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Abstract—Emotions are integral to communication, and un-
derstanding emotions is critically important for healthcare ap-
plications such as mental well-being and empathetic support.
However, in conversational exchanges, emotions constantly shift
as conversations unfold. Existing studies on reasoning about
emotion shift triggers (ESR) require extensive manual annotation
of both utterance-level emotion labels and emotion shift triggers.
In this research, we propose a novel approach, the Wayfinding
Instruction Tuning (WIT) framework, to tackle the ESR chal-
lenge in a more efficient manner with minimal dependency on
emotion labels. WIT employs a large language model (LLM)
to generate sequences of dynamic, context-sensitive wayfinding
questions designed to guide the instruction tuning of another
LLM on the ESR task. In contrast to conventional prompting,
our key innovation is a structured wayfinding prompting strategy,
which systematically decomposes the ESR process into carefully
designed sub-questions. Together with their ground-truth-aligned
answers, these sub-questions guide the model to learn how
to detect changes in emotion and identify their triggers. Our
experiments show that, even when fine-tuned on a medium-
sized dataset of 100 training instances, using only pre- and post-
shift emotion labels, WIT can directly predict emotion shifts
without first identifying the emotion of each utterance. This
design avoids intermediate emotion classification and its asso-
ciated error propagation, a common issue in two-step pipelines.
WIT achieves comparable performance (F1: 0.749 vs 0.760) to
state-of-the-art supervised models while requiring only shift-
boundary labels during training and zero annotation at inference,
providing a practical alternative when complete utterance labels
are unavailable.

Index Terms—Emotion Analysis, Large Language Models,
Natural Language Processing

I. INTRODUCTION

EMOTIONS are an integral part of communication. Early
emotion studies have predominantly focused on detecting

and classifying the emotional content of the text. In commu-
nication, however, one’s emotions always change dynamically
as a conversation progresses. Understanding the triggers be-
hind one’s emotional dynamics provides explanations for the
underlying drivers of their decision making [1]–[6].

Figure 1 presents a conversation exhibiting three shifts in
the emotions of the speakers. Utterances 3 triggers Tom’s
first emotion shift from anger to surprise, then utterance 6
triggers both Tom and Lily to change their emotions. These
shifts and their triggers create a dynamic interplay of empathy,
understanding, and emotional regulation in their conversation.

In current literature on emotion shift reasoning (ESR), most
prior studies [2], [7]–[12] on identifying emotion shift triggers

∗Corresponding author

rely on human annotations of emotion labels for each utterance
to train models, which requires substantial manual annotation
efforts and is costly. Another class of studies formulates ESR
as a multi-task learning problem [13], including an emotion
recognition (ER) sub-task. But errors in the ER stage can
propagate, leading to a cascading impact on the downstream
ESR task.

Earlier work on emotion shift detection [14] focused on
identifying whether shifts occurred rather than their trigger-
ing utterances. Recent studies [15]–[27] leverage LLMs for
emotion analysis in conversations using textual or multi-
modal data, but primarily address emotion recognition rather
than trigger identification. Beyond emotion analysis, advances
in LLM reasoning have shown promise for complex tasks.
Prompting strategies like Chain-of-Thought (CoT) [28] and its
extensions enable models to generate intermediate reasoning
steps [29]–[32], while instruction tuning has been shown to
significantly improve LLMs’ contextual understanding and
adaptability [33]–[37] for various tasks. Recent research has
further demonstrated that LLMs possess substantial emotional
intelligence capabilities [38]–[40], providing empirical support
for leveraging LLMs in emotion shift reasoning tasks.

In this paper, we aim to develop a more efficient approach
to ESR that reduces the reliance on explicit emotion annota-
tions. Towards this goal, we need to address the challenges
of how to identify emotion shifts and their triggers. The
complexity arises from emotions’ subtle, context-dependent
nature [41]–[43]. Conversations include implicit cues, sarcasm,
and cultural nuances [30], [44], [45] requiring contextual
understanding of conversational settings, relationships, and
beliefs [46], [47].

To address these challenges, we propose a novel framework
called Wayfinding Instruction Tuning (WIT). WIT begins by
prompting an LLM θ1 to dynamically generate wayfinding
instructions, each of which is a sequence of ground-truth-
aligned question-answer pairs designed to capture the nuances
of emotion shift triggers. These instructions are then used
to tune another LLM θ2, teaching it to learn this reasoning
process. Once tuned, θ2 can be applied to predict for unla-
belled conversations. This time, the wayfinding questions are
generated in the same manner but are presented sequentially
to the tuned θ2, which answers them step by step.

By constructing this reasoning chain, WIT navigates the
complexity of conversational dynamics and detects emotion
triggers effectively. For the conversation in Figure 1, θ1
generates a series of questions, starting with auxiliary ones

https://orcid.org/0009-0008-1263-906X
https://orcid.org/0000-0001-5558-3790
https://orcid.org/0000-0002-8324-1859


IEEE TRANSACTIONS ON AFFECTIVE COMPUTING, VOL. [ ], NO. [ ], MONTH YEAR 2

Fig. 1: A sample conversation with three emotion shifts,
each of which is triggered by a preceding or current
utterance.

Fig. 2: Typical LLM reasoning (left) and a series of
wayfinding questions that identifies the utterance that
triggers Tom’s emotion to shift in Figure 1 (right).

that guide the thought process and culminating in a final
task-specific question. These questions are then presented
sequentially to the tuned θ2, which provides corresponding
answers, as illustrated in Figure 2. The process concludes
when the emotion triggers are identified.

This step-by-step decomposition of the conversation is
reminiscent of the process suggested by cognitive appraisal
theories of emotion [48]–[50], where humans evaluate events
in multiple stages (e.g., assessing significance, potential out-
comes, coping resources) before arriving at an emotional shift.
By breaking down the context and eliciting sub-questions
about changing perspectives and triggers, WIT aligns with
how humans systematically interpret emotional dynamics in
real-world dialogues.

To our knowledge, this is the first study on ESR requiring
only shift-boundary labels rather than complete utterance-
level annotations. Our WIT framework enhances reasoning and
adaptability of LLMs for ESR by introducing:

• Structured reasoning for ESR: We propose a method
for LLMs to explore emotion dynamics in conversations
using emotion-specific heuristics, effectively tracing se-
quential emotion shifts. Building upon CoT, we decom-
pose conversation analysis into a sequence of questions,
guiding the model to track emotional transitions and pin-
point triggering utterances by directly predicting emotion
shifts, without first labeling the emotion of each utterance.

• Diverse reasoning instructions: We utilise multiple LLMs
to generate varied phrasings or sequencing of wayfinding
questions. This approach is especially beneficial when
training data are limited, as it creates multiple comple-
mentary reasoning paths from the same instance, enrich-
ing the instruction-tuning data.

• Sequential instruction tuning for emotion shift reasoning:
We fine-tune LLMs using task-specific wayfinding ques-
tions that encode ESR-specific reasoning: tracking emo-
tional trajectories, encoding pre- and post-shift emotion

states, and identifying triggering utterances.
Experiments on widely used conversational datasets show

that our WIT framework achieves performance comparable
to state-of-the-art supervised models while requiring substan-
tially less annotation effort.

II. RELATED WORK

This section reviews existing research on ESR and related
LLM technologies.

A. Emotion Shift Reasoning

Research on emotion shift detection [14] has evolved from
identifying whether shifts occurred to serving as an auxiliary
task for improving Emotion Recognition (ER) models. Gao et
al. [51] used a Bi-LSTM-based emotion shift detection (ESD)
module to generate shift representations, which were then
concatenated with emotional semantic representations. Wang
et al. [13] proposed MtlERC-ES, a multi-task learning model
simultaneously performing ER, ESD, and sentiment classifi-
cation. Tu et al. [52] introduced a persona-infused cross-task
graph network, which first captured speakers’ relationships via
a persona-infused refinement network, then used cross-task
connections for ESD as a precursor to ER.

Identifying triggers for emotion shifts in conversations was
explored by Kumar et al. [2], who introduced two approaches:
a multi-task Transformer-based network without utterance-
level emotion labels that performed sub-optimally, and a
single-task network trained with gold emotion annotations
that performed significantly better. Later, Kumar et al. [7],
[53] expanded this work by examining factors like shock
or threat as instigators of emotion shifts. More recently,
Nguyen and Zhang [8] proposed a supervised framework using
stacked instruction fine-tuning of LLMs to directly address
ESR. Similarly, Shaik et al. [54] combined instruction tuning
with quantised low-rank adaptation techniques. Tian et al. [9]
presented XGBoost-EC, a DL approach identifying emotion
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provocateurs, while Wan et al. [10] used two GRU-based
models to tackle ESR. Unlike prior work requiring complete
utterance annotations, WIT requires only shift-boundary labels
(pre/post-shift emotions), substantially reducing annotation
overhead while maintaining competitive performance.

B. LLM Prompting

Prompting guides LLMs by framing the input in a manner
that encourages desired responses [55]. Amongst the most
popular strategies is CoT reasoning, a technique that entails
generating intermediate reasoning steps before providing the
conclusion [28], thus enabling LLMs to tackle complex prob-
lems requiring reasoning [29]. Building on CoT, Yao et al. [56]
and Long [57] introduced Tree-of-Thoughts, aiming to use
multifold chained intermediate reasoning steps to encourage
models to explore a broader range of thought processes.
Similarly, Zhang et al. [58] extended CoT to multimodal
contexts by integrating both textual and visual modalities,
resulting in more comprehensive rationales.

For more complex tasks, it is crucial to design dynamic
prompts tailored to the specific nature of the data. Zhang et
al. [59] introduced PromptGen, a pioneering framework to
dynamically generate prompts for knowledge probing, leverag-
ing pre-trained generative models. Shum et al. [60] proposed
AutomateCoT, a strategy that automates CoT prompting by
generating, pruning, and selecting rationale chains from a
small labelled dataset. Similarly, Akella et al. [61] developed
an auto-prompt generation system for multiple LLMs with
minimal training, combining reinforcement learning for task-
relevant sequencing and cell-level similarity for enhancing
example selection. Expanding on CoT, Dorbala et al. [62]
introduced wayfinding CoT, which uses LLMs to construct
dynamic reasoning steps for robot navigation tasks.

Our approach is motivated by Dorbala et al. [62], but the
key contribution lies in the task-specific design of wayfinding
questions tailored to the emotion shift reasoning (ESR) task,
rather than the use of sequential instruction tuning itself.
Unlike spatial waypoints, our questions explicitly model emo-
tional dynamics by encoding pre- and post-shift emotion states,
tracking speaker-level emotional trajectories, and identifying
triggering utterances from implicit conversational cues. Their
sequential structure reflects the staged nature of emotion shift
reasoning [48], [49], where each step builds on prior emotional
context to progressively narrow down the trigger. This task-
specific reasoning design is supported by our ablation study,
which shows that progressively adding ESR-oriented questions
consistently improves F1 scores across all models.

C. Instruction Tuning

Instruction tuning, which involves tuning LLMs on datasets
of (Input;Response) pairs in a supervised way, equips them
with a deeper understanding of how to interpret and respond
to task-oriented requests [15]. In research on emotions, Luo et
al. [63] developed an emotion-cause-aware instruction-tuning
approach to fine-tune multiple language models, aiming to
enhance their ability to recognise emotions and their causes.

Similarly, for the same task, Etal et al. [16] performed in-
struction tuning with two separate LLAMA 2 models, one
for recognising emotions and the other for predicting their
causes. Building on this, Cheng et al. [17] introduced Emotion-
LLaMA, a multimodal model that integrates audio, visual, and
textual inputs. Through instruction tuning, Emotion-LLaMA
demonstrated significant improvements in emotion recognition
(ER) performance. In summary, existing studies on leveraging
LLMs focus on emotion recognition rather than emotion
shift reasoning, and their approaches are based on single
instruction-tuning.

More recently, Hu et al. [64] proposed sequential fine-tuning
LLMs for complex problems, where a sequence of instructions
is used to enhance LLM reasoning to solve complex prob-
lems. They showed that LLMs fine-tuned using a multi-step
approach (e.g., “translate, then answer” or “describe, then
answer”) outperformed those tuned on direct instructions like
“answer the question.” While instruction tuning is effective
for enhancing task-oriented responses, sequential instruction
tuning serves as the training mechanism for our ESR-specific
wayfinding questions. Our WIT framework falls into this line
of research, and importantly, for reasoning about the complex
emotion dynamics, we develop strategies to prompt an LLM
to automatically generate wayfinding questions (and answers)
as pseudo instructions to fine-tune another LLM.

III. METHODOLOGY

Fig. 3: The architecture of the WIT framework. Two steps
are involved: instruction generation with the first LLM and
instruction tuning of the second LLM.
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In this section, we propose the WIT framework to ad-
dress the ESR problem. This problem can be formulated
as follows: Given a conversation between multiple speak-
ers involving n utterances, presented in the format C =
{(s1, u1), (s2, u2), . . . , (sn, un)}. Any speaker si can appear
again in a different utterance. For all pairs of utterances ux

and uy that express the emotions ex and ey respectively, where
x < y, sx = sy , and ex ̸= ey , identify a set of utterances
T ∈ {u1, u2, . . . , uy} that trigger speaker sx (or sy) to shift
their emotion from ex to ey .

The WIT framework is a supervised instruction-tuning
framework in which an LLM θ1 generates a wayfinding
instruction set to help tune another LLM θ2 to identify emotion
shift triggers. It consists of two steps: instruction generation
and instruction tuning. The architecture of this framework is
presented in Figure 3.

A. Instruction Generation

At the heart of our approach is the wayfinding prompting
strategy, which extends standard CoT methods by specifying
dimension-specific alignment with the ESR task, completeness
of emotional cues, contextual relevance, logical sequencing of
queries, and clarity of expression. The WIT framework uses
this to prompt a pre-trained LLM θ1 to generate a series
of wayfinding questions that facilitate the identification of
emotion shift triggers.

For a conversation Ci in the training set T , these wayfinding
questions constitute a series Qi = {q1, q2, . . . , qk} that emu-
late the stepwise human cognitive process for understanding
emotional transitions. Our prompt template for prompting θ1
to generate Qi is as follows:

Task: You are tasked with generating a series of questions to guide
the reasoning process for identifying {...}’s emotion shifts and their
triggers in a conversation.
Input: Below is a conversation between multiple speakers:
{...}
Each utterance STRICTLY expresses only one of the following
emotions: {anger, contempt, disgust, fear, joy, sadness, surprise,
neutral}.
Output Requirements: Generate a series of wayfinding questions
that adhere to the following criteria:
- Logical Progression: Each question should build upon the infor-
mation revealed in the answer to the previous question.
- Context Awareness: The questions must explicitly focus on the
emotional context of the speaker and the conversational flow.
- Clarity: Ensure each question is precise and easily interpretable.
- Completeness: Cover all aspects of the reasoning process, from
initial emotion detection to the identification of emotion shifts and
their triggers.
- Final Task-Specific Question: Conclude with a question that asks
for the exact position(s) of the trigger utterance(s).
Example Output Format: Provide the questions as a series without
explanation:
- Question 1: [Initial question]
- Question 2: [Follow-up question based on Question 1]
- ...
- Final Question: [A question asking to specify the EXACT
position(s) of the trigger utterance(s)].

Generated questions focus on shift detection, not utterance-
level classification. This design requires only shift-boundary

labels during training (e.g., neutral in utterance 3 → joy in
utterance 7) and zero annotations during inference, while su-
pervised methods require utterance-level emotion annotations
during training and predict per-utterance emotions at inference
before identifying shifts, introducing error propagation.

Subsequently, we use only pre- and post-shift emotion labels
from the training set to re-prompt θ1 and generate answers
to each wayfinding question. We validate instruction quality
through (1) automated checks ensuring trigger positions ≤
conversation length and emotions within valid sets; (2) manual
spot-checking of 50 randomly sampled instances by the au-
thors, verifying that predicted trigger positions match ground-
truth labels, showing 96% accuracy; (3) multi-LLM generation
reducing individual model biases. The prompt template is as
follows:

Task: You are tasked with generating relevant answers to a provided
series of questions based on the truths provided.
Input: Below is a conversation between multiple speakers:
{...}
You are provided with the following question series:
{...}
Output Requirements: Using the truths provided below, generate
concise and accurate answers to each question in the series.
Truths Provided:
- Emotion Shift: {...} shifts from {...} in utterance {...} to {...} in
utterance {...}.
- Trigger Utterance(s): {...}.
Instructions:
- Align your answers to the reasoning implied by the questions.
- Maintain logical consistency and clarity in the progression of
answers.
- Avoid commentary or explanations outside the context of the
provided truths.

These answers, Ai = {a1, a2, . . . , ak}, are intrinsically
grounded in the conversation’s content, thereby closely ap-
proximating a natural reasoning process. This process results
in a sequential question-answer series for the conversation,
represented as {qi → ai}ki=1, in which each answer is
explicitly tied to the ground-truth labels. This explicit align-
ment allows us to construct a granular, human-like reasoning
process.

B. Instruction Tuning

Using the wayfinding question series generated, we pro-
ceed to instruction-tune another LLM θ2. An instruction ti
comprises two parts: the input and the desired output. In the
WIT framework, the input contains the conversation Ci and
the series of questions Qi, whereas the desired output contains
the series of answers Ai to the questions. ti can be presented
as follows:

ti =≪
in

{Ci, Qi};
out

Ai≫

The questions Qi represent a sequence of tasks, comprising
multiple auxiliary tasks and a final main task. The auxiliary
tasks guide the model through the context, aiming to gather
the necessary information and insights required to effectively
perform the main task.

Instruction ti needs to be tokenised as ti =
{ti(1), ti(2), . . . , ti(n)}, where ti(j) denotes the j-th
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token of ti and n is the number of tokens, before it can be
used for the training. This token sequence can be divided
into two distinct parts by the index l where the content of
the instruction input ends, namely the instruction input part
ti(< l) and the desired response part ti(≥ l). Now, given the
tokenised instruction dataset S = {ti}Ni=1, where N is the
size of the set, supervised instruction tuning can be performed
using cross-entropy loss as follows [65]:

L =
∑
ti∈S

Li

Li = −
|ti|∑
j=1

logP (ti(j) | ti(< j); θ2)

In this function, for each token ti(j), the model θ2 predicts
the next token given all preceding tokens ti(< j). Loss is com-
puted only on the output portion (j ≥ l), training the model
to generate correct answers given conversation context and
questions. This sequential multi-task tuning—where auxiliary
questions guide the model toward the final trigger identifica-
tion task—is expected to enhance reasoning capabilities more
effectively than direct single-task tuning. Upon completion,
we obtain a tuned model θ2tuned .

For inference, the initial θ1 is used to generate wayfinding
questions from unlabelled data. The generated questions are
then prompted to θ2tuned , which now produces the corresponding
answers. These answers are then processed programmatically
to extract the relevant labels, thereby completing the inference
process.

IV. EXPERIMENTS & RESULTS

Our experiments focus on Ekman’s seven discrete emotions:
anger, contempt, disgust, fear, joy, sadness, and surprise [66].
We also use neutral to label utterances that do not express an
explicit emotion.

A. Experiment Setup

Datasets: To ensure generality, we employ three datasets for
evaluation: MELD-FR [2], EFR-MASAC [7], and ConvECPE
[5]. Statistics regarding these datasets are presented in Table
I. MELD-FR comprises English dialogues sourced from the
popular American TV series Friends [67]. EFR-MASAC is
derived from Hindi-English code-mixed video clips of the
popular Indian series Sarabhai vs. Sarabhai [68]. ConvECPE,
in particular, was developed as a conversational corpus aimed
at extracting emotion-cause pairs [5]. For this study, we
adapted the ConvECPE dataset to suit the ESR experiment
by converting the existing cause labels into trigger labels.

Baselines:
Supervised baselines using utterance labels: This class

trains emotion classifiers from complete utterance-level anno-
tations then predicts shifts. Comparing against these methods
tests whether WIT achieves comparable performance without
full utterance labelling. Baselines include: (1) Stacked instruc-
tion tuning [8], where LLMs are tuned with instructions built
on emotion labels (F1: 0.76 MELD-FR, 0.79 EFR-MASAC);

Dataset Split Instances Triggers Utterances %Trigger

MELD-FR
Train 4,000 5,575 35,000 15.9%
Val 426 494 3,522 14.0%
Test 1,002 1,169 8,642 13.5%

EFR-MASAC
Train 4,894 6,542 98,777 6.6%
Val 389 434 7,462 5.8%
Test 385 461 7,690 6.0%

ConvECPE Train 120 1,249 5,810 21.5%
Test 31 393 1,623 24.2%

TABLE I: Statistics for the MELD-FR, EFR-MASAC, and
ConvECPE datasets.

(2) XGBoost-EC [9] using emotion provocateurs; (3) Two-
GRU model [10] with BERT embeddings; (4) Rule-based
algorithms [12].

Multi-task baseline: EFR-ERCmulti [2] operates without
utterance-level labels but still predicts per-utterance emotions
before shifts, enabling comparison of direct shift detection
versus two-stage approaches.

In-context learning: Zero-shot and one-shot prompting with
GPT-4o, LLAMA 3 8B, and Mistral 7B assess LLM capabil-
ities without task-specific tuning.

Framework settings: For each training dataset, an LLM
(GPT-4o is used in our experiments) is first employed to select
top m instances based on two criteria: (1) the selected subset
must maintain a similar distribution with the original training
data in terms of the number of speakers, utterances, and
triggers; and (2) the chosen dialogues should exhibit diversity,
avoiding redundancy or excessive similarity.

Instruction Generation with θ1 We generate m×t series of
wayfinding questions and answers, where m (= max, 500, 100,
20) denotes the top labelled instances selected and t denotes
the number of variants generated for each (Table II). These
values of m represent large, medium, and small training set
sizes. Distribution is preserved. Variants are generated using
different LLMs to enrich the training data. For MELD-FR and
EFR-MASAC, 6 different instruction sets are generated. For
ConvECPE, only 5 instruction sets are generated, because the
dataset size is not large enough for the Many instances test.

For test scenarios involving a single series, we use GPT-
4o to generate it. When three series variants are required for
the same instance, we utilise GPT-4o, a candidate of frontier
models and two open-source mid-sized models, LLAMA 3 8B
and Mistral 7B, to produce them.

Test Scenario m t

Full training data (WITmax×1) max 1
Many instances (WIT500×1) 500 1
Medium instances (WIT100×1) 100 1
Medium instances, 3 variants (WIT100×3) 100 3
Limited instances (WIT20×1) 20 1
Limited instances, 3 variants (WIT20×3) 20 3

TABLE II: Test suite design for instruction generation.

An advantage of this strategy is harnessing multiple LLMs
{θ11 , θ12 , . . .} to generate diverse question sequences from
single instances. Each LLM produces unique phrasings and
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Method MELD-FR EFR-MASAC ConvECPE

Baselines using emotion labels for supervision
Stacked Instruction+labels [8] 0.760 0.790 -
XGBoost-EC+labels [9] 0.710 0.790 -
Two GRUs+labels [10] 0.680 0.790 -
Algorithms+labels [12] 0.680 0.790 -

Baselines using Multi-task learning
EFR-ERCmulti [2] 0.348 - -

Baselines using in-context learning
GPT-4o + Zero-shot 0.353 0.253 0.378
GPT-4o + One-shot 0.334 0.310 0.335
LLAMA + Zero-shot 0.300 0.261 0.360
LLAMA + One-shot 0.365 0.307 0.294
Mistral + Zero-shot 0.348 0.281 0.335
Mistral + One-shot 0.325 0.271 0.344

WIT tuned models
GPT-4o + WITmax×1 0.743 0.783 0.729
GPT-4o + WIT500×1 0.749 0.704 -
GPT-4o + WIT100×1 0.670 0.680 0.721
GPT-4o + WIT100×3 0.694 0.736 0.750
GPT-4o + WIT20×1 0.594 0.448 0.523
GPT-4o + WIT20×3 0.629 0.510 0.571
LLAMA + WITmax×1 0.734 0.656 0.736
LLAMA + WIT500×1 0.709 0.637 -
LLAMA + WIT100×1 0.729 0.665 0.731
LLAMA + WIT100×3 0.739 0.703 0.746
LLAMA + WIT20×1 0.584 0.375 0.590
LLAMA + WIT20×3 0.619 0.482 0.645
Mistral + WITmax×1 0.687 0.600 0.731
Mistral + WIT500×1 0.643 0.696 -
Mistral + WIT100×1 0.673 0.685 0.717
Mistral + WIT100×3 0.695 0.738 0.740
Mistral + WIT20×1 0.466 0.402 0.547
Mistral + WIT20×3 0.503 0.435 0.548

TABLE III: Performance of models across all datasets. Values
are F1 scores for the triggers. Models denoted with +labels
are those requiring pre-existing utterance-level emotion labels.
Bold values denote the best performance in each local group.
Highlighted values represent our best fine-tuned model for
each dataset. Multiple methods report identical performance;
values verified from original papers.

reasoning paths, enabling diverse training data from limited
examples (see Appendix ?? for examples).

Instruction Tuning with θ2 We tune three LLMs, GPT-
4o, LLAMA 3 8B, and Mistral 7B on all the instruction
sets generated for each dataset. As a result, we have 66
different tuning pipelines. We utilise the AdamW optimiser
with a learning rate of 1e−5 and a cosine annealing scheduler.
Batch sizes are dynamically adjusted based on GPU memory
availability. The tuning is conducted over 3 epochs to balance
performance and time while avoiding overfitting on the limited
dataset sizes.

B. Main Results

Our primary evaluation metric is the F1 score of the emotion
triggers, labelled as 1. This choice is justified by the central
objective of identifying trigger utterances for emotion shifts.

WIT achieves performance comparable to supervised mod-
els with reduced annotation. WIT models achieve F1 scores
within 0.011 (MELD-FR) and 0.007 (EFR-MASAC) of su-
pervised SOTA requiring full utterance labels (Table III),

demonstrating competitive performance with substantially re-
duced supervision. Specifically, GPT-4o+WIT500×1 achieves
0.749 versus 0.760 for supervised baselines on MELD-FR,
while GPT-4o+WITmax×1 reaches 0.783 versus 0.790 on EFR-
MASAC.

Optimal configuration with moderate training data. The
WIT100×3 configuration proves optimal, delivering 7 of 9
best results across datasets. Performance plateaus beyond
100 instances with careful instruction curation, though fewer
than 20 instances shows significant degradation. For MELD-
FR, GPT-4o achieves best performance (F1: 0.749) with
WIT500×1, while LLAMA and Mistral excel with WIT100×3

(F1: 0.739, 0.695). Similar patterns hold for EFR-MASAC
and ConvECPE, with WIT100×3 consistently delivering strong
results. Open-source LLMs achieve performance comparable
to GPT-4o, enabling cost-effective implementation.

Annotation efficiency. During training, WIT requires only
shift-boundary labels (e.g., 4 labels for a 20-utterance dialogue
with 2 shifts) versus complete utterance-level labels (20 labels)
for supervised methods. More importantly, during inference,
WIT directly detects emotion shifts and their triggers with
zero annotation, while supervised methods must first predict
per-utterance emotions then identify shifts, introducing com-
putational overhead and error propagation.

C. Evaluation of Wayfinding Questions

We evaluate wayfinding question quality using Gemini-1.5-
Pro-002, scoring alignment, completeness, relevance, sequenc-
ing, and clarity (1-10 scale) for WIT100×3 (Table IV). Two
human annotators evaluated three representative conversations:
C1, a casual conversation; C2, a monologue with no emotional
changes; and C3, a multi-speaker dialogue with three triggers
(Appendix ??).

GPT-4o LLAMA 3 8B Mistral 7B

Alignment 7.64 6.49 6.87
Completeness 8.12 6.75 6.46
Relevance 8.53 7.54 7.21
Sequencing 8.26 6.43 6.75
Clarity 8.93 8.18 8.34

TABLE IV: Average scores by Gemini for WIT100×3 instruc-
tion set.

Our evaluation reveals notable differences across models.
The automated evaluation using Gemini-1.5 (Table IV) further
confirms model-level differences in instruction quality. GPT-
4o outperforms the open-source models across all dimensions,
particularly in clarity (8.93) and relevance (8.53), indicating
well-structured, contextually grounded question generation.
LLAMA and Mistral show comparable performance in clarity
but lag in alignment, sequencing, and completeness, suggest-
ing less coherent task decomposition and weaker progression
in reasoning chains. These results align with human eval-
uations and reinforce that high-quality wayfinding prompts
benefit from both linguistic fluency and strategic reasoning
scaffolding, which GPT-4o executes more reliably.

Qualitative evaluations (Table V) reveal that GPT-4o consis-
tently delivers high-quality questions across all criteria, with
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particularly strong sequencing and completeness. For example,
in C3, “What is the tone of Ross’s statements (lines 1–7)?”
effectively guides attention across utterance progression. In
contrast, LLAMA 3 8B and Mistral 7B show weaker alignment
and sequencing, with questions like “Does Monica’s emotion
shift occur after a statement [...]?” that lack contextual
grounding and fail to reflect cumulative emotional buildup, in-
stead isolating single utterances rather than modeling broader
discourse context.

GPT-4o LLAMA 3 8B Mistral 7B

Criteria C1 C2 C3 C1 C2 C3 C1 C2 C3

Alignment 8.5 9 9 6 6 6 6 6 7
Completeness 8 8 9 6.5 5 7 7 7 7
Relevance 8 8 8 7 7 7 6.5 6.5 6
Sequencing 9 8 9 7 5 5 7 7 7
Clarity 9 7 8 7.5 8 7 8 8 7

TABLE V: Annotators’ evaluation of the sample conversa-
tions. Values are average scores. Inter-annotators reliability:
Cohen’s κ = 0.68 (substantial agreement).

D. Error Analysis

Our error analysis focuses on the top-performing variant
of base model, namely GPT-4o + WIT500×1, LLAMA +
WIT100×3, and Mistral + WIT100×3, to evaluate their ability
to identify emotional triggers. Figure 4 presents the confu-
sion matrices these models produce. GPT-4o demonstrates a
balanced performance, with a 5.4% false positive rate and
an 8.6% false negative rate, making it the most versatile for
general tasks. LLAMA achieves exceptional precision for non-
trigger utterances, with only 0.5% false positives, but struggles
with trigger detection, exhibiting a high false negative rate of
41.2%, limiting its suitability for trigger-sensitive applications.
Mistral balances low false positives (2.5%) with a moderate
false negative rate (16.25%), offering a compromise but un-
derperforming in trigger detection compared to GPT-4o. While
each model’s strengths are evident, the elevated false negatives
in LLAMA and Mistral highlight areas for improvement in
accurately detecting emotional triggers.

Fig. 4: Confusion matrices for top performing instruction-
tuned GPT-4o, LLAMA 3 8B, and Mistral 7B models. 0
denotes non-trigger utterances whereas 1 denotes trigger ut-
terances.

E. Evaluation of Emotion Shift Predictions

Table VI shows that GPT-4o + WIT500×1 achieves high
accuracy on frequent, high-contrast shifts—e.g., neutral → joy

(198 total, 142 correct; 71.7%) and joy → neutral (179/139;
77.7%). These transitions involve clear polarity changes and
strong lexical cues, which are well-aligned with WIT’s step-
wise question decomposition. In contrast, the model performs
poorly on rare or fine-grained shifts like contempt → fear
and fear → disgust, where emotion boundaries are more
ambiguous and contextual cues subtle. These errors reflect
limitations in generalising over low-frequency transitions and
capturing latent interpersonal or cultural nuance.

Shifts between negatively-valenced emotions (e.g., anger
→ sadness, disgust → contempt) yield intermediate accuracy,
indicating that while the model detects affective change, it
struggles to precisely differentiate among negative emotional
states. Notably, transitions involving surprise (e.g., surprise →
anger, 41/31) are predicted with reasonable accuracy, suggest-
ing the model handles emotionally dynamic or reactive shifts
better than gradual ones. These results affirm WIT’s strength in
modelling dominant emotional arcs but highlight its challenges
in low-resource or semantically adjacent transitions.

After

Before
Anger Cntmpt Disgust Fear Joy Neutral Sadness Surprise

Anger 1910 1711 128 2920 10178 1914 4131

Contempt 53 10 20 1219 2515 10 21

Disgust 129 11 21 43 2519 53 75

Fear 52 10 10 75 3728 74 53

Joy 1814 31 32 63 179139 2922 3928

Neutral 10275 2515 1914 3425 198142 5747 8565

Sadness 2621 21 21 53 2620 6042 189

Surprise 3423 43 86 32 3020 9979 1411

TABLE VI: GPT-4o + WIT500×1 emotion shift predictions
across all datasets. Cell values denote the frequency of an
emotion shift, while subscripts denote accurate predictions.

To further investigate the errors, we examine a case study
of a code-mixed Hindi-English conversation taken from the
EFR-MASAC dataset involving three speakers, Monisha, Indu,
and Sahil. Appendix ?? provides the dialogue, the wayfinding
questions generated by GPT-4o, and the answers to them
generated by the LLAMA + WIT100×3 model. The dialogue is
humorous and dynamic, featuring playful banter, overlapping
speaker interactions, and frequent language switches. Monisha,
intending to deliver a speech about her mother-in-law, ends
up presenting a comically off-topic piece on milk due to
plagiarism from a primary school essay collection. Sahil and
Indu mock her, further adding to the complex interplay of
emotions and misunderstandings. The tuned LLAMA model
identifies Monisha’s emotion shift from surprise to fear in
utterance 9, but ground truth labels show a shift from contempt
in utterance 10 to neutral in her final response. The emotional
trigger arises from Sahil’s challenge in utterance 15 and
Monisha’s self-explanation in utterance 16.

The errors likely arise from the linguistic ambiguity of the
code-mixed dialogue, overlapping speaker interactions, and
the comedic tone, which masks deeper emotions like con-
tempt. This example underscores the difficulty of recognising
emotional shifts in conversations that are linguistically mixed,
involve multiple speakers, and hinge on subtle self-reflective
triggers in comedic and layered contexts.
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F. Ablation Analysis

We assess sequential tuning efficacy by decomposing the
tuning pipeline using the WIT100×1 instruction set for MELD-
FR. Instead of the full series, we start by tuning models
with only the final question, then progressively add preceding
questions. This reveals the impact of sequential instruction
tuning.

Fig. 5: Ablation study results for models instruction-tuned on
WIT100×1 instruction set.

Progressive question addition. Figure 5 shows that F1 scores
gradually increase as more guiding questions are added. When
tuned with only the final question, models achieve suboptimal
F1 scores of 0.485 (GPT-4o), 0.344 (LLAMA), and 0.506
(Mistral). As questions are added, models progressively align
their reasoning patterns, reaching 0.670, 0.729, and 0.673
respectively with the full instruction set.

Component ablations. To isolate which components drive
performance, we conducted ablations on GPT-4o with
WIT100×1 for MELD-FR (baseline F1: 0.670). Removing indi-
vidual requirements from the wayfinding prompt template de-
grades performance: without Logical Progression (F1: 0.609),
without Context Awareness (F1: 0.590), and minimal prompt
with no requirements (F1: 0.569). Furthermore, altering ques-
tion sequence also reduces effectiveness: random ordering (F1:
0.630), reversed ordering (F1: 0.611), and final-question-only
without auxiliary questions (F1: 0.485). These results confirm
that both structured progression through carefully ordered
questions and task-specific prompt requirements are essential
for effective ESR.

G. Hallucinations

The appearance of emotion labels beyond Ekman’s set (e.g.,
frustration, embarrassment) is common in model outputs. We
do not consider these as hallucinations, as they represent valid
emotional experiences not captured by Ekman’s taxonomy.
However, hallucinations occur when models predict triggers
beyond conversation length or reference non-existent utter-
ances (see Appendix ??). To address this, we implement auto-
mated validation checking: (1) trigger positions ≤ conversation
length, (2) emotion labels within valid set. Invalid outputs
are rejected and regenerated (mean attempts: 1.2, max: 3,
success rate: 98.7%). While this re-run protocol introduces
minor selection bias, the low attempt rate suggests negligible
impact.

Model MELD-FR EFR-MASAC ConvECPE

GPT-4o 48 32 19
LLAMA 3 8B 59 75 28
Mistral 7B 65 61 30

TABLE VII: Counts of trigger hallucinations across all exper-
iments.

Table VII shows hallucination counts across experiments.
LLAMA and Mistral show higher rates than GPT-4o, but
overall counts remain low relative to test scenarios examined,
confirming the validation protocol’s effectiveness.

H. Cost Analysis

We explicitly compare WIT against all baseline categories
in Table III, covering inference latency, API cost, and compute
requirements across conventional supervised and LLM-based
supervised settings. Conventional supervised baselines such as
XGBoost-EC [9] and EFR-ERCmulti [2] have a cost advan-
tage at inference as they require no LLM calls and operate
on lightweight architectures, though they require complete
utterance-level annotation at training. Both WIT and the LLM-
based supervised baseline Stacked Instruction Tuning [8] re-
quire two model calls at inference, one for question generation
and one for prediction, resulting in comparable latency (mean
2.1s for WIT and 1.9s for Stacked Instruction Tuning per con-
versation, using GPT-4o). Regarding cost, GPT-4o-based WIT
incurs marginally higher API cost than the supervised baseline
due to longer input length from the question series. Open-
source WIT models (LLAMA 3 8B, Mistral 7B) eliminate
API costs while remaining competitive in performance with
GPT-4o-based WIT, though self-hosted deployment requires
GPU compute resources.

WIT reduces annotation time by ∼60% during training
through shift-boundary labelling versus complete utterance
annotation. Supervised methods involve two stages: first pre-
dicting utterance-level emotion labels, then predicting emotion
shifts based on those predictions. Utterance-level emotion
annotation is required at training, and during inference, pre-
diction errors from the first stage can propagate to shift
prediction. In contrast, WIT directly predicts shifts at infer-
ence with zero annotation overhead. WIT achieves F1 scores
close to supervised SOTA across datasets: 0.749 vs 0.760 on
MELD-FR (gap: 0.011) and 0.783 vs 0.790 on EFR-MASAC
(gap: 0.007), demonstrating competitive performance with
substantially reduced supervision. Quality control on generated
instructions (96% validation accuracy, Section III-A) ensures
reliable training data. While supervised methods remain opti-
mal when complete annotations are available, WIT provides a
practical and effective alternative when utterance-level labels
are scarce or costly to obtain.

I. Limitations

Several limitations warrant discussion. First, generated
wayfinding instructions may contain errors; while spot-
validation shows 96% accuracy, systematic verification across
all training data was not conducted. Second, our evaluation
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focuses on Ekman’s discrete emotions in English and code-
mixed dialogues; extensions to other emotion taxonomies,
languages, or cultural contexts require further validation.
Third, emotion shift triggers in real conversations involve
complex factors beyond textual utterances, including tone,
timing, shared history, and cultural context, which our text-
only approach cannot fully capture. These limitations suggest
directions for future multimodal and cross-cultural research.

V. CONCLUSION

This study demonstrates the effectiveness of LLMs in
identifying emotion shift triggers in multi-party conversations
provided they are tuned with high-quality, context-sensitive
instructions. Technically, we propose a structured wayfinding
prompting strategy that systematically decomposes the ESR
task into targeted sub-questions for instruction tuning. Lever-
aging the WIT framework, frontier models such as GPT-4o
and open-source models such as LLAMA 3 8B, and Mistral
7B excel when instruction-tuned with dynamic wayfinding
questions that emulate human reasoning. Our experiments
show performance comparable to SOTA benchmarks with
substantially reduced annotation requirements. Building upon
this, future work should focus on improving generalisability by
expanding experiments to capture nuanced emotional blends,
and incorporating multimodal cues such as vocal tones and
gestures. These advancements would further enhance the scal-
ability of emotion-aware systems.
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