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Abstract
Fine-grained emotion classification (FEC) re-
quires distinguishing subtly different emotions,
where the dominant errors come from closely
confusable categories. Recent progress relies
on contrastive learning with hard-pair mining,
implicitly assuming that a fixed similarity met-
ric is sufficient to optimize informative pairs.
We argue that this assumption is fragile be-
cause defining whether two utterances are sim-
ilar becomes a problem when the label space
is crowded, and hard-pair mining under a fixed
metric can systematically miss the worst con-
fusions. Thus, we treat the similarity function
as a learnable component and design an adver-
sarial metric learning (AML) framework. It fol-
lows theoretical interpretations of metric-robust
representations that better separate confusable
emotions. AML trains a pairwise discriminator
to maximally confuse two targeted hard pair
types, while training the encoder to remain dis-
criminative under this worst-case learned met-
ric. Our code and data are released on GitHub1.

1 Introduction

Emotion classification is an essential task for
emotion-aware NLP, supporting applications such
as conversational agents (Chen and Shi, 2025; Shen
et al., 2025), empathetic systems (Li et al., 2021;
Yuan et al., 2025), and affective analytics (Liu
et al., 2024a; Mittal et al., 2021). While coarse-
grained emotion recognition focuses on a small set
of basic categories (Paul, 1992; Plutchik, 1980),
fine-grained emotion classification (FEC) aims to
capture the richer and more nuanced emotional
space humans express in language (Demszky et al.,
2020; Rashkin et al., 2019). This shift in granu-
larity changes the nature of the learning problem:
many labels overlap semantically, and the hardest
cases are precisely those where different emotions
are genuinely similar in content and expression.

* Corresponding author: zhangrc@act.buaa.edu.cn
1https://github.com/Andromeda784/AML
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Figure 1: Training with a fixed metric (existing ap-
proaches) and learnable metrics (our AML framework).

A common strategy to tackle this challenge is
to strengthen representation geometry through con-
trastive learning (Khosla et al., 2020; Gunel et al.,
2021; Suresh and Ong, 2021). In FEC, recent meth-
ods further explore mining strong positives and
negatives, for example using clustering to identify
intra-class pairs that should be pulled together and
inter-class pairs that should be pushed apart (Gong
et al., 2025). These approaches embody an impor-
tant principle for FEC: aggregate intra-class in-
stances even when they look different, and separate
inter-class instances even when they look similar.

We revisit this principle from a viewpoint that
is often implicit but rarely questioned: the choice
of similarity metric. As shown in Figure 1, most
hard-pair contrastive pipelines rely on a fixed, hand-
chosen metric (e.g., cosine similarity) to decide
which pairs are “hard” and define the learning sig-
nal that reshapes the space. This design is conve-
nient, but it creates a fundamental mismatch. That
is, when confusions are subtle, a fixed metric can
be under-expressive (unable to reflect task-relevant
confusability) and self-reinforcing (training on im-
perfect geometry amplifies early biases), i.e., in
FEC the bottleneck is not only insufficient separa-
tion, but also metric mis-specification (the objective
may optimize the wrong notion of similarity).
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This observation motivates a simple but conse-
quential question: If fine-grained confusions are
difficult because similarity is subtle and context-
dependent, should we assume a fixed metric when
learning representations meant to resolve those
confusions? Our answer is no and instead the met-
ric itself should be learnable and adversarial.

In this paper, we propose an adversarial metric
learning (AML) framework for FEC. As shown in
Figure 1, instead of using a fixed similarity func-
tion, AML introduces a pairwise discriminator to
model a similarity metric family. It is built upon
a min-max training objective, which optimizes the
encoder to maintain intra-class aggregation and
inter-class separation under the worst-case learned
similarity. The design principle of AML follows
concrete theoretical rules that guarantee worst-case
metric robustness for hard pairs on logit space.

Crucially, the discriminator is trained as an oppo-
nent. It actively seeks a similarity notion that maxi-
mizes confusion on the most diagnostic pair types
in FEC. We construct two targeted hard-pair sets:
1) intra-class but semantically dissimilar pairs that
should still be aggregated, and 2) inter-class but
semantically similar pairs that must be separated.
The discriminator tries to collapse these distinc-
tions, while the encoder learns representations that
preserve them despite the discriminator’s strongest
confusion behavior. This turns hard-pair learning
problem into a robustness problem, i.e., we do not
merely optimize separation under one metric, but
learn representations that remain discriminative un-
der a family of learned metric distortions.

This perspective yields a principled upgrade over
metric-fixed hard-pair mining. Rather than relying
on a single, potentially misaligned similarity func-
tion, AML trains the encoder against an adaptive
adversary that continuously exposes the model’s
weakest confusions. As a result, the learned space
is encouraged to support the desired fine-grained
structure (intra-class coherence and inter-class sep-
aration) in a metric-robust way, precisely where
confusable emotions overlap the most.

To summarize, we make the following contribu-
tions: 1) We revisit FEC task from a metric robust-
ness perspective and reveal the similarity mismatch
problem in existing fixed metric approaches. 2)
We propose an AML framework with learnable
similarity that theoretically guarantees nontrivial
pair margin under worst-case similarity notions. 3)
We provide extensive experiments and analyses to
demonstrate the effectiveness of AML.

2 Related Work

Fine-grained emotion classification (FEC) aims
to identify nuanced categories with subtle bound-
aries, and has been widely studied on datasets such
as GoEmotions and EmpatheticDialogues (Dem-
szky et al., 2020; Rashkin et al., 2019). An earlier
work studies automatic emotion classification from
speech under substantial inter-labeler disagreement
and proposes an entropy-based evaluation mea-
sure (Steidl et al., 2005). Beyond standard fine-
tuning, recent methods improve FEC by introduc-
ing additional supervision to better handle confus-
able labels and long-tailed distributions (Gao et al.,
2023; Singh et al., 2024), label-aware objectives to
emphasize confusable negatives (Suresh and Ong,
2021), hierarchy- or geometry-aware label mod-
eling (Chen et al., 2023), and multi-view embed-
ding frameworks that leverage instance-instance
and label-label interactions (Gong et al., 2025).

Contrastive learning has become a vital tool
for shaping representation geometry in both self-
supervised and supervised regimes (Chen et al.,
2020; Khosla et al., 2020; Gunel et al., 2021; Gao
et al., 2021; Xu et al., 2023). In FEC, it often re-
lies on hard-pair mining or reweighting strategies
that focus optimization on ambiguous boundaries
(e.g., hard negatives or cluster-guided strong pairs)
(Suresh and Ong, 2021; Gong et al., 2025; Yang
et al., 2023; Yu et al., 2024). A shared assumption
in these pipelines is that hardness and confusability
can be faithfully expressed under a fixed similarity
metric (e.g., cosine similarity). Instead, we focus
on targeted hard pairs and replace the fixed metric
with a learnable, adversarial discriminator guided
by worst-case confusions within a metric family.

Adversarial learning provides a principled way
to generate challenging training signals via min-
max optimization (Goodfellow et al., 2014; Miyato
et al., 2017; Hu et al., 2023; Chen et al., 2024).
Different from adversarial input perturbations or
adversarial contrastive variants, we adversarialize
the metric itself : the opponent learns a similarity
notion that maximizes confusion on semantically
diverse (similar) intra-class (inter-class) pairs. In
parallel, recent LLM-based studies explore prompt-
ing or instruction tuning for emotion-related tasks,
but fine-grained affect recognition remains chal-
lenging under subtle distinctions (Liu et al., 2024b;
Ren et al., 2025). Our work focuses on improving
discriminative representations and is compatible
with different backbone encoders.
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3 Methodology

3.1 FEC as Metric Learning Problem
Let U = {(xi, yi)}Ni=1 be a labeled emotion classi-
fication dataset, where xi ∈ X is an utterance and
yi ∈ Y is a fine-grained emotion label. We encode
utterances with an encoder fθ : X → Rd:

zi = fθ(xi).

A classifier head hω : Rd → R|Y| predicts

pθ,ω(y | x) = softmax(hω(fθ(x))).

The standard supervised loss is

Lcls(θ, ω) = E(x,y)∼U
[
− log pθ,ω(y | x)

]
.

Metric learning hypothesis for FEC. The key
property of FEC is that dominant errors come from
confusable labels (e.g., joy vs. excitement), for
which semantic overlap makes the label bound-
ary extremely thin. A common hypothesis is that
improving the geometry of z improves classifica-
tion. Namely, coherent intra-class and separated
inter-class representations make the classifier more
reliable. Formally, for a distance d(·, ·) on Rd, de-
fine the intra-class radius and inter-class margin

Ry(d) = sup
i,j: yi=yj=y

d(zi, zj), γy,y′(d) = inf
i,j: yi=y, yj=y′

d(zi, zj).

Metric-learning-style approaches for FEC aim at
minimizing Ry(d) while maximizing γy,y′(d), es-
pecially for semantically close y, y′.

Why “metric mis-specification” is structural.
In coarse-grained emotion classification, utterance
pairs are trivially separable, and different similar-
ity metrics largely agree. In FEC, the label space
is crowded and similarity is subtle and context-
dependent, thus the metric becomes part of the
problem. However, existing hard-pair contrastive
methods typically assume a fixed metric (dot prod-
uct or cosine), which can be mis-specified precisely
where FEC needs the metric most. Hard-pair min-
ing under a fixed metric may (i) fail to expose the
worst-case confusions and (ii) amplify early train-
ing bias by repeatedly sampling “hard” pairs de-
fined by an imperfect geometry.

3.2 Theoretical Motivation
We propose to treat similarity (or distance) as a
learnable opponent. Instead of committing to one
metric d, we consider a family of learnable distance
functions and optimize for worst-case separation.

Adversarial similarity family. We introduce a
discriminator-style similarity function to indicate
whether a sampled pair is from the same class

Dϕ : Rd × Rd → (0, 1),

where the function outputs a similarity score

sij = Dϕ(zi, zj).

sij is interpreted as the confidence of a pair (zi, zj)
from the same class under a learnable metric pa-
rameterized by ϕ. Let Φ denote the discriminator
hypothesis class, and define the family D = {Dϕ :
ϕ ∈ Φ}. AML aims to learn representations that
remain discriminative under any D ∈ D, especially
under the most adversarial similarity function D.

Targeted hard pairs. To optimize the similarity
function D, FEC requires enforcing a specific ge-
ometric principle: aggregate semantically diverse
intra-class pairs, and separate semantically similar
inter-class pairs. We formalize this by defining two
targeted pair sets: same-label but semantically di-
verse pairs P+ and different-label but semantically
similar pairs P−, where target is defined as

tij =

{
1, (i, j) ∈ P+,

0, (i, j) ∈ P−.

These pairs are the diagnostic failure modes in FEC
and are vital parts in worst-case separation.
Definition 1 (Hard-pair sampling distribution). Let
π+ and π− be sampling distributions over P+ and
P− (typically uniform). Let π = w+π++w−π− be
their mixture with w+, w− > 0 and w+ +w− = 1.
Definition 2 (Adversarial metric learning loss).
With encoder fθ and discriminator Dϕ, for (i, j),
zi = fθ(xi) and sij = Dϕ(zi, zj). The adversarial
metric learning (AML) loss is defined as follows

Laml(θ, ϕ) = E(i,j)∼π

[
ℓbce(sij , tij)

]
,

ℓbce(s, t) = −t log s− (1− t) log(1− s).

The AML loss Laml is a targeted pairwise objec-
tive, which encourages high similarity on P+ and
low similarity on P−. Next, we will derive that a
min-max game minθ maxϕ∈Φ Laml(θ, ϕ) over the
AML loss can be interpreted as worst-case metric
robustness over the similarity function family D.
Proposition 1 (Worst-case similarity robustness on
targeted hard pairs). Fix ϵ ≥ 0. If an encoder f
with parameters θ satisfies the following condition

max
ϕ∈Φ
Laml(θ, ϕ) ≤ ϵ,

then for every discriminator Dϕ the following hold.
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(1) Mean-score robustness.

E(i,j)∼π+
[sij ] ≥ exp

(
− ϵ

w+

)
,

E(i,j)∼π− [sij ] ≤ 1− exp
(
− ϵ

w−

)
.

(2) Tail robustness. For any δ ∈ (0, 1),

P(i,j)∼π+
(sij≤δ)≤min

{
1,

ϵ

w+ ·(− log δ)

}
,

P(i,j)∼π−(sij≥1− δ)≤min
{
1,

ϵ

w− ·(− log δ)

}
.

Proposition 1 implies that no Dϕ ∈ D can sub-
stantially reduce (increase) similarity on a nontriv-
ial mass of hard positives (hard negatives) unless
the worst-case loss ϵ is correspondingly large.
Definition 3 (Logit and signed margin). For a pair
(i, j), define the discriminator logit as follows

aij = logit(sij) = log
sij

1− sij
,

and the signed label t̃ij = 2tij − 1 ∈ {−1,+1}.
The signed logit margin is defined as follows

mij = t̃ij aij .

Proposition 2 (BCE is a margin loss in discrimina-
tor logit space). With mij in Definition 3, then:

(A) Deterministic margin⇒ small loss. If mij ≥
m for all (i, j) in a set S (with m ≥ 0), then

E(i,j)∼S
[
ℓbce(sij , tij)

]
≤ log(1 + e−m).

(B) Small average loss⇒ few margin violations.
For any m ≥ 0 and sampling distribution over S,

P(i,j)∼S(mij ≤ m) ≤
E(i,j)∼S [ℓbce(sij , tij)]

log(1 + e−m)
.

Equivalently, if the average BCE loss over S is at
most ε, then at least a fraction 1−ε/ log(1+e−m)
of hard pairs satisfy mij > m.

Proposition 2 implies that optimizing adversar-
ial metric learning loss with BCE is equivalent to
optimizing the margin of targeted hard pairs.
Corollary 1 (Uniform margin control under adver-
sarial similarity family). If maxϕ∈Φ Laml(θ, ϕ) ≤
ϵ, then for every Dϕ ∈ D and any m ≥ 0,

P(i,j)∼π(mij ≤ m) ≤ ϵ

log(1 + e−m)
.

In particular, minimizing the worst-case adver-
sarial metric learning loss enforces a nontrivial
signed logit margin on most targeted hard pairs,
uniformly over the discriminator family.

Connection to AML framework. The proposi-
tions and Corollary 1 justify the min-max training
objective defined in Section 3.3.3 (Proofs are pro-
vided in Appendix A). Specifically, the encoder is
optimized to maintain intra-class aggregation and
inter-class separation under the worst-case learned
similarity within D. These theoretical analyses mo-
tivate a direct design principle of the AML frame-
work: train representations against a worst-case,
learnable similarity function on exactly the two
pair types that define FEC’s hardest confusions.

3.3 Realization of AML framework
The structure of AML framework is shown in Fig-
ure 2, which is composed of a classifier, a hard-pair
mining module and a discriminator.

sigmoidsoftmax

hard-pair mining

Figure 2: The structure of our AML framework.

3.3.1 Targeted Hard Pairs Construction
To construct hard pair sets P+ and P−, we need
an external semantic similarity that is not trivially
controlled by Dϕ. We define an auxiliary similarity
function g : X×X → R. It provides a stable signal
to identify “same-label but semantically diverse”
and “different-label but semantically similar” pairs.
Specifically, given a mini-batch B, we compute the
cosine similarity of each two utterances

oij = g(xi, xj) =
fθ(xi) · fθ(xi)

||fθ(xi)|| · ||fθ(xj)||
Hard positive pairs. To construct hard positive
pair set P+ with the same label but low similarity,
for an anchor i, we choose the k+ most semanti-
cally diverse intra-class examples as follows:

C+i = {j ∈ B \ {i} : yj = yi},
H+

i = BottomK
(
{(j, oij)}j∈C+

i
, k+

)
,

P+ = {(i, j) : i ∈ B, j ∈ H+
i }.
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Hard negative pairs. Similarly, to construct hard
negative pair set P− with different labels but high
similarity, we choose the k− most semantically
similar inter-class examples as follows:

C−i = {j ∈ B : yj ̸= yi},

H−
i = TopK

(
{(j, oij)}j∈C−

i
, k−

)
,

P− = {(i, j) : i ∈ B, j ∈ H−
i }.

3.3.2 Adversarial Similarity Discriminator
We design Dϕ to be expressive enough to repre-
sent non-trivial metric distortions, but lightweight
enough to avoid overpowering the encoder.

Symmetric pair features. A standard and effec-
tive choice is an MLP over symmetric features:

sij = σ
(
gϕ
(
[zi; zj ; |zi − zj |; zi ⊙ zj ]

))
,

where σ(·) is sigmoid function. To enforce order-
invariance, we optionally symmetrize:

Dϕ(zi, zj)← 1
2

(
Dϕ(zi, zj) +Dϕ(zj , zi)

)
.

Interpretation as the learnable metric family.
Unlike a fixed metric, Dϕ can reweight dimensions
and capture higher-order interactions between zi
and zj . In our framework, this is not merely “more
parameters”. It is the concrete instantiation of the
theory above. Namely, D is the similarity function
family against which we require robustness.

Capacity control (robustness without collapse).
Because the discriminator is adversarial (it max-
imizes a confusion objective), we regularize Dϕ

to remain within a plausible metric family. We
use a generic regularizer Ω(ϕ) (e.g., weight decay)
and include it in the max-step objective. This pre-
vents pathological solutions where Dϕ saturates
and yields vanishing gradients for the encoder.

3.3.3 Adversarial Optimization of AML
Adversarial Metric Learning Objective. After
obtaining the targeted hard pair sets P+ and P−,
with the well-defined encoder fθ and adversarial
similarity discriminator Dϕ, we can sample hard
pairs (i, j) from distribution π and derive the ex-
act adversarial metric learning loss based on the
expressions provided in Definition 2 as follows

Laml(θ,ϕ)=E(i,j)∼π

[
ℓbce(Dϕ(fθ(xi),fθ(xj)),tij)

]
.

Why BCE (instead of InfoNCE) fits the theory.
Our theoretical statements are naturally expressed
in the discriminator logit space aij = logit(sij),
where BCE directly enforces a signed margin
(Proposition 2). In contrast, InfoNCE couples all
negatives through a batch-softmax. While effective,
InfoNCE implicitly assumes a fixed similarity to
define logits. AML makes the logit itself adversar-
ially learned and therefore aligns optimization with
robustness to metric distortions.

Joint training with min-max optimization. To
optimize the AML framework, we combine the
standard supervised classification objective defined
in Section 3.1 with adversarial metric learning loss
under a min-max optimization procedure:

min
θ,ω

max
ϕ
Lcls(θ, ω) + λLaml(θ, ϕ)− β Ω(ϕ),

where λ > 0 balances task learning and metric
robustness, and β ≥ 0 controls discriminator regu-
larization. The maxϕ step seeks the most confus-
ing similarity notion within D (subject to Ω) by
minimizing the worst-case pairwise confusion loss,
which yields representations that remain discrimi-
native under any similarity in D, while the minθ,ω
step enforces correct classification and robust pair-
wise structure under that adversary.

At inference time, AML uses the classifier head:

ŷ = argmax
y∈Y

pθ,ω(y | x).

The discriminator is a training-time adversary that
shapes a metric-robust representation space and
does not affect test-time latency.

The Training Procedure of AML. Our AML
framework is optimized via an alternating min–max
procedure between the encoder/classifier and the
learnable similarity discriminator. For each iter-
ation, we first sample a mini-batch and construct
the targeted hard positive/negative sets (P+,P−)
based on the auxiliary similarity g. We then com-
pute the batch representations z and perform TD

discriminator steps to update ϕ (with z detached)
so that the discriminator becomes maximally con-
fusing on these targeted pairs, followed by TE en-
coder/classifier steps to update (θ, ω) to minimize
the overall objective under the current adversary.
Algorithm 1 in Appendix B summarizes one full
iteration of training AML framework.
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4 Experiments

4.1 Experimental Setup
Datasets. Following prior work, we evaluate on
two widely used FEC benchmarks: Empathetic
Dialogues (ED) (Rashkin et al., 2019), which con-
tains multi-turn conversations labeled with one of
32 emotions, and GoEmotions (GE) (Demszky
et al., 2020), which contains Reddit comments an-
notated with fine-grained emotions. To ensure com-
parability with existing results, we adopt the same
standard preprocessing protocol as previous works
(Suresh and Ong, 2021; Chen et al., 2023; Gong
et al., 2025): on ED, we construct instances from
the first-turn situation description. On GE, we keep
single-labeled instances and remove the neutral
label. Dataset statistics are shown in Table 1.

Dataset Train Dev Test #Labels

ED 19,533 2,770 2,547 32
GE 23,485 2,956 2,984 27

Table 1: The statistics of the datasets. ED and GE denote
Empathetic Dialogues and GoEmotions, respectively.

Baselines. We compare against the same base-
line families used in recent SOTA work, cover-
ing: 1) Pre-trained models (BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), ELECTRA
(Clark et al., 2020)), 2) Coarse-grained emo-
tion methods adapted to FEC (EmoBERTa (Kim
and Vossen, 2021), SACL (Hu et al., 2023),
TFD (Tu et al., 2023)), 3) FEC-specific meth-
ods (BERTCDP+MLM (Singh et al., 2024), LCL
(Suresh and Ong, 2021), HypEMO (Chen et al.,
2023)), and 4) LLM prompting / emotional LLMs
(ChatGPT zero-/few-shot, EmoLLaMA-chat (Liu
et al., 2024a)). We additionally include TACO
(Gong et al., 2025) as a strong SOTA baseline. For
fairness, we follow the original implementations
and hyperparameter settings for each method when
available, and otherwise tune on the dev set.

Evaluation metrics. Following prior works on
FEC (Gong et al., 2025), we report Acc (top-1 ac-
curacy), Weighted-F1 and Macro-F1. They directly
capture overall correctness and frequency-weighted
performance under the naturally long-tailed label
distribution. The Weighted-F1 is computed by:

Weighted-F1 =
∑

e∈E

ne

N
· 2PeRe

Pe +Re
.

Implementation details. Following the previous
work, we use roberta-base as the encoder back-
bone for all encoder-based models. When imple-
menting the classifier head hω, we follow the label-
embedding match design in TACO. We optimize
with AdamW (initial learning rate 2e−5, weight
decay 1e−3). The batch size is 64. All results are
averaged over 5 runs with random seeds. We re-
port the mean and standard deviation of the results.
For AML, we follow Algorithm 1 (Appendix B)
and perform alternating updates per iteration. We
tune the hyperparameters on the dev set. The best
parameter settings are: k+ = k− = 10, TD = 1,
TE = 1, and λ = 1, β = 1 for the ED dataset and
k+ = k− = 20, TD = 1, TE = 1, λ = 1, β = 1
for the GE dataset. We run all experiments on one
NVIDIA V100 GPU with 32GB memory.

4.2 Main Results

We compare all baselines with our AML frame-
work. Table 2 reports the overall performance on
ED and GE. AML achieves the best results in Acc
and Weighted-F1, demonstrating that adversarially
learning the similarity function is an effective way
to address the dominant error source in FEC. In
particular, AML substantially improves 8.17% Acc
and 8.36% Weighted-F1 upon TACO on ED, in-
dicating markedly better overall correctness and
frequency-weighted performance under the long-
tailed label distribution. The deficiency in Macro-
F1 likely stems from minority classes, where per-
class calibration is more fragile due to limited su-
pervision. AML’s large gains on Acc/Weighted-F1
demonstrate strong practical utility while remain-
ing competitive on tail-sensitive evaluation.

4.3 Ablation Study

We decompose AML into several variants to iso-
late the effect of each design choice. The ab-
lated models include: AML w/o Adv (standard
supervised training with only the classification loss
Lcls), AML w/o hard (adversarial min-max train-
ing is applied, but targeted hard pairs are not mined,
i.e., pairs are uniformly sampled), AML-threshold
(hard pairs are selected by an absolute similarity
threshold) and AML-TopK (using Bottom-K and
Top-K to sample intra-class and inter-class hard
pairs). Table 3 shows that each component con-
tributes positively. Notably, AML-TopK performs
best, supporting that the combination of targeted
hard-pair construction and adversarially learned
similarity yields more robust separation.
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Method
Empathetic Dialogues (ED) GoEmotions (GE)

Acc↑ Weighted-F1↑Macro-F1↑ Acc↑ Weighted-F1↑Macro-F1↑
BERTbase 55.79±0.35 55.13±0.51 54.85±0.56 64.32±0.33 63.84±0.32 54.27±0.89

RoBERTabase 57.67±0.46 57.13±0.37 56.87±0.35 64.79±0.52 64.34±0.45 54.91±0.67

ELECTRAbase 57.42±0.61 56.59±0.62 56.38±0.63 64.65±0.57 63.77±0.62 52.03±1.04

EmoBERTa 57.73±0.44 57.22±0.45 56.81±0.43 64.67±0.51 64.36±0.49 54.94±0.72

SACL 58.27±0.45 57.65±0.48 57.50±0.48 64.71±0.54 64.42±0.47 54.96±0.89

TFD 58.47±0.55 57.96±0.47 58.12±0.51 64.83±0.42 64.41±0.50 55.59±1.09

BERTCDP+MLM 58.51±0.48 57.94±0.38 57.74±0.39 64.98±0.40 64.56±0.34 55.84±0.93

LCL 59.52±0.43 58.72±0.49 58.38±0.49 65.22±0.39 64.55±0.47 54.48±1.27

HypEMO 58.30±0.50 57.13±0.42 56.93±0.48 64.81±0.46 64.30±0.39 53.59±1.14

TACO 60.57±0.36 59.94±0.42 59.82±0.43 65.97±0.38 65.42±0.40 58.23±0.99

ChatGPT (zero-shot) 48.28 48.45 46.34 34.61 35.64 29.45
ChatGPT (eight-shot) 52.21±0.22 50.69±0.41 48.68±0.53 33.90±0.60 34.88±0.58 28.87±0.53

EmoLLaMA-chat-7B 27.27 28.09 26.59 24.86 24.04 22.22
EmoLLaMA-chat-13B 38.37 39.47 38.06 28.35 27.85 23.06

AML (ours) 65.52±0.27 64.95±0.36 57.34±0.38 66.05±0.43 65.67±0.32 57.19±0.26

∆ (AML vs. best baseline) +8.17% +8.36% +0.12% +0.38%

Table 2: Main fine-grained emotion classification results on the ED and GE datasets. We copy the results of baselines
from the main table of TACO. In the table, the best results in each column are marked in bold.

Method Acc↑ Weighted-F1↑
AML w/o Adv 60.89 60.32
AML w/o hard 62.18 64.47
AML-threshold 65.08 64.61
AML-TopK 65.52 64.95

Table 3: Ablation study results on the ED dataset.

4.4 Adversarial Optimization Dynamics

AML is trained via alternating optimization. At
each iteration, we first update the discriminator to
maximize confusion on targeted pairs, then update
the encoder/classifier to minimize the overall objec-
tive under the current adversary. To verify that the
min-max game is being optimized stably, we track:
1) the discriminator-side loss (max-step) and 2) the
encoder-side loss (min-step) throughout training.
Figure 3 plots the learning curves on ED. A healthy
training trajectory shows that the discriminator loss
decreases during max-steps (finding harder met-
rics), while the encoder subsequently reduces the
min-step loss, indicating that the representations
adapt to withstand the adversarial similarity dis-
tortion. This empirical behavior aligns with the
robustness interpretation in Section 3.
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Figure 3: Loss curves and gap of max-step vs. min-step.

4.5 Representation Analysis

A key motivation of AML is to aggregate dissimilar
intra-class instances while separating similar inter-
class instances. We therefore visualize the learned
utterance embeddings using t-SNE and compare
AML w/o Adv with AML on the ED dataset. As
shown in Figure 4, AML produces embeddings
with clearer separation between confusable emo-
tions and tighter within-class structure for many
categories. This qualitative result supports our hy-
pothesis that metric-robust learning improves the
geometry where fixed-metric mining can be brittle.
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Figure 4: t-SNE visualization of ED embeddings learned by AML w/o Adv (left) and AML (right).

# Utterance (ED situation) AML w/o Adv AML Gold label confidence

Label Score Label Score CLS AML

1 “It’s better to say a moment like that could truly ignite her
love for the game rather than putting a bit of a damper on
it.”

sad 0.35 anxious 0.41 0.37 0.41

2 “I was teased for being a virgin when I was a 6th grader in
2005”

trusting 0.31 impressed 0.42 0.27 0.42

Table 4: Case study on the ED dataset. “Gold label confidence” reports the probability for the true emotion.

4.6 Hyperparameter Analysis on ED

Effect of Top-K in hard-pair mining. Top-K
(and Bottom-K) controls how aggressively we
mine targeted pairs. If K is too small, mined pairs
may be insufficiently informative; if too large, the
pair sets may include easy or noisy pairs. Figure 5
(upper) shows performance as K varies.

Effect of λ (adversarial strength). λ balances
the supervised objective and adversarial metric ro-
bustness. As λ increases, AML emphasizes robust-
ness more strongly; overly large λ may hinder fit-
ting the label decision boundaries. Figure 5 (lower)
summarizes the sensitivity trend.

4.7 Case Study

To show how AML improves decision on confus-
able emotions, we provide examples where AML
succeeds while AML w/o Adv fails. Table 4 lists
the utterance, top prediction and confidence, and
the confidence assigned to the gold label. These
cases suggest that AML tends to allocate higher
probability mass to the correct label even when
the input is ambiguous, consistent with the goal of
robust separation under adversarial similarity.
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Figure 5: Hyperparameter sensitivity on the ED dataset.

5 Conclusion

In this paper, we proposed AML, an adversarial
metric learning framework for fine-grained emo-
tion classification that replaces fixed similarity met-
rics with a learnable metric family and trains rep-
resentations to remain discriminative under worst-
case similarity distortions. Extensive experiments
demonstrate that AML achieves strong and consis-
tent improvements over baselines, validating the
effectiveness of metric-robust representations.
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Limitations

First, the effectiveness of AML depends on hard-
pair construction and related hyperparameters (e.g.,
K, λ, TD and TE). Thus, suboptimal settings or
noisy mined pairs may weaken gains, especially
for extremely low-resource emotion classes.

Second, our experiments follow the standard
GoEmotions preprocessing used in prior fine-
grained text emotion classification work, i.e., keep-
ing only single-labeled instances and removing the
neutral label. While this improves comparability,
it also limits the scope of the current study: single-
label supervision cannot explicitly model naturally
overlapping emotions or annotator uncertainty, and
removing neutral excludes an important boundary
class that often absorbs mild affect or ambiguity. A
natural extension is to replace binary pair targets
with soft targets derived from label co-occurrence
or annotator distributions, and to make hard-pair
mining overlap-aware in multi-label settings.

Third, our experiments focus on English FEC
benchmarks and single-utterance settings. It re-
mains unclear how well the approach transfers to
multi-turn scenarios, other languages, or larger-
scale datasets without additional adaptation.
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A Proofs of Theory Statements

A.1 Notation and Preliminaries
Let P+ and P− denote the targeted hard posi-
tive/negative pair sets defined in Section 3.3.1. For
any pair (i, j), let

zi = fθ(xi), zj = fθ(xj),

and the discriminator similarity score

sij = Dϕ(zi, zj) ∈ (0, 1).

We define the Bernoulli cross-entropy loss

ℓbce(s, t) = −t log s− (1− t) log(1− s),

where t ∈ {0, 1} is the target indicator.
For convenience, we also use the {±1} label

encoding

t̃ = 2t− 1 ∈ {−1,+1}.

Finally, define the logit

a=logit(s)=log
s

1− s
or s=σ(a)=

1

1 + e−a
.

Lemma 1 (BCE as logistic loss in logit space). For
s = σ(a) and t̃ = 2t− 1, the BCE satisfies

ℓbce(s, t) = log
(
1 + exp(−t̃a)

)
.

Proof. We consider two cases.

Case 1: t = 1 (thus t̃ = +1). Then ℓbce(s, 1) =
− log s. Since s = σ(a) = 1

1+e−a , we have

− log s = − log
( 1

1 + e−a

)
= log(1 + e−a)

= log
(
1 + exp(−t̃a)

)
.

Case 2: t = 0 (thus t̃ = −1). Then ℓbce(s, 0) =
− log(1−s). Using 1−s = 1−σ(a) = σ(−a) =

1
1+ea , we get

− log(1− s) = − log
( 1

1 + ea

)
= log(1 + ea)

= log
(
1 + exp(−t̃a)

)
,

because −t̃a = a when t̃ = −1. Combining the
two cases proves the lemma.

We will repeatedly use two standard inequalities.

Lemma 2 (Jensen lower bound for − log). Let X
be a random variable supported on (0, 1). Then

E[− logX] ≥ − logE[X].

Proof. The function g(x) = − log x is convex on
(0,∞), hence by Jensen’s inequality

E[g(X)]≥g(E[X])⇒E[− logX]≥− logE[X].

Lemma 2 is proved.

Lemma 3 (Markov inequality). Let Y be a non-
negative random variable and let c > 0. Then

P(Y ≥ c) ≤ E[Y ]

c
.

A.2 Proposition 2 and Proof
We restate Proposition 2 in a precise form that we
will prove.

Proposition 3 (Loss–margin relation in discrimina-
tor logit space). Let aij = logit(Dϕ(zi, zj)) and
t̃ij = 2tij − 1. Define the signed logit margin

mij = t̃ij aij .

Then the following statements hold.

(A) Deterministic margin implies an upper bound
on BCE. If mij ≥ m for all pairs in a set S (for
some m ≥ 0), then for all (i, j) ∈ S ,

ℓbce(Dϕ(zi, zj), tij) ≤ log(1 + e−m),

and thus

E(i,j)∼S
[
ℓbce(Dϕ(zi, zj), tij)

]
≤ log(1 + e−m).

(B) Small average BCE implies that most pairs
have nontrivial margin. Fix any m ≥ 0 and any
pair distribution over S. Then

P(i,j)∼S(mij≤m)≤
E(i,j)∼S

[
ℓbce(Dϕ(zi,zj),tij)

]

log(1 + e−m)
.

Equivalently, if the average BCE is at most ϵ, then
at least a 1 − ϵ

log(1+e−m)
fraction of pairs satisfy

mij > m.

Proof. By Lemma 1, for each pair we have

ℓbce(Dϕ(zi, zj), tij) = log
(
1 + exp(−t̃ijaij)

)

= log
(
1 + exp(−mij)

)
.

Proof of (A). If mij ≥ m, then −mij ≤ −m,
hence exp(−mij) ≤ exp(−m), and therefore

log
(
1 + exp(−mij)

)
≤ log(1 + exp(−m))

= log(1 + e−m).

Taking expectation over (i, j) ∼ S preserves the
inequality.
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Proof of (B). Consider the event E = {(i, j) :
mij ≤ m}. On E we have −mij ≥ −m, hence
exp(−mij) ≥ exp(−m), and thus

ℓbce(Dϕ(zi, zj), tij) = log(1 + exp(−mij))

≥ log(1 + exp(−m)) = log(1 + e−m).

Therefore,

E
[
ℓbce(Dϕ(zi, zj), tij)

]
≥ E

[
ℓbce(·) · I[E ]

]

≥ log(1 + e−m) · P(E).

Rearranging gives the claimed bound.

A.3 Proposition 1 and Proof
As written in the main text, Proposition 1 is an
informal robustness claim. Below we provide a
complete and statement that captures the exact ro-
bustness guarantee implied by the min-max objec-
tive, and then prove it.

A.3.1 Robust objective
Define the targeted adversarial metric learning loss
with explicit mixture weights. Let w+, w− > 0
with w+ + w− = 1. For any (θ, ϕ), define

Laml(θ, ϕ) = w+ · E(i,j)∼P+

[
− log sij

]

+ w− · E(i,j)∼P−
[
− log(1− sij)

]
,

where sij = Dϕ(fθ(xi), fθ(xj)).
Consider the robust optimization objective (ig-

noring the supervised term, which is orthogonal to
this proof):

V ⋆ = min
θ

max
ϕ∈Φ
Laml(θ, ϕ).

We will state robustness properties for any θ that
achieves small worst-case loss.

A.3.2 Statement
Proposition 4 (Worst-case metric robustness for
targeted hard pairs). Fix any ϵ ≥ 0. Suppose θ
satisfies

max
ϕ∈Φ
Laml(θ, ϕ) ≤ ϵ.

Then for every discriminator Dϕ ∈ D the following
hold:

(1) Mean-score robustness on hard positives.

E(i,j)∼P+

[
sij

]
≥ exp

(
− ϵ

w+

)
.

(2) Mean-score robustness on hard negatives.

E(i,j)∼P−
[
sij

]
≤ 1− exp

(
− ϵ

w−

)
.

(3) Tail robustness: few hard positives can be
forced to low similarity. For any δ ∈ (0, 1),

P(i,j)∼P+

(
sij ≤ δ

)
≤ min

{
1,

ϵ

w+ · (− log δ)

}
.

(4) Tail robustness: few hard negatives can be
forced to high similarity. For any δ ∈ (0, 1),

P(i,j)∼P−
(
sij≥1−δ

)
≤min

{
1,

ϵ

w− · (− log δ)

}
.

Consequently, no function in D can simultane-
ously push a nontrivial semantically-diverse intra-
class pairs to low similarity and pull a nontrivial
fraction of semantically-similar inter-class pairs to
high similarity, unless ϵ is correspondingly large.

Proof. Fix any ϕ ∈ Φ. Let

L+(θ, ϕ) = E(i,j)∼P+

[
− log sij

]
,

L−(θ, ϕ) = E(i,j)∼P−
[
− log(1− sij)

]
.

By definition,

Laml(θ, ϕ) = w+L+(θ, ϕ) + w−L−(θ, ϕ).

The assumption maxϕ Laml(θ, ϕ) ≤ ϵ implies that
for this fixed ϕ,

w+L+(θ, ϕ) + w−L−(θ, ϕ) ≤ ϵ.

Since L+(θ, ϕ) ≥ 0 and L−(θ, ϕ) ≥ 0, we imme-
diately obtain the separate bounds

L+(θ, ϕ) ≤
ϵ

w+
, L−(θ, ϕ) ≤

ϵ

w−
.

Proof of (1). Let us apply Lemma 2 to X = sij ∈
(0, 1) under (i, j) ∼ P+:

L+(θ, ϕ) = E[− log sij ] ≥ − logE[sij ].

Therefore,

− logEP+ [sij ] ≤ L+(θ, ϕ) ≤
ϵ

w+
,

which implies

E(i,j)∼P+ [sij ] ≥ exp
(
− ϵ

w+

)
.

Proof of (2). Apply Lemma 2 to X = 1− sij ∈
(0, 1) under (i, j) ∼ P−:

L−(θ, ϕ) = E[− log(1− sij)] ≥ − logE[1− sij ].

Thus,

− logEP− [1− sij ] ≤ L−(θ, ϕ) ≤
ϵ

w−
,

so
EP− [1− sij ] ≥ exp

(
− ϵ

w−

)
.

Finally, using E[sij ] = 1− E[1− sij ] yields

EP− [sij ] ≤ 1− exp
(
− ϵ

w−

)
.
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Proof of (3). Consider the nonnegative random
variable Y = − log sij under (i, j) ∼ P+. For any
δ ∈ (0, 1), the event {sij ≤ δ} implies− log sij ≥
− log δ. Therefore,

P(sij ≤ δ) = P(− log sij ≥ − log δ)

≤ E[− log sij ]

− log δ
=
L+(θ, ϕ)

− log δ
≤ ϵ

w+·(− log δ)
,

where we used Markov’s inequality (Lemma 3) and
L+(θ, ϕ) ≤ ϵ/w+.

Proof of (4). Similarly, define Y = − log(1−sij)
under (i, j) ∼ P−. Event {sij ≥ 1 − δ} implies
1− sij ≤ δ, hence− log(1− sij) ≥ − log δ. Thus,

P(sij ≥ 1− δ) = P(− log(1− sij) ≥ − log δ)

≤ E[− log(1−sij)]
− log δ

=
L−(θ, ϕ)
− log δ

≤ ϵ

w− · (− log δ)
.

Consequence (simultaneous robustness). All
bounds above hold for an arbitrary fixed ϕ. Since
the assumption is maxϕ Laml(θ, ϕ) ≤ ϵ, they hold
uniformly for all ϕ ∈ Φ. Thus, within the metric
family D, no adversary can significantly degrade
hard-positive similarity or inflate hard-negative
similarity without forcing ϵ to be large.

A.3.3 Connection to the min–max optimum
If θ⋆ ∈ argminθ maxϕ Laml(θ, ϕ) achieves value
V ⋆, then Proposition 4 holds with ϵ = V ⋆. More
generally, if θ is η-suboptimal, i.e.,

max
ϕ
Laml(θ, ϕ) ≤ V ⋆ + η,

the same bounds hold with ϵ = V ⋆ + η.

Remark (why this is the right robustness no-
tion for our goal). The bounds in Proposition 4
are stated directly in terms of Dϕ’s outputs on the
two targeted hard pair sets. This matches our op-
erational objective in FEC. Namely, regardless of
which similarity notion the discriminator tries to
impose, the representation should (i) keep hard
intra-class pairs highly similar and (ii) keep hard
inter-class pairs dissimilar. The proof shows this
is exactly what minimizing the worst-case BCE
enforces, quantitatively, via both mean-score and
tail guarantees.

B The algorithm of training AML.

As shown in Algorithm 1, for each iteration, a mini-
batch is sampled and used to construct the targeted

hard positive/negative sets (P+,P−) based on the
auxiliary similarity g. Then we perform TD dis-
criminator steps to update ϕ (with z detached) and
TE encoder/classifier steps to update (θ, ω) to min-
imize the overall objective under the current adver-
sary.

Algorithm 1 AML training (one iteration)
1: Sample a mini-batch B from D.
2: Mine P+,P− using similarity g on B.
3: Compute zi = fθ(xi) for i ∈ B.
4: for t = 1 to TD do
5: Update ϕ by gradient descent on LD(ϕ; θ),

detaching z.
6: end for
7: for t = 1 to TE do
8: Update (θ, ω) by gradient descent on loss

LE(θ, ω;ϕ).
9: end for

C Discussion: Relation to Hard-Pair
Contrastive Learning

Existing clustering-guided contrastive approaches
can be viewed as enforcing the FEC principle un-
der a fixed similarity metric: clustering (or cosine-
based mining) identifies hard positives/negatives
and a contrastive loss reshapes the space accord-
ingly. AML keeps the same high-level principle
but changes the core mechanism:

From fixed metric to metric family. We do not
assume cosine similarity is the correct notion of
confusability. Instead, we learn a family D and
optimize for the worst-case metric in that family.

From hard mining to adversarial stress-testing.
The discriminator actively attempts to collapse
hard inter-class negatives and split hard intra-class
positives. The encoder must preserve discrimina-
tion under this stress test, yielding stronger robust-
ness where FEC is most fragile.

From heuristic geometry to theory-guided ro-
bustness. The min-max objective is directly mo-
tivated by worst-case metric robustness (Proposi-
tion 1) and has a margin interpretation (Proposi-
tion 2), providing a principled explanation for why
the learned space improves confusable emotion
separation.
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