
Thirdly, the emotion cause is Feeling playful and
funny about a surprising birthday tradition.

Fourthly, the goal to response is Encouraging a
lighthearted and shared understanding of the humorous

experience.</think>

1 would have done the same thing if it was for my
birthday!

2009

Not recently but getting last at a race really makes me
angry and motivates me i

&

<think>Firstly, the event scenario of this conversation

is: Feeling motivated by losing at a ra

Secondly, the emotion of the speaker is angry
Thirdly, the emotion cause is Experiencing defeat in a
race that triggers anger and a desire for victory.

Fourthly, the goal to response is Validating the

speaker's feelings of frustration and encouraging

reflection on race performance.</think>

1 can imagine how frustrating that must be. How
did you perform at the race?

aaaa°

I think I might just spend the weekend relaxing and
not think about school at all. sl

<think>Firstly, the event scenario of this conversation
is: considering relaxation from schoolwork

Secondly, the emotion of the speaker is anxious
Thirdly, the emotion cause is desire for a break from
stress

Fourthly, the goal to response is to encourage the

speaker's self-care intentions</think>

That sounds like a great plan! Taking a moment to
relax can definitely help ease that pressure.

Figure 2. More visualization results in ERI and ERG task.
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