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Abstract

Despite advances in large language models
(LLMs), Task-Oriented Dialogue (TOD) sys-
tems often fall short in delivering personal-
ized, context-rich responses, especially in low-
resource, code-mixed, and multimodal settings
like Hinglish (Hindi-English). To bridge this
gap, we introduce HiVisTask, the first Hinglish
multimodal, multidomain, persona-based TOD
dataset that captures user-assistant interactions
across text and visual modalities. We also
propose G°TOD, a generalizable framework
that enhances personalization using three struc-
tured knowledge graphs: entity context, user
persona, and commonsense reasoning, all ex-
tracted from conversation history. Extensive ex-
periments with LLMs (e.g., LLaMA3.2, Phi3,
GPT4, Mistral7b, Qwen3, Gemma3) show that
G’TOD consistently outperforms both standard
and ablated baselines. We observe substantial
gains across evaluation metrics (both quantita-
tive: BLEU 1 and qualitative: Human Eval 1)
over existing models. The observed improve-
ments strongly underscore the value of struc-
tured and selective contextualization in gener-
ating personalized and engaging responses.

1 Introduction

Task-Oriented Dialogue (TOD) systems facilitate
the completion of specific user tasks through nat-
ural language interaction, such as booking flights,
setting reminders, or making restaurant reserva-
tions (Chen et al., 2017). These systems have be-
come increasingly vital across domains such as
customer service, personal assistants, e-commerce,
and enterprise applications. However, building ef-
fective TOD systems requires large volumes of
diverse and high-quality training data, which can
be both time-consuming and expensive to collect
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Figure 1: Demonstration of how G>TOD generates dif-
ferent responses based on user personas in the HiVisTask
dataset.

(Zhang et al., 2020). The advent of Large Lan-
guage Models (LLMs) such as LLaMA (Touvron
et al., 2023), Mistral (Jiang et al., 2023), and Chat-
GPT (OpenAl et al., 2024) has transformed the
landscape of NLU. These models perform well
in open-domain dialogue but remain underutilized
in TOD settings, as they are rarely optimized for
structured, goal-driven interactions. Moreover, sev-
eral open challenges remain such as: (a) LLMs
handle casual conversations well, but personaliza-
tion in TOD is underexplored. Persona-grounded
agents enhance relevance and engagement, yet
task-based systems lack this integration (Men-
donga et al., 2023). (b) Most TOD models rely
only on dialogue history, ignoring structured ex-
ternal knowledge like user goals, preferences, or
commonsense. Incorporating such knowledge via
graphs can improve response quality (Zamani et al.,
2023). (c) Existing TOD datasets are primarily in
English or Chinese. Hinglish (Hindi + English),
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widely used in India, lacks dedicated TOD datasets
with persona-aware and multimodal features (Khan
et al., 2020; Kumar et al., 2023). Notably, Hindi
is the fourth most spoken language worldwide, as
reported by Wikipedia. (d) Real-world tasks of-
ten require visual inputs (e.g., hotel images, food
menus), yet TOD systems are mostly unimodal.
They fail to integrate multimodal cues with user
preferences or commonsense (Ohashi et al., 2024).

To bridge these gaps, we propose a dataset and
a framework:

(I) HiVisTask, a large-scale, multimodal,
and persona-grounded Hinglish dataset for task-
oriented dialogue. To the best of our knowledge,
HiVisTask is the first dataset to combine code-
mixed language, visual modality, and user persona
traits in real-time user-assistant interactions. It
enables research on personalization, code-mixed,
multimodality, and LLM reasoning in low-resource
TOD.

(I1) G*’TOD (Graph? for TOD), a novel zero-
shot framework that enhances LLM-driven TOD
by injecting structured knowledge in the form of
three distinct knowledge graphs: (a) Entity Con-
text Graph (b) Persona Graph (c) Commonsense
Graph. An example of how G*TOD responds to
different user personas on same utterance is shown
in Fig. 1. In this work, we aim to investigate the
following two research questions: (RQ1) What is
the impact of all three different types of graphs
on LLM reasoning? Which provides better per-
sonalized grounding for response generation: the
persona knowledge graph (Gp) or the textual per-
sona description? (RQ2) Which of the existing
LLMs are more flexible towards personalization
with minimal adaptation? Do the existing LL.Ms
show bias towards any particular persona type?

Key Contributions. The main contributions of
this work are three-fold:

* We present HiVisTask, the first multimodal,
persona-grounded, Hinglish task-oriented dia-
logue dataset, containing 2,700 dialogues and
42,000 utterances across 7 diverse personas.

» We propose G*TOD, a zero-shot prompting
framework that enriches LLM reasoning with
structured graphs combining entity context,
persona, and commonsense knowledge.

» G’TOD outperforms LLM baselines in task
success, persona alignment, and fluency, vali-
dating our graph-augmented design.

2 Related Work

In the following paragraphs, we have summarized
the relevant works & highlighted the research gap.

End to End TOD Dataset. Dialogue (TOD)
datasets are commonly built via user-system inter-
actions (Lee et al., 2025; Zhao et al., 2025; Morad-
shahi et al., 2023; Williams et al., 2014; Raux,
2005) or Wizard-of-Oz setups (Kelley, 1984; Wen
et al., 2016; Asri et al., 2017; Budzianowski et al.,
2018; Byrne et al., 2019; Andreas et al., 2020), but
face scalability and control issues. Low-resource
languages further lack standardized NLU bench-
marks (Adelani et al., 2021; Goyal et al., 2022;
Moghe et al., 2022). Cross-lingual TOD meth-
ods explore code-mixed and zero/few-shot learning
(Moghe et al., 2021; Li et al., 2018; Siddhant et al.,
2020). Existing Hinglish and multimodal datasets
are chat-oriented or domain-limited. HiVisTask
introduces a persona-grounded, multidomain, mul-
timodal code-mixed TOD dataset for diverse tasks,
detailed in Table 1.

Knowledge Graph and Triplet-based Persona
Modeling. Task-oriented dialogue (TOD) systems
often model dialogue context as a sequence of past
utterances (Kulhanek et al., 2021; Hosseini-Asl
et al., 2020), using generative models like GPT-2
(Radford et al., 2019; Mohapatra et al., 2020) or
prompting-based LLMs (Li et al., 2022; Zhang
et al., 2023; Ulmer et al., 2024). Knowledge
graphs (KGs) enhance context understanding via
entity reasoning (Wan et al., 2023; Wu et al., 2022;
Yang et al., 2020; Rony et al., 2022; He et al.,
2020). Triplet embeddings (subject, relation, ob-
ject) further support response generation (Ma et al.,
2021b; Chen et al., 2025), while Subgraph-RAG
(Lietal., 2024) enables LLM-based reasoning over
subgraphs. Commonsense and persona modeling
via KGs like ConceptNet (Havasi et al., 2007) is ef-
fective in English (Bosselut et al., 2019; Sun et al.,
2025), but remains underexplored in code-mixed
languages like Hinglish (Speer et al., 2017).

Personalized Dialogue Generation. Incorpo-
rating personality traits is key for personalized dia-
logue (Chen et al., 2024). While explicit persona
data (e.g., roles, traits, styles) enhances interac-
tion (Song et al., 2021; Zheng et al., 2020; Zhang
et al., 2020; Liu et al., 2020; Lu et al., 2023), dia-
logue history provides a scalable alternative with
implicit cues and fewer privacy concerns. Meth-
ods like DHAP (Ma et al., 2021a) and MSP (Tang
et al., 2023) retrieve relevant history for genera-
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Dataset Turn | Task Size | Lang Image CodeMix| Task| Chat| Persona
MultiwOZ 2.0 (Ohashi et al., 2024) Multi | Hotel 10k+ | EN X X v X X
SNIPS (Coucke et al., 2018) Single| Booking | 13k | EN X X v X X
CamRest676 (Quan and Xiong, 2019) | Multi | Restaurant| 676 EN X X v X X
FRAMES (Asri et al., 2017) Multi | Travel 1.3k | EN X X v X X
DSTC2 (Banerjee et al., 2018) Multi | Restaurant| Varies|] HLEN | X v v X X
MMDialog (Feng et al., 2022) Multi | Open IM | EN v X X v X
MASAC (Bedi et al., 2021) Multi | TV serial | 8.6k | Hinglish| X v X v X
X-RiSAWOZ (Moradshahi et al., | Multi | Travel 151k | ENJHI | X v v X X
2023) etc. KO,FR

Personal.ens (Zhao et al., 2025) Multi | Restaurant| 122k | EN X X v X v
PicPersona (Lee et al., 2025) Multi | Map,Wiki | 18k EN X X v X v
HiVisTask(Ours) Multi | Multi- 21k | Hinglish| v/ v v v v

domain

Table 1: Comparison of the HiVisTask dataset with existing task-oriented dialogue datasets. HiVisTask is a multi-
turn Hinglish dataset featuring multimodal inputs, code-mixed language, and persona-grounded dialogues across
multiple real-world domains. Here, EN = English, FR = French, HI = Hindi, and KO = Korean.

tion, but recent efforts (Wang et al., 2023a; Yang
et al., 2025b,a) focus on chat-oriented data, with
limited progress in TOD and challenges in persona
extraction and retrieval efficiency.

3 Dataset

We present HiVisTask dataset, consisting of
user—assistant conversations generated through
LLMs. Comparison between HiVisTask and ex-
isting TOD datasets is shown in Table 1.

3.1 Dataset Creation

To construct the HiVisTask dataset, we simulate
realistic, persona-grounded, multimodal, and task-
oriented dialogues in Hinglish that reflect diverse
user needs across real-world tasks. The dataset
creation pipeline comprises three key stages.

(a) Persona Definition. We select personas
based on demographic factors such as age, occu-
pation, and language fluency, which guide the as-
sistant’s tone, response style, and decision-making
strategies. These personas, including Housewife,
IT Professional, College Student, Senior Citizen,
Small Business Owner, Freelancer, and School
Teacher, are crafted to capture unique preferences,
daily tasks, and contextual constraints (e.g., bud-
get, time, technical fluency). Persona details are
mentioned in Appendix Fig.7.

(b) Prompt Designing. In this stage, we de-
sign few-shot prompts for each persona and task
scenario to guide the LLM in generating context-
aware, appropriate responses. The prompts are
composed of the following components: a clear
task description outlining the user’s intent, rele-
vant contextual history, and multimodal cues such

as visual inputs when applicable. These carefully
crafted prompts simulate realistic user inputs to
ensure the assistant responds appropriately in a
code-mixed Hinglish setting, considering the user’s
persona and context. Some example prompts are
shown in Appendix Sec. A.3, Table 9 .

(c) Dialogue Generation. This stage lever-
ages the prompts designed in the previous step
to guide the LLM in generating dialogues turn-
by-turn, where each assistant response is shaped
by the persona, task scenario, and multimodal in-
put. Each generated turn consists of a Hinglish
utterance from a persona, followed by a response
from the assistant that is contextually relevant and
grounded in the persona’s goals. The LLM also
incorporates multimodal cues, such as interpreting
images or describing task-related actions. Sample
images from the dialogues is shown in Appendix
Sec. A.1, Fig. 6. The images are sourced from
two primary sources: (i) publicly available plat-
forms (e.g., Pinterest) for generic images such as
decorative tables, and (ii) original captures and
screenshots that depict real-world scenarios, such
as restaurant bills. Dialogue data is generated using
GPT-3.5-Turbo (Chen et al., 2023) and LLaMA-
2-13B (Touvron et al., 2023). Examples from the
dataset is shown in Appendix Table 10.

3.2 Dataset Quality and Characteristics

The HiVisTask dataset undergoes manual evalu-
ation by three annotators (Appendix Sec. A.2)
to ensure it meets quality standards. Annotators
review each dialogue turn-by-turn, making edits
where necessary to ensure responses are grounded
in the given background information, user persona,
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Metrics Count
# of Personas 7

# of Dialogues 2700

# of Turns 21000
# of Utterances 42000
Avg # of utterances per dialogue 15.50
Avg # of words in user utterance 18.58

Avg # of words in assistant utterance | 23.36

Table 2: Overall statistics of the HiVisTask Dataset

intent, actions, and overall task flow. While most
responses are accurate, some tend to be too generic
or resemble casual chat rather than task-specific
replies. Details on annotation and quality assur-
ance is mentioned in Appendix Sec. A.2.

The HiVisTask dataset includes the following
characteristics (i) Task-Oriented Multimodal Di-
alogues: The conversations are centered around
common assistant tasks such as booking flight,
scheduling meeting, setting reminders, etc. includ-
ing visual inputs. (ii) Code-Mixed Hinglish: All
conversations are in Hinglish, reflecting real-world
scenarios where users communicate in a blend of
Hindi and English. (iii) Persona-Driven Inter-
actions: Each dialogue reflects one of the seven
defined personality archetypes (Appendix Table 16,
17), influencing the assistant’s linguistic style and
user’s communication tone. (iv) Diverse User Be-
havior: The dataset captures a wide range of user
behaviors, including five behavioural tone types:
polite, formal, neutral, impatient, and humorous.
The proportion of each tone style ranges from 9%
(minimum) to 22% (maximum) across personas,
with an overall mean distribution of around 15%
tone variation throughout the dataset. The overall
statistics and the domain-wise distribution of the
proposed dataset is shown in Table 2 and Table 3
respectively.

4 Methodology

The proposed G*TOD zero-shot framework, illus-
trated in Fig. 2, has four prominent stages each
described in the subsequent sub-sections.

4.1 Dialogue Encoding and Knowledge
Graph Construction

The task-oriented dialogue is represented as a se-
quence D = {uy,ay,...,us}, where u; denotes
the user utterance at turn ¢ for7 = 1,...,¢, and
a; denotes the assistant response at turn j for j =
1,...,t—1. We collect ~80% of user—assistant con-
versations, ordered from oldest to newest, to build

Domain Count | Domain Count
Food 2,763 | Communication 1,090
Finance 2,846 | Shopping 402
Home 915 | Government 539
Health 1,207 | Weather 2,381
Work 1,004 | Education 1,204
Social 1,184 | Emergency Support 579
Family 348 | Travel 4,538

Table 3: Domain-wise Distribution of the Proposed
Dataset.

an overall dialogue history H,, for each user. From
each dialogue history H,,, we extract three differ-
ent types of knowledge graphs that capture various
aspects of the user’s interactions. The remaining
20% of the most recent conversations are reserved
for testing and validation, and are excluded from
graph construction.

Entity Context Knowledge Graph. Firstly,
we extract named entities from the dialogue his-
tory H,, using a Named Entity Recognition (NER)
model (Singh et al., 2018; He et al., 2024). The
corresponding relations between these entities are
inferred using a large language model (LLM), and
together they form the entity context graph Gg,
represented as triplets in equation 1.

QE:{(ei,n-j,ej)|i,j:1,...,N}, (1)

where e; and e; are entities, r;; is the relation be-
tween them and N is the total number of distinct
entities extracted from H,,.

Persona Knowledge Graph. We leverage a
large language model (LLM) (Wang et al., 2023b)
to extract entities and relations that would reflect
information about the user’s lifestyle, preferences,
and personal traits. These are structured into the
persona graph Gp, shown in equation 2:

Gp ={(si,pi,0) |i=1,...,N}, @

where each triplet consists of a subject s;, a predi-
cate p;, and an object 0;, and [V is the number of
such triplets.

Commonsense Knowledge Graph. We also
extract commonsense-level knowledge from the di-
alogue history ‘H,, by leveraging external resources
such as ConceptNet (Havasi et al., 2007). This
knowledge helps capture implicit and inferred rela-
tions between concepts mentioned in the dialogue.
The resulting graph G, shown in equation 3:

gC:{(Si,TZ'7Oi)|7::1,...,N} (3)

where s; is the subject, r; is the relation (as de-
fined in ConceptNet (Krawczyk et al., 2015; Speer
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Figure 2: G’TOD framework. (a) Dialogue Encoding and Knowledge Graph Construction of three graphs:
entity context knowledge graph, persona knowledge graph and commonsense knowledge graph; (b) Knowledge
Distillation, consisting of triplet relevance threshold scoring, neighborhood subgraph retrieval and soft pruning
extraction; (c) Context Selection; and (d) Response Generation.

et al., 2017), and o; is the object. Here, N is the
total number of commonsense triplets.

Table 20 provides a detailed example highlight-
ing the role of each knowledge graph. It illustrates
how the Entity, Persona, and Commonsense graphs
capture important relations, user preferences, and
world knowledge, respectively, enabling more ac-
curate and personalized dialogue responses.

For multimodal utterances, during the construc-
tion of triplets for both the Entity Context Knowl-
edge Graph (Gg) and the Persona Knowledge
Graph (Gp), we use LLM that is supplied with
the corresponding visual input whenever an image
is available, in addition to the textual dialogue con-
text and the associated prompt instructions. This
multimodal conditioning enables the LLM to ex-
tract information from the image that may not be
explicitly mentioned in the text, allowing the model
to jointly interpret textual and visual cues during
entity extraction and persona inference. As a re-
sult, the generated triplets are more context-aware.
In contrast, the Commonsense Knowledge Graph
(Go) is constructed exclusively from textual input.

4.2 Knowledge Distillation

To ensure that the LLM receives only the most rel-
evant information, we perform a triplet-wise factor-

ization and filtering step for each of the knowledge
graphs. This process retains only the triplets that
are contextually relevant to the current user utter-
ance uy and its preceding dialogue history H;_.

Triplet Relevance Scoring. For each extracted
entity e; € & in the current utterance, we define
a relevance function Rel(e;, 7;) that computes the
semantic alignment between the entity e; and a
given triplet 7; € Gx where Gx € {Gr,Gp,Gc}.
Each triplet node 7; in the graph is scored for its
contextual compatibility with the current dialogue.

Neighborhood Subgraph Retrieval. To fo-
cus on local and meaningful knowledge, we
use a breadth-limited subgraph retrieval func-
tion Subgraph(-,[3). For each graph Gx €
{GE,Gp,Gc}, we extract a subgraph around each
entity e; € & using a depth parameter 3, which
controls the size of the contextual neighborhood.
The retrieved subgraph is defined as:

gx = U Subgraph(Gx, e;, ) “
e, €EEL

Here, G € {G},Gp, G5} denotes the filtered
subgraph corresponding to each knowledge graph.
[ determines contextual depth, and e; represents
entities identified in the current user utterance uy.
Soft Pruning Extraction. To further refine the
knowledge context, we use a Soft Pruning Extrac-
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Model Variant PPL | BLEU | ROUGE-L | METEOR | BS-F1 | ConSim | R-Len | PA PC
LLama-3.2 (Touvron et al., 2023) | Baselines | Vanilla 13.55 | 2.94 37.89 66.12 0.67 0.34 10.28 - -
Self-Reflection 13.20 | 5.10 41.80 67.95 0.69 0.36 10.55 - -
Dynamic Self-Reflection | 12.90 | 6.80 44.70 69.88 0.71 0.39 11.00 - -
Ablations | with utterance selection | 12.80 | 532 | 4237 | 6834 | 070 | 037 | 10.65 | 12.89 | 18.12
with all triplets 1215 | 7.32 45.13 70.45 0.72 0.40 11.30 | 11.45 | 19.85
Gr 24.62 | 20.34 70.56 80.25 0.83 0.82 16.50 | 14.45 | 18.98
Gr +Gp 23.90 | 21.02 73.11 82.24 0.84 0.81 16.75 | 15.97 | 20.98
Proposed | G +Gp+Go | 2240 | 2193 | 7512 | 81.08 | 0.85 | 080 | 17.08 | 18.96 | 22.28
Phi-3(Abdin et al., 2024) Baselines | Vanilla 14.10 | 3.65 35.64 65.11 0.65 0.32 9.80 - -
Self-Reflection 13.80 | 4.50 37.80 66.85 0.67 0.34 10.10 - -
Dynamic Self-Reflection | 13.20 | 5.90 40.50 68.80 0.69 0.36 10.60 - -
Ablations | with utterance selection | 13.50 | 4.67 | 3845 | 6456 | 069 | 036 | 1030 | 523 | 11.23
with all triplets 1290 | 6.57 43.33 69.12 0.70 0.38 10.80 | 3.24 | 9.96
() 25.10 | 19.00 68.23 79.22 0.81 0.81 1590 | 11.23 | 13.45
Gr+0p 24.50 | 20.14 68.13 0.80 0.83 0.82 16.30 | 14.35 | 15.12
Proposed | Ge+Gp+Go | 2400 | 1923 | 6800 | 8143 | 081 | 081 | 1670 | 1835 | 14.56
Gemma-3(Team et al., 2025) Baselines | Vanilla 12.80 | 4.56 37.69 67.12 0.68 0.35 10.70 - -
Self-Reflection 1240 | 5.60 39.80 68.90 0.70 0.37 11.00 - -
Dynamic Self-Reflection | 11.90 | 6.80 42.60 70.40 0.72 0.39 11.40 - -
Ablations | with utterance selection | 11.10 | 6.12 | 3512 | 7022 | 072 | 039 | 11.20 | 834 | 14.23
with all triplets 12.50 | 7.12 44.12 71.23 0.74 0.72 11.80 | 5.87 | 12.23
Gr 2320 | 9.12 53.08 72.12 0.78 0.80 17.00 | 9.23 | 11.98
Gr+Gp 22.60 | 13.56 66.34 79.12 0.83 0.79 17.30 | 14.67 | 17.23
Proposed | Gp+Gp+Go | 2210 | 18.67 | 6813 | 7903 | 0.84 | 081 | 17.80 | 2134 | 2235
mistral-7b(Jiang et al., 2023) Baselines | Vanilla 12.30 | 4.56 40.23 68.19 0.69 0.36 10.90 - -
Self-Reflection 11.90 | 5.40 42.00 70.10 0.71 0.38 11.20 - -
Dynamic Self-Reflection | 11.60 | 6.70 44.50 71.90 0.73 0.40 11.60 - -
Ablations | with utterance selection | 11.70 | 5.12 | 4187 | 71.82 | 074 | 040 | 1150 | 823 | 935
with all triplet 1140 | 7.13 50.12 72.87 0.75 0.42 11.80 | 6.99 | 13.24
() 22.50 | 12.01 64.98 75.98 0.77 0.81 17.50 | 11.24 | 11.98
Gr+0p 22.00 | 16.98 78.45 78.23 0.78 0.75 17.90 | 17.24 | 21.45
Proposed | Ge+Gp+Go | 2150 | 2024 | 7533 | 7934 | 071 | 079 | 1830 | 19.24 | 23.98
Qwen3(Yang et al., 2024) Baselines | Vanilla 1270 | 5.34 41.12 68.09 0.70 0.37 10.90 - -
Self-Reflection 1240 | 6.10 43.00 69.20 0.72 0.39 11.20 - -
Dynamic Self-Reflection | 12.10 | 7.20 45.30 70.90 0.74 0.41 11.50 - -
Ablations | with utterance selection | 12.40 | 634 | 4423 | 6956 | 072 | 039 | 11.20 | 9.22 | 13.56
with all triplets 11.80 | 8.12 47.34 71.56 0.74 0.42 11.70 | 824 | 9.23
Gr 23.00 | 18.21 72.98 81.45 0.83 0.84 16.80 | 13.98 | 15.35
Gr+Gp 22.50 | 20.13 75.45 82.67 0.85 0.86 17.20 | 17.09 | 22.13
Proposed | Gp+Gp+Go | 2200 | 2123 | 7802 | 8397 | 085 | 083 | 17.60 | 22.12 | 1835
GPT4(OpenAl et al., 2024) Baselines | Vanilla 11.00 | 545 44.21 70.23 0.72 0.38 11.50 - -
Self-Reflection 10.70 | 7.80 48.10 72.30 0.74 0.41 11.90 - -
Dynamic Self-Reflection | 10.20 | 9.90 52.00 74.80 0.77 0.44 12.50 - -
Ablations | with utterance selection | 10.30 | 9.12 | 5245 | 7522 | 078 | 044 | 1040 | 11.23 | 11.22
with all triplets 990 | 11.23 56.12 77.56 0.80 0.46 1290 | 12.98 | 19.34
() 20.50 | 14.23 76.45 81.21 0.83 0.75 18.20 | 21.44 | 21.34
Ge+0p 17.00 | 19.23 78.23 84.23 0.85 0.86 18.60 | 24.04 | 22.22
G’TOD Proposed | G +Gp + Go 19.70 | 23.45 79.96 86.99 0.87 0.90 29.10 | 24.22 | 2345

Table 4: Comparison of different models and model variants on HiVisTask dataset across multiple evaluation

metrics, refer to Sec. 5. More details at Appendix B.2.

tion (SPE) mechanism. SPE selectively identifies
prior dialogue turns from H;_; and aligns them
with most relevant subgraphs. This contextual
alignment ensures the extracted triplets support
both the current dialogue turn and the user’s in-
tent. Each subgraph G% may contain many triplets,
which can exceed the LLM’s input budget. To pre-
vent overfitting and stay within the context limit,
we apply soft pruning using relevance thresholding.
Each triplet 7, € G is linearized into a sentence
Sk, and the semantic similarity §; € [0, 1] between
si and utterance uy is computed using cosine sim-
ilarity. We then apply a relevance threshold ¢ to
prune out low-signal triplets:

Tx ={m € Gx | 6x > 6} Q)

The final set of relevant knowledge triplets is:
’7;@1 = G UGp UGS This filtered set 7;21 contains
triplets from all three graphs (Entity, Persona, Com-
monsense) that are most semantically aligned with
the current utterance u;. (For details, see Appendix

Subsection D.2, Table 18).

4.3 Context Selection

Not all previous utterances are equally relevant for
generating a response. Therefore, we apply an ut-
terance selection step that prunes the dialogue his-
tory H¢—1 to retain only those turns that contribute
semantically or topically to the current interaction.
This subset, denoted 7:[15—1, is used alongside 7;21
during response generation. We retain the top-«
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scoring utterance to maintain the context.
Hi—1 = {u; € H | Rel(u, us) is among top-a} ~ (6)

The optimal value of « is selected via a greedy
search over a predefined range of values, aiming
to maximize a development objective (e.g., BLEU,
F1, or response accuracy).

4.4 Response Generation

We pass the selected utterance u;, the filtered his-
tory H,_1, and the reduced triplet set 7;21 toaLLM
via a structured prompt. The LLM is then tasked
with computing R,

Re = LLM (us, Hio1, Tre) M

where R; denotes the generated assistant response.
This response is thus informed by dialogue context,
personalized user knowledge, and commonsense
reasoning.

5 Experimental Details

We conduct experiments for evaluating our pro-
posed G’TOD zero-shot framework using the
HiVisTask dataset and an opensource out-of-
domain dataset MediTOD (Saley et al.). Our
dataset is partitioned into train and test sets with
a standard 80:20 ratio. The train split is utilized
exclusively for constructing the three knowledge
graphs (Entity Context, Persona, and Common-
sense), while model evaluation is carried out di-
rectly on the test set. For entity and relation ex-
traction, we use IndicNER (Mhaske et al., 2022)
to identify named entities, while GPT-4 (OpenAl
et al., 2024) is employed as the LLM to infer se-
mantic relations among entities in the Entity Con-
text Knowledge Graph and to generate triplets for
the Persona Knowledge Graph (Chen et al., 2023).
It is also used to generate triplets from images
where ever available. Commonsense knowledge
is integrated from ConceptNet (Speer et al., 2017).
To measure similarity between triplets and utter-
ances, we apply the all-MiniLM-L6-v2 model (all-
MiniLM-L6-v2) with cosine similarity. The rele-
vant hyperparameter and configurations are sum-
marized in Appendix Table 8 in Sec. B.1. Details
of LLM Prompt mentioned in Appendix Fig. 8.

Baseline. 'We benchmark G°*TOD zero-shot
framework against three baseline prompting strate-
gies:  Vanilla, Self-Reflection (Shinn et al.,
2023), Dynamic Self-Reflection (Wang et al.,
2023c). We measure the performance of various

LLMs Models such as LLama-3.2 (Llama-3.2-3B-
Instruct) (Grattafiori et al., 2024), Phi-3 (Phi-3-
medium-4k-instruct-bnb-4bit) (Abdin et al., 2024),
Gemma-3 (Gemma-3-4b-it-GGUF) (Team et al.,
2025), Mistral-7b (mistral-7b-instruct-v0.2-bnb-
4bit) (Jiang et al., 2023), Qwen3 (Qwen3-1.7B)
(Yang et al., 2024), and GPT4 (OpenAl et al.,
2024), assessed in their default configurations to
establish a reference for their core generation ca-
pabilities. Details of LLMs in Appendix Table
12.

Evaluation Metrics. The LLM models are
evaluated using perplexity (PPL) (Brown et al.,
1992) for fluency, BLEU (Papineni et al., 2002),
ROUGE-L (Lin, 2004), and METEOR (Banerjee
and Lavie, 2005) for n-gram and semantic overlap,
BERTScore-F1 (Zhang et al., 2019) (BS-F1) for
embedding-based similarity, and context similarity
(ConSim) (Biberman, 1994) to assess contextual
coherence. We also explore dialogue-specific met-
rics that includes response length (R-Len), persona
alignment (PA), which measures how well the re-
sponse aligns with the user’s persona, and persona
consistency (PC), which reflects how consistently
the model maintains persona traits across dialogue
turns (details of PA, PC Appendix Sec. B.2.1).

6 Results and Discussion

6.1 Results

Table 4 shows results on our proposed dataset
HiVisTask and Table 5 shows results on out-of-
domain dataset MediTOD. G’TOD consistently
outperforms all baseline models across evaluation
metrics. Despite a minor increase in perplexity, it
achieves the highest BLEU, ROUGE-L, METEOR,
BERTScore-F1, and ConSim scores. Incorporat-
ing the full set of knowledge graphs entity context
GE, persona G p, and commonsense G¢ leads to no-
table quality gains. BLEU improves substantially,
reflecting better lexical overlap with reference re-
sponses. ROUGE-L nearly doubles, indicating
stronger content coverage, while METEOR sees a
16-25% boost in semantic and grammatical qual-
ity. BERTScore-F1 and ConSim rise by 20-30%,
showing improved meaning preservation and con-
textual grounding. Additionally, inclusion of per-
sona knowledge Gp notably enhances personaliza-
tion, increasing Persona Alignment (PA) to 24.22%
and Persona Consistency (PC) to 23.45%—sur-
passing GPT4 with only Gg by 2.78% and 2.11%,
respectively. Details about the metrics is given in
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Model Variant PPL | BLEU | ROUGE-L | METEOR | BS-F1 | ConSim | R-Len | PA | PC
GPT4(OpenAl et al., 2024) | Baselines | Vanilla 16.05 | 2.05 21.22 51.32 0.42 0.18 9.03 - -
Self-Reflection 17.23 | 3.04 29.23 60.21 0.51 0.25 11.01 - -
Dynamic Self-Reflection | 15.67 | 4.10 32.45 70.12 0.60 0.31 12.60 - -
| Ablations | with utterance selection | 17.00 | 325 | 29.85 | 6105 | 052 | 026 | 1125 | - | -
with all triplets 16.85 | 3.30 30.10 61.42 0.53 0.27 11.40 | - -
Gr 1520 | 4.50 34.80 72.55 0.64 0.41 1340 | - -
Gr+Gp 14.65 | 5.05 36.25 74.00 0.67 0.47 13.85 - -
G3*TOD Proposed | Gr + Gp + Go 13.90 | 6.12 39.30 77.60 0.72 0.55 14.65 - -

Table 5: Comparison of G’TOD and other GPT4 model variants on out-of-domain MediTOD (Saley et al.) dataset.

Metric Fluency , Coherence , Engagingness , Correctness | Overall

0.71
0.67

0.68
0.63

0.65
0.60

0.69
0.65

0.72
0.69

Krippendorff’s ()
Fleiss’ (k)

Table 6: Inter-annotator agreement scores using Krip-
pendorff’s Alpha («) and Fleiss’ Kappa (k)

Appendix B.2 and Sec. D.1.

a
I I
0

Fluency Cnntextual Coherence Engagmgness Correctness KG Overall

Score

Figure 3: Human evaluation results across multiple met-
rics, including Fluency, Contextual Coherence, Engagingness,
Correctness with Knowledge Grounding (KG), and Overall
quality. Each bar colour corresponds to a specific model con-
figuration: blue represents GPT-4 (vanilla), denotes
GPT-4 + Utterance Selection, green corresponds to GPT-4
+ All Triplets, red indicates GPT-4 + G_E, purple repre-
sents GPT-4 + G_E + G_P, and brown denotes the proposed
G3TOD (G_E + G_P + G_C) model.

Human Evaluation Results. To further as-
sess G°TOD’s performance, we conduct a hu-
man evaluation on 150 test conversations from
each persona-specific dataset. Three indepen-
dent researchers (not involved as authors) eval-
uate 50 samples per model across different con-
figurations, with model identities hidden to avoid
bias. Each response is rated on five criteria: Flu-
ency (grammatically correct and natural), Contex-
tual Coherence, Engagingness, Correctness KG,
and Overall Performance, using a 5-point Lik-
ert scale. Detailed descriptions of these metrics
are provided in Appendix Sec. B.3. The evalua-
tion results, shown in Fig. 3, reveal that the full
G’TOD setup—Ileveraging G, Gp, and G¢ knowl-
edge—achieves the highest overall scores, high-
lighting the effectiveness of multi-graph ground-
ing in improving TOD quality. We measure
inter-annotator agreement using Krippendorff’s al-

pha (Krippendorff, 2011) and Fleiss’ kappa (Fleiss,
1971), shown in Table 6. The inter-annotator agree-
ment scores indicate substantial agreement for Flu-
ency and Correctness of KG, while Coherence
shows moderate consistency across annotators.

6.2 Findings

Based on the experimental findings, we report the
following answers (with evidence) to our investi-
gated research questions (RQs).

(RQ1) What is the impact of all three different
types of graphs on LLM reasoning? Which pro-
vides better personalized grounding for response
generation: the persona knowledge graph (Gp)
or the textual persona description? As shown
in Table 4, using the full set of graphs entity
context graph (Gg), persona graph (Gp), and
commonsense graph (G ) leads to consistent im-
provements across lexical, semantic, and person-
alization metrics. G provides contextual ground-
ing by capturing entities relevant to the conversa-
tion. Gp offers personalized insights by modeling
user-specific traits, preferences, and habits. G
enhances the model’s ability to reason about im-
plicit knowledge, improving naturalness and coher-
ence.The persona knowledge graph (Gp) provides
stronger personalized grounding than textual per-
sona description as mentioned in Fig. 4 and Table
13. Textual descriptions often lack specificity and
are harder for LLMs to parse reliably, leading to
less focused and generic outputs. (RQ2) Which
of the existing LLMs are more flexible towards
personalization with minimal adaptation? Do the
existing LLMs show bias towards any particular
persona type? In Table 4, larger models like GPT4
and Qwen3 consistently outperforms smaller mod-
els, even models such as LLaMA-3.2 and Mistral
exhibit notable gains in persona accuracy (PA, PC).
This indicates that structured personalization aids
both high- and low-resource models. We evaluate
G?TOD across seven distinct personas shown in
Table 7 and observe significant variations in perfor-
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Figure 4: Comparison results on the HiVisTask dataset showing the impact of graph persona (Blue colour denote)
and textual persona (Red colour denote) on various automatic evaluation metrics. For all metrics refer Appendix

Table 13.
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Figure 5: Results on the HiVisTask dataset showing the
impact of hyperparameters (i) Context Selection (3), (ii)
Path Length (), and (iii) Triplet Relevance Thresholds
(6) on BLEU scores.

mance across different metrics, indicating persona-
specific behavior. Notably, the IT Professional and
Freelancer personas achieve the highest ConSim
scores (0.87), suggesting strong contextual align-
ment in responses. In contrast, personas such as
Senior Citizen, Housewife, and Business Owner
show comparatively lower performance across sev-
eral metrics ( Table 7). These disparities suggest
that G*TOD adapts differently to each persona, po-
tentially due to implicit biases or imbalances in the
LLMs. Examples are provided in Table 17.

7 Analysis

We further analyze the impact of various param-
eters such as context selection(f3), path length(«)
and triplet relevance threshold(é) on all personas.
The results are presented in Fig. 5 and detailed
in Appendix Table 15. Further, we also provide
details of case study (Appendix Sec. C.3, Fig. 9)
and the failure cases (Appendix Sec. C.2, Table
19). These detailed analysis leads to the following
three key observations: (a) Optimal performance
across all evaluation metrics is achieved with pa-
rameter settings 33 (context selection(5) = 3), a3
(path length(a) = 3), and dg g6 (triplet relevance
threshold(d) = 0.86). (b) The G’TOD model ex-
hibits varying performance across different user
personas; details mentioned in Sec. 6.2.

8 Conclusion

In this work, we propose G°TOD, a zero-shot
framework that advances task-oriented dialogue
(TOD) by leveraging pruned knowledge graphs
and contextually aligned utterances. Alongside, we
introduce HiVisTask, the first Hinglish multimodal,
multidomain, persona-aware TOD dataset. Our
findings show that representing structured knowl-
edge as relational triplets significantly enhances di-
alogue quality over unstructured text. Experiments
across diverse models demonstrate consistent gains
in relevance, coherence, and personalization under
both automatic and human evaluation. Moreover,
structured knowledge facilitates stronger memory
retention, richer context modeling, and more pre-
cise user adaptation. By unifying entity, persona,
and commonsense knowledge, G>TOD establishes
a new benchmark for adaptive TOD systems in
code-mixed, multimodal environments.

Limitations

While our approach shows strong potential, it also
presents a few minor limitations that invite future
exploration: (i) Triplet Dependency: The approach
relies on accurate and complete triplet extraction,
which can be challenging in colloquial Hinglish
with implicit meaning. For example, "bhook lagi
hai, kuch order karna hai" may not map correctly
to (User, feels, hungry). This can be improved with
context-sensitive extraction models or paraphrase-
based augmentation. (ii) Token Limitations: In
some cases, even pruned prompts may approach
LLM token limits. Advanced compression tech-
niques can address this without major architec-
tural changes. (iii) Static Triplet Weighting: Equal
weighting across triplets may under-represent con-
text. Lightweight solutions like adaptive attention
mechanisms can make weighting more dynamic.
Overall, these aspects represent refinements that
open up promising avenues for future research in
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graph reasoning and conversational adaptability.

Ethics Statement

This work relies on a synthetically generated
dataset, eliminating concerns related to user pri-
vacy or inadvertent exposure of personal data. To
ensure ethical data creation, all prompts used dur-
ing generation were carefully crafted to avoid elic-
iting sensitive, offensive, or culturally inappropri-
ate content. These prompts explicitly excluded
topics related to race, religion, politics, and other
potentially controversial nuances. Additionally,
persona traits were defined in a neutral and con-
structive manner to prevent the reinforcement of
stereotypes. To ensure authenticity, three annota-
tors manually reviewed and post-edited the gen-
erated dialogues, aiming to reflect realistic inter-
actions between users and assistants. Annotators
were instructed not to include any sensitive infor-
mation during this process. For human evaluation,
we employed three independent researchers (not
involved in the paper’s authorship), unaware of
model identities to reduce bias and ensure fair-
ness in scoring. All contributors were fairly com-
pensated. While the dataset and framework are
intended for research and development of task-
oriented dialogue systems, we advise caution when
deploying such models in real-world or sensitive
domains such as healthcare, legal assistance, men-
tal health, or financial services where inaccuracies
or lack of context awareness could lead to harmful
consequences or ethical concerns.
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Appendix

This section presents complementary materials, in-
cluding detailed dataset creation procedures, anno-
tator information, experiment details, and a discus-
sion on the conversation samples to enhance the
reader’s understanding of the work.

A Dataset Details

A.1 Image samples in dataset

We present screenshots illustrating real-world sce-
narios referenced in the dataset, shown in Fig. 6.

Figure 6: Example of Image and screenshot of events
present in HiVisTask Dataset

A.2 Quality assurance and annotation for
proposed dataset

To ensure the quality and realism of persona-
consistent dialogues in the HiVisTask dataset, we
employ three annotators, proficient in both Hindi
and English, with prior experience in dialogue eval-
uation and linguistic annotation. These annota-
tors were responsible for manually reviewing each
LLM-generated dialogue to assess its fluency, co-
herence, task relevance, and alignment with the
given persona and scenario. When issues were
identified, such as unnatural phrasing, inconsis-
tencies, or lack of task orientation, the annotators
post-edited the responses to improve quality while
preserving the original intent. In addition to review
and editing, the annotators verified the assistant’s
adherence to intent, task flow, and multimodal in-
puts. Each dialogue was annotated with structured
metadata, including persona IDs, text and image.
For multimodal turns, annotators ensured that ref-
erenced images were contextually grounded and
accurately interpreted. A semi-automated annota-
tion pipeline, supplemented by manual validation,
was used to maintain consistency across dialogues.

Annotators were compensated at 2 rupees per utter-
ance, with detailed guidelines and regular feedback
to ensure alignment with the realism, personaliza-
tion goal and task orientation goal of the dataset.

A.3 Prompts used to generate HiVisTask
dataset

To construct the HiVisTask dataset, we curated
a set of structured prompts that simulate realis-
tic, persona-grounded, task-oriented dialogues in
Hinglish across both textual and visual modali-
ties. Each prompt was designed to reflect one of
seven distinct personas—College Student, IT Pro-
fessional, Senior Citizen, Freelancer, Housewife,
Small Business Owner, and School Teacher—each
with specific backgrounds, preferences, and com-
munication styles (details in Fig. 7). The prompts
incorporated a task goal (e.g. booking a cab, order-
ing food, scheduling an appointment), a concise
persona description (e.g. age, profession, technol-
ogy familiarity), and an optional visual context (e.g.
menu image, catalog, or location map). Instruc-
tions were included to ensure that the responses
were generated in Hinglish, maintaining the natural
code-mixed patterns commonly observed in every-
day interactions. These prompts were used to elicit
multi-turn dialogues from large language models
(LLMs), where the assistant adapted its responses
based on both the task and the persona characteris-
tics, enabling the generation of rich, personalized,
and multimodal interactions across diverse real-
world scenarios. Prompt examples for different
personas is mentioned in Table 9, and details of
prompt template is mentioned in Fig. 8.

B Experiment

B.1 Experimental Details

The G’TOD zero-shot framework integrates text
and multimodal signals into knowledge graphs for
dialogue personalization. Entities were extracted
using IndicNER, while persona and commonsense
relations were inferred via GPT-3.5-Turbo, sup-
plemented with ConceptNet 5.7. For the triplet
ranking, the embeddings from all-MinilLM-L6-v2
were used with cosine similarity and only the most
relevant triplets (up to 50) were retained. A neigh-
borhood search with depth 5 = 3 ensured contex-
tual breadth, while the top-a = 3 utterances from
the dialogue history were selected for grounding.
For response generation, GPT-3.5-Turbo (and
optionally LLaMA-2-13B) was used with struc-
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Model Persona PPL | BLEU

ROUGE-L

METEOR | BS-F1 | ConSim | R-Len

G’TOD 18.55
22.80
12.15
24.62
23.90
23.90

19.40

16.94
21.32
19.32
19.34
21.02
23.02
21.93

Housewife

IT Professional
College Student
Senior Citizen
Business Owner
Freelancer
School Teacher

67.89
72.37
74.13
70.56
68.11
73.11
75.12

76.12
85.34
85.45
80.25
78.24
82.24
81.08

0.77
0.80
0.82
0.83
0.84
0.85
0.84

0.84
0.87
0.80
0.82
0.81
0.87
0.80

20.28
28.65
31.00
29.50
26.75
26.75
31.08

Table 7: Evaluation of G’TOD across diverse user personas in the HiVisTask dataset, highlighting variations in

response quality across standard metrics.

1. Often begins the day early, managing children’s
schedules and household chores
2. Likes organized spaces, family routines, and
cooking new recipes.
3. Dislikes interruptions during quiet hours and
disorganized schedules.

4. Prefers practical, easy-to-use tools over complex
digital platforms.

5. Habitually plans grocery shopping and weekly
meals in advance.

1. Balances classes, social life, and part-time work
or internships.
2. Likes group study sessions, online learning
platforms, and music.
3. Dislikes early morning lectures, academic
pressure, and poor Wi-Fi.
4. Frequently uses mobile apps for reminders,
notes, and time tracking.
5. Habitually studies late at night and consumes
digital content.

7. Manages orders, finances, and customer

[College Studen
£4%
2. Likes efficiency tools, prompt payments, and

. ‘ loyal customers
3.

Dislikes delays, inventory errors, and poor
4. Regularly checks inventory and updates

customer reviews.
- product/service information
Business Owne! s

Habitually starts work early and maintains a

.8

1. Spends most of the day on a computer managing ~ code,
meetings, or tasks.
2. Likes automation tools, productivity apps, and learning new
technologies.

3. Dislikes unnecessary meetings, cluttered Uls, slow systems.
4. Often multitasks between project management and technical
execution.

5. Regularly checks updates, commits code, and uses task-

L

1. Spends time on hobbies, walks, reading, or watching
TV.
Q m 9 2. Likes phone calls with family, peaceful routines, and
familiar environments.
| 4 3 Dislikes rapid technology changes and overly
complex interfaces.
4. Uses technology cautiously—primarily for health,
news, and communication.
5. Habitually takes medication on schedule and
follows a fixed daily routine.

e

1. Works remotely with multiple clients and varied deadlines.
Q n S 2 Likes flexible schedules, creative freedom, and
U online portfolios.
o Dislikes vague briefs, delayed payments, and rigid
9-5 structures.
4. Uses tools like Trello, Notion, and Canva or Figma
regularly.
Habitually works in sprints and prefers night.

— 1

School Teacher]

Prepares lessons and interacts with students and parents daily.

2. Likes organized lesson plans, motivated students,
and educational resources.
3. Dislikes disruptive classrooms, last-minute
changes, and grading overload.
4. Often uses digital tools for planning, grading, and

5. Habitually wakes up early and maintains weekly

resource sharing.

classroom plans.

Figure 7: Overview of the seven user personas used in HiVisTask: College Student, IT Professional, Senior Citizen,
Freelancer, Housewife, Small Business Owner, and School Teacher. Each persona captures distinct preferences,
behavior patterns, and task priorities to enable personalized, grounded dialogue generation.

LLM Prompt for Prompt generation:
You are a helpful assistant responding to a user's latest query. Use the previous conversation context
and the following knowledge triplets to generate a personalized, relevant, and natural response.
Previous user messages:

«Entity Graph {...
+Persona Graph :
«C Graph: { }

sUser's latest Query: {.........iovenicnicninnunas }
Instructions:

« Understand the user's preferences and past behavior from the persona and entity triplets.
+ Use commonsense knowledge to make responses practical and sensible.

« Incorporate previous conversation context to keep the response coherent.

+ Reply naturally in Hinglish.

« Keep the response helpful and friendly.

«Expected output:
(Assistant's response generated by the LLM)

Figure 8: Example Prompt for LLM to Generate User
Utterance Response

tured prompts containing user history, current ut-
terance, and relevant triplets. The models were run
with a token limit of 512-1024, temperature = 0.7,
and top-p = 0.9.

B.2 Automatic Evaluation Metrics

The LLM models are evaluated using both surface-
level and semantic metrics including perplexity

(PPL) (Brown et al., 1992) for fluency, BLEU
(Papineni et al., 2002), ROUGE-L (Lin, 2004),
and METEOR (Banerjee and Lavie, 2005) for n-
gram and semantic overlap, BERTScore-F1 (Zhang
et al., 2019) (BS-F1) for embedding-based simi-
larity, and context similarity (ConSim) (Biberman,
1994) to assess contextual coherence. We also
explore dialogue-specific metrics that includes re-
sponse length (R-Len), persona alignment (PA),
which measures how well the response aligns with
the user’s persona, and persona consistency (PC),
which reflects how consistently the model main-
tains persona traits across dialogue turns.

B.2.1 Evaluation Metrics: Persona Alignment
and Consistency

Persona Alignment (PA). Persona Alignment
measures how well the assistant’s responses re-
flect the overall persona of the user. Let R =
{r1,r2,...,rn} denote the set of assistant re-
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Component Hyperparameter / Setting

Conversational Dataset | 80% for Graph(s) construc-

Split tion, 20% for Testing and
Validation

NER Tool IndicNER

Persona/Common GPT-3.5-Turbo

Sense Extractor

Commonsense Source ConceptNet 5.7
Embedding Model all-MinilM-L6-v2

Triplet Relevance | 0.86

Threshold ()

Triplet Selection Strat- | Cosine  similarity-based
egy ranking

Max  Triplets per | 50

Prompt

Context Retrieval (top- | 3 utterances

@)

Graph Neighborhood | 3

Depth (5)

LLM for Response Gen- | GPT-3.5-Turbo / LLaMA-2-
eration 13B

Prompt Max Tokens 512 -1024

LLM Temperature 0.7

Top-p (Nucleus Sam- | 0.9

pling)

Table 8: Experimental Hyperparameters and Settings

sponses, and let P be the complete persona descrip-
tion of the user. We compute sentence embeddings
using a pretrained encoder ¢(-), and define cosine
similarity as sim(-, -). Persona Alignment (PA) is
then calculated as:

1 . .
PA — N;ﬁm (o(ri), o(P))

where a higher PA score indicates stronger align-
ment between responses and the overall persona.

Persona Consistency (PC). Persona Consis-
tency evaluates how consistently the assistant’s
responses align with the specific persona at-
tributes that are relevant to each response. Let
T; = {ti1,ti2, - . ., ting, } denote the set of persona
triplets (attributes) relevant to response ;. Persona
Consistency (PC) is then defined as:

1 N 1 M;
PC = N 2 M;Sim (Qb(rl)ad)(tm))

where M; is the number of persona triplets asso-
ciated with response ;. A higher PC score reflects
stronger consistency with individual persona at-
tributes.

B.3 Human Evaluation Metrics

Table 11 is designed to provide a systematic ap-
proach for evaluating Al-generated responses. It

Ek cab book karni hai airport ke liye.
(I want to book a cab for the airport.)

Time kya hoga aur kitne log ke liye? h
(What will be the time and how many people?) =
G3TOD
GPT4+G_E+G_P+G_C
[Proposed]

|

GPT4

GPT4 +G_E

GPT4+G_E+G_P

5 baje, main aur Momo jaa rahe hain.
(At 5 PM, me and Momo are going.)

Mai dono ke liye liye Cab book kar rha hu.
(I am booking a cab for both of you.)

Aapko cab chahiye jo pet-friendly ho, kyunki
Momo aapke saath hai.
(You need a pet-friendly cab since Momo is with you.)

Aap ki flight 5 bje hai. kya mai 2 bje ka cab book
kar du?
(Your flight is at 5 PM. Should I book a cab for 2 PM?)

pet-friendly cab book kar du?
(Your flight is at 5 PM. Would you like me to book a
pet-friendly cab for 2 PM?)

Aapki flight 5 baje ki hai, toh kya main 2 baje ki h ?

G3TOD
GPT4+G_E+G_P+G._C

Figure 9: Difference in GPT4 responses with various
configurations

includes five key metrics: Fluency, Contextual Co-
herence, Engagingness, Correctness, and Overall
performance. Each metric is rated on a scale from
1 to 5, where 1 indicates poor performance and 5
indicates excellent performance. Fluency assesses
the grammatical accuracy and natural phrasing of
the response, while Contextual Coherence mea-
sures its relevance and coherence within the given
context. Engagingness evaluates how interesting
and captivating the response is, and Correctness
checks for factual accuracy. The Overall score of-
fers a comprehensive view of the response’s quality
across all metrics. This structured evaluation helps
in identifying strengths and areas for improvement,
ultimately aiding in the refinement of AI models to
better meet user expectations and enhance conver-
sational capabilities.

C Result and analysis in detail

C.1 How to choose optimal value of 5, o, and
0

Table 8 shows hyperparameters and their optimal
values across different settings. For context selec-
tion, B3 appears to be the most balanced, achiev-
ing a good BLEU score (11.98), high ROUGE-L
(76.23), and METEOR (77.08), along with decent
BS-F1 (0.77) and ConSim (0.81). For path length,
as provides a balanced performance with a mod-
erate BLEU score (7.45), consistent ROUGE-L
(65.34), and METEOR (65.33), along with strong
BS-F1 (0.73) and ConSim (0.81). Regarding triplet
relevance threshold, &y g offers a reasonable bal-
ance with BLEU , ROUGE-L , and METEOR ,
while maintaining a fair BS-F1 and ConSim. Over-
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Persona & Task

Modality

Few-shot Prompt

College Student - Movie
Booking

Text

Create a Hinglish multi-turn dialogue between a college

student and a virtual assistant. The student wants to

book a movie ticket for Friday evening with student

discount. Include at least 5 dialogue turns. Use casual

Hinglish tone and maintain task relevance. Format: User:
., Assistant:

Housewife - Grocery Or-
der via Image

Text + Image

Create a Hinglish multi-turn dialogue between a
housewife and a virtual assistant. The user shares an
image of a handwritten grocery list (atta, doodh, sabzi)
and wants to place an order. Include 5-6 turns, where
the assistant interprets the image, confirms items, and
proceeds to checkout. Format: User: ..., Assistant:

IT Professional - Calen-
dar Scheduling

Image + Text

Simulate a Hinglish dialogue between an IT professional
and a smart assistant. The user uploads a calendar
screenshot and asks to schedule a team meeting for
Thursday afternoon. Include 5 turns. Use professional
yet natural Hinglish. Format: User: ..., Assistant:

Senior Citizen - Medicine
Refill

Image

Generate a Hinglish multi-turn dialogue where a senior
citizen sends a photo of a prescription and asks for
medicine refills. The assistant should confirm medicine
names, dosage, and delivery time. Use a polite and
supportive tone. Include at least 4 turns.

Freelancer - Payment Re-
minder Setup

Text

Create a Hinglish dialogue between a freelancer and
assistant. The user wants to set reminders for upcoming
client payments due on Monday. Use 5 turns. Ensure
task-oriented assistant responses and informal Hinglish
phrasing.

Table 9: Few-shot prompt examples for Hinglish multi-turn dialogue generation in the HiVisTask dataset.

all, B3, as, and dg gg are optimal values for achiev- * Response Redundancy: In certain cases,
ing a balanced performance across all metrics. Re- the generated responses repeat information
sults demonstrated in Table 15.

C.2 Error Analysis

We performed a qualitative analysis of failure cases
and identified the following key error categories,

detailed in Table 19:

or rephrase the user utterance without adding
value, especially in shorter multi-turn interac-
tions. Examples mentioned in Table 19 where
failure cases are: Redundancy Context Misin-
terpretation, and Handling Mixed Language.

¢ Context Misalignment: Some models failed
to correctly associate user intent across turns,
especially when coreference or ellipsis was
involved. Examples mentioned in Table 19
where failure cases are: Lack of Clarification,
Incomplete Triplet Coverage and Incorrect
Entity Resolution.

* Overgeneralization: Personalized models
occasionally make incorrect assumptions
about user preferences, such as suggesting
early morning cabs for business users even
when the dialogue history implied flexible
timing. Examples mentioned in Table 19
where failure cases are: Overemphasis on
Triplets, Temporal Reasoning Failure, Exces-
sive Formality, Ignoring Negative Preferences
and Overfitting to Training Data.

* Lack of Commonsense Reasoning: Base-
line models struggled in scenarios requiring
implicit knowledge. Example mentioned in
Table 19 where failure case is: Commonsense
Reasoning Gaps.

* Incorrect Persona Mapping: Errors occur
when user profiles are ambiguous or when the
model hallucinate persona traits not grounded
in history, affecting response quality and trust-
worthiness. Examples mentioned in Table 19
where failure cases are: Inaccurate Personal-
ization, and Ambiguous User Intent.

C.3 Case Study and Analysis

We perform comparative study for several top per-
forming LLM models across common test cases.
One such comparison, which presents the re-
sponses of GPT4 in different ablation configura-
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Turn Converation

User Mujhe is tarah ka watch chahiye.

Assistant | Oh! To kya aapko fitness tracker chahiye? Kya features aur budget bataye?

User Mujhe heart rate monitor aur sleep tracking features chahiye. Budget thoda mid-range ho.

Assistant | Aap Fitbit Charge 5 ya Garmin Vivosmart 4 try kar sakte hain. Dono features aur budget mein acchi hain.
User 5 achha lag raha hai. Kahan se kharid sakte hain?

Assistant | Aap is link se Fitbit Charge S kharid sakte hain: Fitbit Store

User Mere phone ka screen black ho gaya hai, koi solution batao.

Assistant | Aapne phone restart karne ki koshish ki?

User Haan, lekin abhi bhi black screen aa raha hai.

Assistant | Aapko phone ko recovery mode mein restart karne ki zarurat ho sakti hai. Mai aapko steps bata deta hoon.

Table 10: Example from the HiVisTask dataset, how responses change according to the user’s input over 2 topics.

tions, is illustrated in Fig. 9. The detailed analy-
sis leads to following three observations: (i) En-
tity grounding alone helps bridge implicit in-
tent gaps. For example, where the user mentions
"Momo", the Gr model correctly infers the need
for a pet-friendly cab. (ii) Incorporating persona
context enhances temporal and planning aware-
ness. The model not only understands the user’s
intent but also offers proactive suggestions (e.g.,
proposing a 2 PM cab for a 5 PM flight), which
demonstrates an understanding of behavior. (iii)
G?TOD excels at integrating commonsense rea-
soning with personalization. Our model success-
fully generates responses that blend both factual
and contextual cues, producing coherent and help-
ful dialogue turns.

D Discussion

D.1 Qualitative Analysis

A complete sample conversation illustrating each
person’s interaction with the assistant and how the
proposed system, G>TOD, adapts responses based
on persona is provided in Table 16 and Table 17.
These tables demonstrate the assistant’s ability to
tailor its communication style, content, and addi-
tional features according to the specific needs and
preferences of different user personas.

In Table 16, the assistant responds to generic re-
quests such as "Help me set up a budget" and "Set
up a study timer." The responses differ notably
between personas such as Business Owner, Free-
lancer, College Student, and School Teacher. For
example, the Business Owner’s response focuses
on organizing budget elements around operational
costs and revenue forecasts, reflecting a profes-
sional and data-driven approach. In contrast, the

Freelancer’s response emphasizes variable project-
based payments, savings tracking, and tax esti-
mates, catering specifically to freelance work pat-
terns. Similarly, study timer settings are personal-
ized for students and teachers with varying session
lengths and additional support features like social
media notification pauses or focus session logs.

Table 17 presents personalized conversations
for booking doctor appointments, where the assis-
tant modifies its language, tone, and functionalities
based on the persona of the user—ranging from
Housewife and IT Professional to Senior Citizen
and Small Business Owner. The assistant not only
adjusts the formality and politeness but also in-
corporates persona-specific conveniences such as
calendar integration for IT professionals, flexible
timing adjustments for housewives, and extended
reminders for senior citizens. These nuanced vari-
ations highlight the system’s ability to maintain
contextual relevance while respecting individual
user requirements and communication preferences.

Overall, the qualitative analysis shows that
G’TOD effectively personalizes dialogue manage-
ment and response generation, improving user ex-
perience by providing tailored, context-aware assis-
tance. This persona-aware approach enhances the
perceived naturalness and utility of the assistant
across diverse user groups.

D.2 Structured knowledge drives the LLM
reasoning

Table 18 provides Hinglish task-oriented dialogues
along with extracted knowledge triplets that guide
assistant responses. These conversations cover
diverse scenarios like stress relief, food order-
ing, medical appointments, family dinner plan-
ning, medicine reminders, and daily commute. The

2198



Metrics and Scoring Description

Fluency

1 The response is difficult to understand due to grammatical errors and unnatural phrasing.

2 The response has several grammatical errors and some unnatural phrasing.

3 The response is mostly grammatically correct but may have minor errors or slightly unnatural phrasing.
4 The response is grammatically correct with natural phrasing, but not perfect.

5 The response is grammatically flawless and sounds completely natural.

Contextual Coherence

1 The response is off-topic or does not make sense in the given context.
2 The response is somewhat related to the context but has significant coherence issues.
3 The response is mostly coherent but may have minor relevance issues.
4 The response is coherent and relevant to the context with minor lapses.
5 The response is fully coherent and perfectly relevant to the context.
Engagingness

1 The response is dull and unengaging.

2 The response is somewhat engaging but lacks interest.

3 The response is moderately engaging.

4 The response is engaging and holds interest well.

5 The response is highly engaging and very interesting.

Correctness KG

1 The response contains incorrect information.

2 The response has several factual inaccuracies.

3 The response is mostly correct but may have minor inaccuracies.

4 The response is correct with minor lapses.

5 The response is completely accurate and correct.

Overall

1 The response is poor in most aspects.

2 The response is below average.

3 The response is average.

4 The response is above average.

5 The response is excellent in all aspects.

Table 11: Human Evaluation Guide with each metric and their relevant score define to help annotators and

researchers.

triplets capture persona traits, preferences, and
commonsense relations, enabling personalized, co-
herent, and context-aware assistant replies. For
example, a stressed user is advised to try medita-
tion or music, and someone craving food receives
mild vegetarian recommendations from Domino’s.

D.3 LLMs details

The baseline evaluation measures the performance
of various large language models (LLMs), includ-
ing LLaMA-3.2 , Phi-3 , Gemma-3, Mistral-7B
, Qwen3 , GPT-4, GPT-3.5-Turbo , and LLaMA-
2-13B (all details in Table 12). These models are
assessed in their default configurations to estab-
lish a reference point for their core text generation
capabilities.

D.4 Comparison of Textual vs.
Textual+Image inputs

To highlight the importance of images in our
dataset, we conducted an experiment compar-
ing purely textual inputs with multimodal (tex-

tual+image) inputs. During knowledge graph con-
struction, we process both textual and visual modal-
ities through GPT-4 to extract entities and relations
that capture information about the user’s lifestyle,
preferences, and personal traits. The visual modal-
ity plays a critical role in providing contextual sig-
nals that are often missed when relying on text.

Example. User (Text + Image): “I love this
look! Can you add it to my wishlist?” (User up-
loads an image of a pair of red sneakers.) From
this interaction, we extract persona information in
the form of knowledge graph triplets such as: (user,
likes item, red sneakers).

This multimodal grounding enables us to build
richer and more personalized knowledge graphs
that reflect user preferences beyond explicit lan-
guage. During testing, the LLM receives both the
image and the utterance, along with distilled knowl-
edge from the graphs, to generate more informa-
tive and relevant responses. Table 14 shows the
comparison results. The addition of visual inputs
significantly improves performance across BLEU
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Model Parameters (B) | Context Length (tokens) | Layers
LLama-3.2 (Llama-3.2-3B-Instruct) (Grattafiori et al., 2024) 3 8k—32k ~28
Phi-3 (Phi-3-medium-4k-instruct-bnb-4bit) (Abdin et al., 2024) ~3.8 4k N/A
Gemma-3 (Gemma-3-4b-it-GGUF) (Team et al., 2025) 4 128k 28
Mistral-7B (mistral-7b-instruct-v0.2-bnb-4bit) (Jiang et al., 2023) 7 Up to 32k 32
Qwen3 (Qwen3-1.7B) (Yang et al., 2024) 1.7 N/A N/A
GPT-4 (OpenAl et al., 2024) ~1.7-175 Up to 128k N/A
GPT-3.5-Turbo (Chen et al., 2023) 6 4k—16k N/A
LLaMA-2-13B (Touvron et al., 2023) 13 4k 40

Table 12: Comparison of selected large language models (LLMs) used in this paper.

Persona Model PPL BLEU ROUGE-L METEOR BS-F1 ConSim R-Len
Housewife Gp 1855 | 16.94 67.89 76.12 0.77 0.84 20.28
Persona+ | 16.01 5.40 57.60 41.20 07191 | 03557 14.19

T Professiomal | 9P 2280 | 2132 7237 85.34 0.80 087 28.65
Persona+ | 14.67 3.80 50.10 47.50 07118 | 0.3491 15.09

Gp 1215 | 1932 7413 85.45 0.82 0.80 31.00

College Student | 5 ona+ | 13.90 4.80 49.12 42.30 07052 | 03415 14.80
somior Citioon | 9P 2462 | 1934 70.56 80.25 083 0.82 29.50
: Personat+ | 16.75 3.90 5242 45.18 07128 | 03524 1522

vsimess Ovmer | 9P 2390 | 21.02 68.11 78.24 0.84 0.81 2675
Persona+ | 1510 | 450 50.12 44.12 07085 | 0.3432 14.75

roolamcer Gp 2390 | 23.02 7311 82.04 085 087 2675
Persona+ | 14.80 5.10 51.92 46.30 07094 | 0.3501 14.95

ool Teacer | 9P 1940 | 21.93 75.12 81.08 0.84 0.80 31.08
Persona+ | 1420 | 420 52.88 44.70 07140 | 03472 15.12

Table 13: Comparison of Gp and Persona+ with GPT4 results across different personas. Persona+ considers only
the textual persona description (refer to Fig. 7), while Gp includes the persona graph.

Model Variant BLEU | ROUGE-L
G’TOD | Only Textual 13.45 55.67
G’TOD | Textual + Visual 23.45 79.96

Table 14: Comparison of only textual and textual +
visual results in G3TOD.

and ROUGE-L metrics.

D.5 Comparison of Gp vs. Persona+ across
distinct personas

To further evaluate the contribution of graph-based
personalization, we compare the performance of
Gp (Persona graph with GPT4) against Persona+
(static persona description only with GPT4) across
seven distinct personas: Housewife, IT Profes-
sional, College student, Senior Citizen, Business
Owner, Freelancer, and School Teacher. The re-
sults are summarized in Table 13. Overall, the
Gp variant demonstrates substantial gains over Per-
sona+ across all evaluation metrics, validating the
role of graph-enhanced personalization in ground-
ing the dialogue system to user-specific contexts.

D.6 Example Conversation and Extracted
Knowledge

Table 20 illustrates an example showcasing the im-
portance of three knowledge graphs: Entity Con-

text Graph, Persona Graph, and Commonsense
Graph. The Entity Context Graph G captures
object-level relations, the Persona Graph Gp mod-
els user-specific traits and preferences, while the
Commonsense Graph G¢ provides general world
knowledge that supports reasoning. Together, these
triplets demonstrate how structured knowledge can
be derived from natural conversations to support
downstream tasks such as personalization. Exam-
ple in Table 20 illustrates how structured knowl-
edge graphs derived from prior dialogue turns en-
able context-aware and personalized responses.
The turn-level extraction of entity, persona, and
commonsense triplets captures factual relations,
user preferences, and general world knowledge,
respectively. When a new query is issued, relevant
triplets are retrieved from the knowledge graph
and used to guide response generation, allowing
the system to reason beyond surface-level dialogue
history. This structured representation improves in-
terpretability, supports preference persistence, and
leads to more accurate task execution in multi-turn,
task-oriented conversations.
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Setting Value | PPL. | BLEU | ROUGE-L | METEOR | BS-F1 | ConSim | R-Len
5 2424 | 834 66.98 69.12 0.77 0.79 13.34
. Bs 3425 | 9.23 71.23 70.12 0.76 0.79 17.13
Context Selection B3 1823 | 11.98 76.23 77.08 0.77 0.81 18.96
B4 1124 | 587 66.98 75.77 0.74 0.81 32.97
o 2234 | 233 63.24 64.68 0.71 077 1534
o 2542 | 423 68.23 62.33 0.72 079 | 2023

Path Length
ath Lengt a3 2124 | 7.45 65.34 65.33 0.73 0.81 24.56
o 2845 | 7.95 64.98 62.98 0.70 083 | 3297
050 | 39.12 | 6.03 4123 59.87 0.74 061 | 44.25
: oo | 37.54 | 6.87 46.11 61.22 0.75 058 | 4734
Triplet Relevance Threshold | ;" = | 555 | 5¢s 38.94 60.78 0.76 054 | 4897
000 | 4324 | 523 33.45 62.34 0.76 052 | 4945

Table 15: Analysis results on the HiVisTask dataset showing the impact of (i) context selection (), (ii) path length
(), and (iii) triplet relevance thresholds (d) on various automatic evaluation metrics.

Utterance Image Description

A photo of a bank

Assistant Response

Business Owner (Male): "Let’s organize your budget around
statement and a wal- | monthly operational costs, revenue forecasts, and reinvestment
let with some cash. | goals. I've pulled in recent business expenses from your connected
= accounts for accuracy."”

Help me set
up a budget.

Hinglish Translation: "Chalo, aapka budget banate hain monthly
operational costs, revenue forecasts, aur reinvestment goals ke
aas-paas. Maine aapke connected accounts se recent business
expenses ko bhi include kiya hai, taaki sab accurate ho."
Freelancer (Female): "I’ve drafted a monthly budget based on
your average income and variable project-based payments. I also
included a savings tracker and tax estimate section just for free-
lancers like you."

Hinglish Translation: "Maine aapke average income aur variable
project-based payments ke hisaab se monthly budget draft kiya hai.
Maine freelancers ke liye savings tracker aur tax estimate section
bhi add kiya hai."

Set up a
study timer.

A study desk with
textbooks, a laptop,
and a clock.

College Student (Female): "Timer set for 45 minutes with a 10-
minute break after each session. I've also enabled Do Not Disturb
on your phone and paused social media notifications."

Hinglish Translation: "Timer set kar diya hai 45 minutes ke
liye aur har session ke baad 10-minute break hai. Maine aapke
phone pe Do Not Disturb bhi enable kar diya hai aur social media
notifications pause kar di hain."

School Teacher (Male, for student use): "I’ve set a 30-minute
timer for your student with a 5-minute brain break in between.
Would you like me to log their focus sessions for the week?"
Hinglish Translation: "Maine aapke student ke liye 30-minute
timer set kiya hai, jisme 5-minute ka brain break bhi hai. Kya
aap chahenge ki main unke focus sessions ko week ke liye log
karoon?"

Table 16: Utterance, Image, and Assistant Response Examples with Hinglish Translation for Different Personas.
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Persona Conversation (Assistant’s Response)
Housewife User: Mujhe doctor ke paas jaana hai, Thursday ko appointment chahiye.
Assistant: Ji madam, kaunsa doctor chahiye aapko? Aapka | last appointment pediatrician ke
saath tha, toh kya waisa hi doctor chahiye?
User: Haan, pediatrician ke paas jaana hai.
Assistant: Appointment | Thursday ko 10 baje ke liye book ho gaya hai. Main aapko ek
reminder bhi bhej dunga.
User: Thoda jaldi ya late kar sakte ho?
Assistant: Thursday ko appointment thoda flexible hai, main timing adjust kar sakta hoon agar
aapko zarurat ho.
IT Professional User: Mujhe doctor ke paas jaana hai, ek appointment book kar do.
Assistant: Kaunsa doctor chahiye aapko? Aapka last check-up cardiologist ke saath tha , kya
waise hi doctor chahiye?
User: Haan, cardiologist ke paas jaana hai.
Assistant: Appointment Thursday ko 10 baje ke liye book ho gaya hai.

Google Calendar mein bhi add kar diya gaya hai.

User: Agar koi urgent kaam aa gaya toh timing change kar sakte hain?

Assistant: Aapka appointment thoda flexible hai. Main aapko ek link bhej dunga jahan se aap
easily reschedule kar sakte hain.

College Student User: Kal doctor ke paas jaana hai, appointment book kar do.

Assistant: Kaunsa doctor chahiye? Aapka ' last check-up dentist ke saath tha. Kya wahi doctor
chahiye?

User: Haan, dentist ke paas jaana hai.

Assistant: Appointment Thursday ko 3 baje ke liye book ho gaya hai. Main ' reminder bhi set
kar raha hoon.

User: Agar main late ho gaya toh kya karna hoga?

Assistant: Agar late hote ho, toh main aapko doctor ka contact number bhej dunga taaki aap
directly unse reschedule kar sakte ho.

Senior Citizen User: Doctor ke paas jaana hai. Appointment book kar do.

Assistant: Ji madam, kaunsa doctor chahiye? Aapka |last check-up dermatologist ke saath tha,
kya wahi doctor chahiye?

User: Haan, dermatologist ke paas jaana hai.

Assistant: Appointment Thursday ko 11 baje ke liye book ho gaya hai. Main aapko ek
reminder bhi bhej dunga aur agar koi aur madad chahiye ho toh batayein.

User: Reminder thoda zyada time se bhejna, mujhe yaad rakhne mein thoda mushkil hota hai.
Assistant: Bilkul madam, main aapko 1 din pehle reminder bhej dunga taaki aapko yaad rahe.

Small Business Owner | User: Mujhe doctor ke paas jaana hai, appointment book kar do.

Assistant: Ji, kaunsa doctor chahiye? Aapka last appointment orthopedist ke saath tha, kya
wabhi doctor chahiye?

User: Haan, orthopedist ke paas jaana hai.

Assistant: Appointment Thursday ko 10:30 baje ke liye book ho gaya hai. Google Meet link
bhi add kar diya gaya hai agar virtual consultation chahiye ho.

User: Agar mujhe kaam ke beech mein reschedule karna ho toh?

Assistant: Aap easily reschedule kar sakte ho.

Table 17: Personalized Conversations for Doctor’s Appointment Booking with each persona, how response are
different according to persona.
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Turn | User Input Important Triplets Assistant Response (Hinglish)

1 Mujhe thoda stress | - Gg: (User - feels - stressed) Aap thoda stressed ho, samajh sakta
ho raha hai, kuchre- | - G: (Stress - relieved by - relaxation) hoon. Relax karne ke liye main madad
lax karne ka tariqa karta hoon.
batao.

2 Kya main medita- | - Gp: (User - likes - meditation) Ji haan! Aap meditation kar sakte ho ya
tion ya music try | - Gp: (User - likes - music) soft music sun sakte ho jaise classical
kar sakta hoon? - Gg: (Meditation - is - relaxation method) yajazz. Yeh dono stress kam karte hain.

- Gg: (Music - calming - yes)
- Go: (Meditation/music - reduce - stress)

3 Kya fresh air lena | - Go: (Fresh air - helps - relaxation) Bilkul, fresh hawa lene se mind relax
bhi help karega? hota hai aur stress kam hota hai. Aap

thoda bahar ja ke fresh air le sakte hain.

1 Mujhe kuch khaane | - Gp: (User - prefers - vegetarian food) Aapko bhook lagi hai, toh chaliye kuch
ka mann ho raha | - Go: (When hungry - people - order food) acha vegetarian khaana order karte hain.
hai.

2 Zyada spicy nahi | - Gp: (User - dislikes - spicy food) Samajh gaya! Hum mild spice wale
chahiye. - Ge: (Spicy food - may cause - discomfort) options dekhenge, jisse aapko problem

na ho.

3 Domino’s se kuch | - Gg: (Domino’s - offers - pizza) Haan, Domino’s se cheese burst pizza
order kar sakte | - Gp: (User - likes - cheese burst pizza) order kar sakte hain. Aapko pehle bhi
hain? - Gc: (Pizza - is a - popular dinner option) ye pasand aaya tha.

1 Kal se throat pain | - G¢: (Throat pain - requires - ENT specialist)| Aapko ENT specialist ke paas le chalte
ho raha hai, doctor | - Gp: (User - prefers - nearby clinics) hain. Kya main nearby clinic check
se milna hai. karu?

2 Haan, aur evening | - Gp: (User - prefers - evening appointments) | Thik hai, main evening slot ke liye ap-
ka time better hoga. | - G- (Working people - prefer - evening slots) pointments dekh raha hoon.

3 Apollo clinic mein | - Gg: (Apollo Clinic - offers - ENT services) | Perfect! Apollo clinic mein aapke liye
kar do.  Wahan | - Gp: (User - visited - Apollo before) ENT specialist ka evening appointment
main pehle bhi gaya book kar deta hoon.
hoon.

1 Saturday ko family | - G¢: (Family dinner - requires - quiet place) | Family dinner ke liye quiet aur spacious
dinner plan hai, | - Gp: (User - dines - with family on weekends) restaurant dekh raha hoon. Kya koi pre-
restaurant  book ferred location hai?
karna hai.

2 Hauz Khas area | - Gg: (Hauz Khas - has - multiple restaurants) | Hauz Khas area mein 3 family-friendly
mein kuch dekho. - Gp: (User - prefers - Hauz Khas location) restaurants mil gaye hain. Aapko Indian

cuisine chahiye ya kuch aur?

3 Indian hi chahiye, | - Go: (Kids - prefer - kid-friendly menu) XYZ restaurant perfect rahega — Indian
kids bhi saath | - Gp: (Restaurant - serves - Indian cuisine) food ke saath kids menu bhi available
honge. hai. Reserve kar du 8 PM ke liye?

1 Subah ki dawai ka | - Gp: (User - is - senior citizen) Sure! Subah 8 baje ka reminder laga
reminder laga do. - Go: (Morning meds - should - reminded daily)diya hai aapki medicine ke liye. Aur

koi dawai hai din mein?

2 Raat wali bhi yaad | - Gg: (Medicine-schedule - night dose- 9 PM) | Raat 9 baje ka bhi reminder set kar diya
dila dena. - Gc: (Night meds - often - critical for senior) | gaya hai. Kya medicine ka naam bhi

add karna hai?

3 Haan, Ecosprin aur | - Gg: (Ecosprin - is - blood thinner) Thik hai, Ecosprin aur Metformin ka
Metformin. - Gg: (Metformin - is - for diabetes) reminder set ho gaya hai subah aur raat

- Go: (Seniors - may forget - medicine names)| dono time. Health ka dhyan rakhein!

1 Office ke liye cab | - Gp: (User - works - in IT company) Zaroor! 9 baje ke liye cab book kar rahe
book karni hai 9 | - Go: (Office commute - usually - at fixed time)) hain aapke office location par. Pickup
baje. address confirm kar dein?

2 Haan wahi ghar | - Gg: (Preferred cab type - is - AC) AC cab book ho gayi hai. Estimated
se. Aur AC cab | - Gp: (User - prefers - comfort) fare 220 rupess hoga. Aapka pickup
chahiye. - Ge: (AC cab - preferred - in summer) address: 45, Saket Nagar. Confirm ka-

roon?

Table 18: HiVisTask dataset with important triplets highlighting persona, entity, and commonsense knowledge used
in assistant responses.
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Failure Case

Example (User & Assistant Response)

Possible Explanation (in English)

Inaccurate Personal-
ization

User: Main budget travel pasand karta hoon.
Assistant: Kya aap luxury hotel book karna
chahenge?

The assistant ignored the persona
triplets and did not consider the
user’s budget preference.

Context Misinterpreta-
tion

User: Mujhe 6 baje subah ke liye airport ka
cab chahiye.

Assistant: Aapka cab 9 baje raat ko book kar
diya hai.

The assistant failed to properly un-
derstand and use the timing informa-
tion from previous utterances, result-
ing in an inconsistent response.

Commonsense Reason-
ing Gaps

User: Kya main flight se sirf 10 minute pehle
airport pahunch sakta hoon?
Assistant: Haan, bilkul theek hai.

The commonsense knowledge graph
lacked information about typical air-
port arrival times, leading to incor-
rect advice.

Overemphasis on
Triplets

User: Aaj mausam kaisa hai?

Assistant: Aap aam tor par economy flight
book karte hain, aur aapko early pickup pasand
hai.

The assistant relied too much on
triplets, causing the response to be
off-topic and repetitive, reducing nat-
uralness.

Ambiguous User Intent

User: Next weekend ka plan batao.
Assistant: Kya aap flight booking karna
chahte hain ya hotel?

Assistant failed to clarify the am-
biguous user intent, resulting in a
generic and unhelpful response.

Incomplete Triplet Cov-
erage

User: Mujhe restaurant recommend karo
Mumbai mein.

Assistant: Yeh rahi flight options Delhi ke
liye.

Relevant entity or commonsense
triplets about restaurants were miss-
ing, leading to an irrelevant response
about flights.

Temporal Reasoning
Failure

User: Main kal subah 7 baje Delhi se Mumbai
jaa raha hoon.

Assistant: Aapki Mumbai flight aaj raat 10
baje hai.

Assistant confused dates/times in
context, failing at temporal reason-
ing, causing incorrect scheduling
info.

Handling Mixed Lan-
guage

User: Kya aap mujhe ek achha 5-star hotel
recommend kar sakte ho in Delhi?
Assistant: Sure, here are some budget hotels.

Assistant did not correctly interpret
the code-switching or priority in lan-
guage, mixing English and Hindi
preferences incorrectly.

Excessive Formality

User: Chalo movie dekhne chalte hain.
Assistant: Apke manpasand manoranjan ke
liye shubhkamnayein.

Response is too formal and unnatu-
ral for casual conversation, reducing
user engagement.

Redundancy

User: Flight book kar do Delhi se Mumbai.
Assistant: Main aapke liye flight book kar
raha hoon Delhi se Mumbai flight booking kar
raha hoon.

Repetition and redundancy in gen-
erated response affects fluency and
user experience.

Lack of Clarification

User: Mujhe weekend mein trip plan karna
hai.
Assistant: Trip plan karna shuru karta hoon.

Assistant did not ask clarifying ques-
tions to understand destination, bud-
get or preferences, leading to incom-
plete assistance.

Ignoring Negative Pref-
erences

User: Main late night travel pasand nahi karta.
Assistant: Aapka cab 11 baje raat ko book kar
diya hai.

Assistant failed to incorporate neg-
ative user preferences from persona
graph, leading to unsatisfactory sug-
gestions.

Incorrect Entity Reso-
lution

User: Main apni flight Mumbai se Goa ke liye
cancel karna chahta hoon.

Assistant: Aapki flight Delhi se Goa confirm
ho gayi hai.

Assistant mixed up entity details,
confusing origin cities due to inade-
quate entity graph processing.

Overfitting to Training
Data

User: Mujhe nayi movies ke baare mein batao.
Assistant: Main sirf travel related information
de sakta hoon.

Assistant fails to generalize to di-
verse user queries outside training
scope due to overfitting on travel do-
main.

Table 19: Error Analysis: Common Failure Cases with Hinglish Examples (Extended).
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Turn Utterance Entity Context Graph | Persona Graph (Gp) Commonsense Graph
Gr) Go)
User Mere dog ke liye appoint- | (appointment, purpose, | (user, owns, dog) (dogs, may_need, veteri-
ment lo doctor ka. vet_doctor) nary_care)
Assistant | Dog ka kya naam hai? — — —
User Momo. (dog, name, Momo) — —
Assistant | Okay noted. — — —
User Momo ko garmi lag rahi | (room, type, AC_room) (user, prefers, | (heat, causes, discom-
hai, AC room book karna. AC_comfort), (user, | fort), (pet, requires, tem-
cares_for, Momo) perature_control_room)
Assistant | Done. — — —

Using Retrieved Knowledge for the Next User Query
When the user asks a new question, the system retrieves relevant triplets from the knowledge
graph (KG) and generates a context-aware response.
User: Book the cab for airport? Mai aur Momo ja rahe hain.
Relevant Triplets Retrieved from Past History:

¢ (dog, name, Momo),

* (pet, requires, temperature_control_room) |,

e (user, cares_for, Momo)

Table 20: Turn-Level Past Conversation with Entity, Persona, and Commonsense Triplets.

Response (Generated Using Retrieved Triplets): Aap aur Momo airport ja rahe hain aur aapko AC
comfort pasand hai. Main aapke liye pet-friendly AC cab arrange kar deta hoon. Kya main booking
confirm kar du?
These examples motivate the need for structured relational knowledge rather than relying solely
on raw dialogue history. The retrieved triplets enable reasoning about user preferences,

pet-related constraints, and situational requirements.
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