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Abstract

Existing approaches to complaint analysis largely rely on
unimodal, short-form content such as tweets or product re-
views. This work advances the field by leveraging multi-
modal, multi-turn customer support dialogues—where users
often share both textual complaints and visual evidence (e.g.,
screenshots, product photos)—to enable fine-grained clas-
sification of complaint aspects and severity. We introduce
VALOR, a Validation-Aware Learner with Expert Routing,
tailored for this multimodal setting. It employs a multi-expert
reasoning setup using large-scale generative models with
Chain-of-Thought (CoT) prompting for nuanced decision-
making. To ensure coherence between modalities, a seman-
tic alignment score is computed and integrated into the fi-
nal classification through a meta-fusion strategy. In alignment
with the United Nations Sustainable Development Goals (UN
SDGs), the proposed framework supports SDG 9 (Industry,
Innovation and Infrastructure) by advancing Al-driven tools
for robust, scalable, and context-aware service infrastructure.
Further, by enabling structured analysis of complaint narra-
tives and visual context, it contributes to SDG 12 (Responsi-
ble Consumption and Production) by promoting more respon-
sive product design and improved accountability in consumer
services. We evaluate VALOR on a curated multimodal com-
plaint dataset annotated with fine-grained aspect and sever-
ity labels, showing that it consistently outperforms baseline
models, especially in complex complaint scenarios where in-
formation is distributed across text and images. This study
underscores the value of multimodal interaction and expert
validation in practical complaint understanding systems.

Resources — https://github.com/sarmistha-D/VALOR
Extended version — http://arxiv.org/abs/2511.14693

Introduction

Your most unhappy customers are your greatest source
of learning.

Bill Gates

Understanding customer complaints is crucial for improv-
ing user experience, service reliability, and product qual-
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ity, objectives that directly align with the United Nations
Sustainable Development Goals (SDGs), particularly SDG
9 (Industry, Innovation, and Infrastructure) and SDG 12
(Responsible Consumption and Production). While prior
work has advanced complaint analysis, most efforts focus
on short-form, unimodal inputs such as tweets (Preotiuc-
Pietro, Gaman, and Aletras 2019). These formats often lack
the evolving context and emotional nuance found in real-
world customer support scenarios. Moreover, modern users
increasingly supplement textual complaints with visual con-
tent, such as screenshots of broken interfaces or damaged
items shared across platforms (Singh et al. 2022a, 2023c).
However, current research rarely addresses this multimodal
and conversational nature of complaints, which introduces
unique challenges in cross-modal alignment, contextual rea-
soning, and fine-grained classification.

Traditional approaches like aspect-based sentiment analy-

Hii @ Company !! I got refunded for an in app purchase on
Monday & got a conformation email, but there's no sign of it in my
account yet ~... It is annoying

2

i
orl |
Report a Problem refund
confirmation.

Dear
Recently you reported an issue with
Annual Subscription using

iTunes Report a Problem. This email
confirms that you have been issued a
refund of $75.59 for this purchase.

Regards,
The App Store team

@User Hey there! Depending on your bank, it can take 3-5
business days to reflect in your account.We hope this helps.

| ok =, will let you know if I don't see it by Friday ]

a

@User We understand waiting can be frustrating. Feel
free to reach out to us here if you need help in the future.

Service Disapproval

Figure 1: A conversation snippet from the CIViL dataset.
Labels indicate the aspect-severity pairs identified from the
conversation.



sis primarily assign sentiment polarities (positive, negative,
neutral) to specific aspects in isolated reviews. While help-
ful in gauging user opinion, these methods fall short when
complaints evolve over multi-turn dialogues or involve mul-
timodal evidence. Sentiment alone often lacks the specificity
needed for actionable insights. For example, a user might re-
port a late delivery and share a photo of a damaged product,
each pointing to different aspects (logistics and packaging)
and severity levels. Without disentangling such layered sig-
nals, automated systems fail to produce serviceable insights
for resolution teams.

We redefine complaint analysis as a fine-grained multi-
modal classification task over multi-turn dialogues, jointly
modeling conversational flow and aligned images to iden-
tify aspect categories and severity levels with contextual ac-
curacy. These structured outputs enable downstream appli-
cations such as intent-based ticket routing, escalation pre-
diction, and service analytics. Figure 1 presents an example
of such a use case.

Building on this formulation, we propose CIViL: Cus-
tomer Interactions with Visual and Linguistic signals, a cu-
rated dataset of multi-turn dialogues annotated with aspect
and severity annotations and paired with topically aligned
images sourced from social media websites. Motivated by
the effectiveness of Large Language Models integrated
with Mixture-of-Experts (MoE) architectures, we adopt a
modular learning strategy that balances expert specializa-
tion with shared representation learning. To this end, we
propose Validation-Aware Learner with Expert Routing
(VALOR), a multimodal framework that transforms com-
plaint interactions into structured outputs using a robust
MoE architecture enhanced with semantic alignment and
Chain-of-Thought (CoT) reasoning. To assess the quality of
modality integration and expert behavior, we incorporate a
validation module that applies a three-part metric system,
capturing alignment across modalities, dominance when one
modality is more informative, and complementarity when
both modalities contribute distinct yet coherent information.
This work lays the foundation for real-world multimodal
complaint understanding in dialogue systems by transform-
ing unstructured complaints into structured, fine-grained in-
sights; providing annotated resources, scalable methodolo-
gies, and actionable feedback to enhance service responsive-
ness and consumer engagement.

Research Objectives: Following are the research objectives
of the current study:

(1) To investigate how textual and visual signals enhance
fine-grained complaint analysis, specifically aspect and
severity detection in multi-turn customer support dialogues.
(2) To design and evaluate a two-phase MoE framework,
VALOR, that combines cross-modal fusion, semantic align-
ment scoring, and CoT-based expert reasoning to produce
accurate predictions from multimodal complaint data.

(3) To develop a domain-specific multimodal customer-
support dialogue dataset, enabling systematic benchmarking
and advancing research in multimodal dialogue-grounded
grievance analysis.

Contributions: The primary contributions are as follows:
(1) We define and investigate the task of fine-grained multi-
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modal complaint understanding within multi-turn dialogues,
with a specific emphasis on identifying aspect categories
(ACD) and assessing severity levels (SD).

(2) We introduce CIViL, a benchmark multimodal dataset of
customer-support dialogues, built by extending a subset of
the Kaggle customer support corpus with fine-grained as-
pect and severity annotations, and enriched with topically
aligned images. This resource aims to advance research in
multimodal conversational complaint understanding.

(3) We propose VALOR, a Validation-Aware Learner with
Expert Routing tailored for robust identification of real-
world multimodal complaints in conversational settings.

(4) The proposed framework sets a strong benchmark for
fine-grained multimodal complaint analysis in dialogue-
based contexts, consistently outperforming baselines across
multiple metrics.

Related Works
Complaint Detection

Complaint detection from text has become a key area in
computational linguistics. Early methods relied on rule-
based systems and handcrafted features to identify dissatis-
faction (Singh et al. 2021). With the rise of deep learning,
particularly transformer models like BERT (Devlin et al.
2019) semantic and contextual modeling improved signif-
icantly. Recent multitask approaches further enhance gen-
eralization by incorporating related cues such as sentiment,
emotion, and sarcasm (Singh et al. 2022b; Singh and Saha
2021; Singh, Nazir, and Saha 2022; Singh et al. 2023b).
However, these studies are limited to short, single-turn texts
like tweets which lack contextual depth.

Multimodal methods have begun addressing this gap by in-
tegrating visual and textual inputs (Singh et al. 2022a; De-
vanathan et al. 2024; Singh et al. 2024; Das et al. 2025a),
but mostly rely on static features or simplistic fusion, often
missing nuanced cross-modal interactions. Moreover, eval-
uations are typically conducted on product reviews, which
lack the temporal structure and expressiveness of real-time,
multi-turn conversations. Without multi-turn context, these
models struggle to capture evolving emotions and layered
complaint dimensions. In contrast, multi-turn dialogues of-
fer richer signals, users elaborate issues over time, correct
themselves, and discuss multiple concerns not evident in iso-
lated posts.

Fine-grained Complaint Analysis

Recent advances in complaint analysis have focused on fine-
grained tasks like severity classification (Jin and Aletras
2021; Singh, Bhatia, and Saha 2024; Das et al. 2024), typi-
cally using transformer-based models to estimate emotional
intensity in social media posts. However, the limited context
and ambiguity of short-form content often reduce predic-
tion accuracy. To improve granularity, later work explored
aspect-based modeling using attention mechanisms (Singh
et al. 2023d,a; Jain et al. 2023; Das et al. 2025b). While ef-
fective, these methods underutilize the deeper reasoning and
contextual capabilities of large language models—essential



Annotation Guidelines

Annotations must be carried out independently, without outside influence.

Aspect categories should be assigned based on the customer’s viewpoint.

Each identified aspect must be paired with an appropriate severity level.

Choose the aspect label that most accurately reflects the specific cause of dissatisfaction.

U & 0 1t = A

Ambiguous cases should be resolved through discussion among annotators and authors.

Table 1: Annotation guidelines for CIViL dataset.

for handling the complexity of aspect and severity classifi-
cation in rich, multi-layered complaint narratives.

Mixture-of-Experts

Mixture-of-Experts (MoE) architectures enhance model per-
formance by dynamically routing inputs to specialized,
lightweight sub-models, each trained on distinct regions of
the task space (Freund, Schapire et al. 1996). Unlike tra-
ditional ensembles that aggregate outputs post-hoc, modern
MoE models employ learnable gating mechanisms to ac-
tivate only relevant experts during inference, enabling ef-
ficient and scalable learning (He et al. 2021; Jiang et al.
2024). Integrated with large language models (LLMs), these
methods have shown strong results across various NLP tasks
(Shen et al. 2024; Li et al. 2023), making them suitable for
fine-grained complaint analysis in dialogues. More recently,
MoE frameworks have been extended to multimodal set-
tings, where experts are trained to process specific modal-
ities or modality combinations, allowing for flexible and
fine-grained cross-modal reasoning (Yu et al. 2024; Li et al.
2025). Designing such systems requires attention to expert
diversity and routing precision, as misallocation can degrade
performance due to loss of critical information.

Research Gap

While automated complaint classification has advanced in
recent years, most approaches remain limited to unimodal
inputs like text-only tweets or reviews, missing the increas-
ingly common use of visual evidence such as screenshots or
product images. Despite this shift in user behavior, current
research rarely incorporates visual context into the model-
ing of customer-support grievances. The interaction between
text and images, especially in fine-grained tasks like as-
pect and severity classification remains underexplored. Mul-
timodal complaint scenarios in dialogue settings introduce
unique challenges, including modality alignment, ambigu-
ity resolution, and cross-modal reasoning, which conven-
tional LLMs and vision-language models are not explic-
itly designed to address. To address these gaps, we con-
struct a multimodal complaint dataset grounded in customer-
support dialogues and propose VALOR, a validation-aware
multi-expert framework that fuses textual and visual cues via
cross-attention, semantic alignment, and Chain-of-Thought
reasoning for fine-grained complaint understanding.

Customer Interactions with Visual and
Linguistic Signals Dataset (CIViL)

For this study, we build upon the publicly available Kaggle
Customer Support on Twitter dataset (Axelbrooke 2017),
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the only publicly available large-scale collection of English-
language customer-agent dialogues across domains such as
airlines, tech, and retail. From over 20,000 conversations,
we focused on interactions involving Apple Support, com-
prising 14% of the dataset and filtered for two-speaker di-
alogues ranging from 2 to 10 utterances' to reflect typical
support exchanges. A subset of 2,004 conversations was ran-
domly sampled and annotated with fine-grained aspect and
severity levels.

To enrich the dataset with visual context, we scraped 4,478
relevant images from the same time period from X and Red-
dit websites using a two-phase pipeline. The scraping pro-
cess utilized the PRAW library for Reddit and Scrapy for
X. First, we curated images related to common complaint
themes (e.g., broken screens, battery drain, camera qual-
ity) from targeted subreddits. Next, we employed a CLIP-
based (Radford et al. 2021) semantic matching algorithm to
assign topically aligned images to conversations based on
textual content. Only high-confidence image—conversation
pairs were retained through a multi-stage similarity and val-
idation process.

Annotator Details

Three annotators independently labeled each dialogue with
aspect and severity labels. Disagreements were resolved
through collaborative review sessions, which also involved
iterative refinements in the annotation guidelines. The team
comprised one Ph.D. researcher and two postgraduate schol-
ars, all with prior experience in supervised dataset creation
and domain-specific annotation. Their strong command of
English, supported by formal education in English-medium
institutions, ensured consistency and accuracy in interpret-
ing conversational content.

Statistic Count
Total Conversations 2004
Total Utterances 7101
Total Images 4478
Total Customer Utterances 3825
Total Support agent Utterances 3276
Average User Utterance per conversation 2.74
Average Support agent Utterance per conversation | 1.49

Table 2: CIVIL dataset statistics

Annotation Phase & Dataset Analysis
To ensure consistency and reduce ambiguity, annotators
were equipped with comprehensive guidelines (Table 1) and

'An utterance, also referred to as a turn, typically comprises
multiple sentences.



a reference set of 50 sample conversations. The annota-
tion process follows established protocols commonly used
in aspect-based sentiment analysis (Liao et al. 2021; Nazir
et al. 2020). The CIViL dataset comprises the following label
distributions:
(a) Severity levels-Blame (799), Disapproval (486), Accusa-
tion (484), and No Explicit Reproach (235).
(b) Aspect categories-Software (1,662), Quality (117),
Hardware (112), Service (77), Price (23), and Packaging
(13). Detailed dataset statistics are summarized in Table 2.
Fleiss’ Kappa scores (Fleiss 1971) for inter-annotator
agreement were 0.68 for aspect categories and 0.75 for
severity levels, indicating substantial consistency among an-
notators (McHugh 2012). As the dataset exclusively com-
prises complaint-driven customer-support dialogues, it con-
tains no non-complaint instances. Each conversation is la-
beled with one or more aspect—severity pairs, capturing the
distinct issues raised within a single interaction. In the inter-
est of space, additional annotation details and dataset statis-
tics for CIViL are provided in the supplementary resources
linked with the paper.

Proposed Approach

Problem Statement: Given a multimodal input (7,17),
where T € RL*497 denotes the tokenized textual embed-
ding and I € R3*224X224 represents the normalized image
tensor, the task is to perform joint classification over two or-
thogonal dimensions: ACD with C,, discrete categories (e.g.,
Software, Hardware, Packaging, etc.) and SD with C ordi-
nal levels (e.g., No Reproach, Disapproval, Blame, Accu-
sation). A unified model fy : (T,1) — (l4,ls) is learned,
where [, € R and [, € RC: denote the raw logits for as-
pect and severity, respectively. The predictive distributions
are obtained via softmax activation:

Py, | T,I) = softmax(l,), P(ys|T,I)= softmax(l)

enabling efficient end-to-end optimization of the dual-target
complaint classification objective within a multimodal learn-
ing framework. We present VALOR, a two-step multi-
modal architecture that combines Chain-of-Thought reason-
ing with expert validation for fine-grained complaint clas-
sification. The framework separates prediction and valida-
tion phases, enhancing both accuracy and transparency in
multimodal understanding. Figure 2, outlines the proposed
VALOR framework.

1. Phase 1 Prediction (Foundation of COT MoE): The
prediction phase transforms multimodal complaint data
into structured outputs through a robust mixture-of-
experts framework enhanced with semantic alignment
and Chain-of-Thought (CoT) reasoning. Initially, raw
text inputs 7" are tokenized using the BERT-base-uncased
tokenizer (vocabulary size V' = 30,522) and truncated
to L = 512 tokens, yielding token tensors T & RBxL,
while image inputs I are resized to 224 x 224 and passed
through a ViT-patch16 (Dosovitskiy et al. 2021) em-
bedding module to form I € RBx3x224x224 yith 196
patches. The text is encoded using a 12-layer, 12-head
BERT transformer (hidden size d = 768) to produce
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contextual embeddings H, € RB*L*d and a [CLS]
token h; € RPX9 while the image passes through
a ViT-base encoder yielding patch embeddings H; €
RBEx196xd and CLS vector h; € RB*9, These repre-
sentations are fused using cross-modal multi-head atten-
tion with H = 8 heads, where for each head h, queries
Q) = HtW((Ih), keys K; = HZ-W,(Ch), and values
V, = HiW,(,h) are computed using projection matrices
Wgh), W,ih), Wq(,h) € RIx4/H  Attention is computed
as softmax(Q, K, /1/d/H)V}, and outputs are con-
catenated, projected, and passed through residual layers
and feed-forward networks, followed by mean pooling to
yield the unified multimodal embedding x € R53*¢, Par-
allelly, a Semantic Alignment Score (SAS) is computed
by projecting h; and h; into a shared 512-dimensional
space using two-layer MLPs with GELU activation. The
outputs are layer-normalized, concatenated, and passed
through another MLP with tanh activation to yield the
scalar alignment score s € [—1,1]5. The fused embed-
ding x is then routed to K = 4 Chain-of-Thought experts,
each built on the DeepSeek-6.7B model (hidden size
d; = 4096). Each expert k transforms the input as xj, =
X ® ay, + By, with learnable parameters v, 3, € RY,
followed by projection x}, = xﬁcWi(nk) + bl(nk ) and autore-
gressive reasoning using temperature 7 = 0.5, top-k =
30, and top-p = 0.9 sampling. This generates reason-
ing tokens and a final hidden state hg,, € RBxdt pro-

jected as logits £%) = hgg W + %) € REXC where
C € {C,,Cs} denotes class counts for aspect or severity
prediction. Expert routing is handled by a learned gat-
ing function g = softmax(xW, + b,.) € R5*X pro-
ducing soft probabilities gy, 5, for expert relevance. Hard
top-1 selection yields expert index k; = arg maxy, gp k.
resulting in routing matrix R € {0,1}3*%. To pre-
vent expert collapse and encourage load balancing, the
routing entropy H(gp) = — Zlkc:l 9o,k log gy 18 com-
puted, and a regularization loss is introduced: Ly, =

2
K 5
2k-1 (% ~ B X1 ngc) :

. Phase 2 (Validation MoE): The validation phase intro-

duces robust secondary reasoning using £, = 2 special-
ized validation experts and a multi-perspective evalua-
tion pipeline to enhance prediction confidence and in-
terpretability. Each validation expert is instantiated as
a DeepSeek transformer stack with 32 layers and hid-
den dimension d; = 4096, receiving the joint multi-
modal embedding x € RZ*9, which is first linearly

projected via W e RI¥d: and bias bil)in, yielding

v,in s

x;. This is processed by the transformer block to obtain

h;, then projected through Wl()l},m and passed through a

two-layer MLP with ReLU activations to generate log-

its £ € RB*C_ To analyze expert behavior, a threefold
metric system is employed: (i) Alingment evaluates co-
sine similarity between logits of experts [ and m, yield-
(£,.£,")

ing Alingment =
N AN V2R

with mean score Ray,;
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of Thought reasoning: Step 1: Identify the key features in the input. Step 2: Consider
what aspect the complaint is about (Software, Hardware, Packaging, Price, Service, or Quality).
tep 3: Determine the severity level (No Explicit Reproach, Disapproval, Blame, or Accusation)]

D Selection of Top-k Expert Specific
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Analyze this multimodal input about a customer complaint from text and image. Use Chain h DDDD

Step 4: Make a classification decision based on your reasoning. Reasoning: Y, Input
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Specific Logits
|
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State &;

Lp ]

MLP- Fusion

0
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S Y@, | Final Results pey (T 1) ( Hardware(Aspec)
P — PR LCALY)
Output final P(ys| L) |_Blame (Severity)

Classification layer

Figure 2: Architectural view of proposed VALOR framework

(ii) dominance quantifies predictive alignment between
MOoE outputs £, and validation logits £,, via correlation:
COV(Z;U‘) ,ifj‘l) )

——2 1 - and (iii) comple-
\/ Var(l;,a))\/ar(lg,a))

mentarity, a diversity measure, is captured via entropy

dominance'® =

over softmax-normalized logits: complementarity(l) =
—Zlepq(]l’c) log pi, with pit® = softmax (),
and average U,,. A meta-fusion network then aggre-
gates predictions through routing-aware combination:
£, =%, R %) and ¢, = > 1 9v, -Ei,, where g, ;
are soft routing weights. The combined feature vector
foea = [€p; u; 83 H; Rayg; dominance; Uy, € REXM
(with M = 2C, + 5) is passed through a 3-layer MLP
with hidden sizes (768, 384,C,), ReLU activations, and
dropout rate 0.1 to generate fused logits £;. These are
adjusted by SAS-based alignment: £iny = £ + As -
s - 1¢,, with Ay = 0.1, and final predictions com-
puted as P(y|-) = softmax(€gn,). The overall train-
ing objective integrates aspect and severity classifica-
tion losses using label-smoothed cross-entropy (€ =
0.15), validation loss L., semantic alignment margin
loss Ly = 75 >, max(0, u — sp) with . = 0.3, and
metric-driven regularizers: Lajingment = max(0, Rayy —
TR)> Ldominance = max(0,7¢ — dominance(a)), and
Lecomplementarity = max(0, 7y — Uayg), With thresholds
Tr = 0.3, 7s = 0.5, 7y = 1.5. The final total loss is
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computed as:

Liotat = Laspect + Liseverity + AibLip + AvaiLval
+ s Lsas+A R L Atingment +A5 Ldominance + AU Lcomplementarity »
The final predictions for both aspect and severity are
computed as P(y, | T,1) = softmax(l(a) ) and P(ys |

final

T,1I)= softmax(l}si)ml), respectively.

Experiments and Results

This section describes the evaluation setup used to ensure
a fair and rigorous comparison with strong state-of-the-art
baselines. Our analysis is driven by three research questions:
RQ1: How does VALOR perform relative to state-of-the-art
models?

RQ2: What is the individual contribution of each architec-
tural component in VALOR?

RQ3: Which expert configuration delivers optimal task per-
formance?

Evaluation Protocol

We evaluate the proposed VALOR framework on the CIViL
dataset. The dataset is split into 70% training, 10% valida-
tion, and 20% testing to ensure statistical robustness and
generalization fidelity. All experiments are conducted on
an NVIDIA RTX 3090 GPU, using the AdamW optimizer
(Loshchilov and Hutter 2019) with an initial learning rate
of 2 x 1075, linear warm-up, and cosine decay scheduling.



Model ACD SD

F1 A F1
DeepSeek-VL 0.66 0.65 0.66 0.65

>

Gemma-3 (9B) 0.69 0.66 0.65 0.66
Flash Gemini (1.6B) 0.66 0.65 0.66 0.65
ImageBind 0.66 0.65 0.64 0.63
Paligemma (3B) 0.65 0.66 0.65 0.64
SMOL-VLM 0.65 0.64 0.63 0.62
GIT (300M) 0.65 0.64 0.63 0.62
FLAVA 0.62 0.61 0.60 0.59
ALBEF 0.61 0.60 0.59 0.56
UNITER 0.60 0.59 0.56 0.55
CLIP ViT-B/32 0.59 0.56 0.55 0.56
Visual BERT 0.56 0.55 0.56 0.55
VILT 0.55 0.56 0.55 0.54

Table 3: Performance comparison of baseline models on the
CIViL dataset after 20 epochs of fine-tuning. Models are
ranked by their overall Fl-score. A: Accuracy, F1: macro
F1-score

Optimization employs binary cross-entropy loss for multi-
label classification, with a batch size of 16, dropout rate
of 0.5, and gradient clipping (max norm = 1.0) to stabilize
training. Models are trained for up to 20 epochs with early
stopping (patience = 5) based on validation loss, and a fixed
random seed (42) ensures full reproducibility. Evaluation is
performed using Accuracy and macro F1-score, computed
independently for both ACD and SD tasks to provide a com-
prehensive assessment of model performance across the two
fine-grained complaint dimensions.

Baseline Comparison

To rigorously benchmark the performance of our VALOR
framework, we evaluate it against a broad suite of state-of-
the-art multimodal models across three learning paradigms,
zero-shot, few-shot, and fully fine-tuned, to assess adaptabil-
ity under varying supervision levels. The baselines include
leading vision-aligned language models such as DeepSeck-
VL, Gemma-3 (9B), Flash Gemini (1.6B), and Paligemma
(3B), as well as prominent vision-language pretraining
architectures like ImageBind, SMOL-VLM, GIT (300M),
FLAVA, ALBEF, UNITER, CLIP ViT-B/32, VisualBERT,
and ViLT. Together, these models represent the state-of-the-
art in multimodal representation learning. As shown in Ta-
ble 3, we report and rank their performance after 20 epochs
of fine-tuning on the CIViL dataset, providing a comprehen-
sive comparison across both aspect and severity prediction
tasks.

The results indicate that larger models such as Gemma-3
(9B) tend to perform better, suggesting that model scale is a
significant factor in this complex task. Models specifically
designed for vision-language integration, like DeepSeek-
VL, also show strong performance. However, there is con-
siderable variance across the board, underscoring the chal-
lenges of fine-grained multimodal analysis.

Ablation Study

To quantify the impact of key design choices in the VALOR
framework, we conduct a focused ablation study across four
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core components. First, we compare our Chain-of-Thought
(CoT) experts with standard MLP and Transformer-based
experts. Second, we assess the effect of including the Val-
idation MoE module. Third, we evaluate our learnable Se-
mantic Alignment Score (SAS) against cosine similarity and
alignment-agnostic baselines. Lastly, we vary the Top-K
routing parameter to analyze the influence of expert sparsity.
Results in Table 4 provides proposed framework VALOR re-
sult and detailed insights into the role of each component.

Results Analysis

Our experimental results are guided by three research ques-
tions (RQs):

RQ1: How does VALOR perform relative to state-of-
the-art models? In its full configuration, VALOR achieves
significant performance gains over all competitive base-
lines, attaining 81.94% aspect classification accuracy and
72.51% severity accuracy, marking absolute improvements
of 12.94% and 6.51%, respectively, over the strongest con-
tender, Gemma-3. These results empirically validate the effi-
cacy of our expert-driven, validation-aware architecture and
underscore its superior capacity for multimodal complaint
understanding.

RQ2: What is the contribution of each component in
VALOR? The ablation analysis substantiates the additive ef-
ficacy of each architectural module within VALOR. Notably,
the incorporation of the Validation MoE yields a substantial
gain of 8.2% in aspect accuracy (from 73.74% to 81.94%),
highlighting its pivotal role in expert quality control. Fur-
thermore, the integration of a learnable Semantic Alignment
Score (SAS) consistently outperforms static alignment base-
lines (e.g., cosine similarity or no alignment), affirming the
importance of dynamic cross-modal alignment in enhancing
representational fidelity and task-specific reasoning.

RQ3: Which expert type is most effective for this
task? Chain-of-Thought (CoT) experts exhibit clear supe-
riority over both Transformer and MLP-based counterparts,
attributed to their explicit step-by-step reasoning capabili-
ties that are essential for capturing the nuanced semantics
of customer complaints. While Transformer experts offer
competitive performance due to their expressive capacity,
they fall short in interpretability and sequential inference.
MLP experts, limited by their architectural simplicity and
lack of contextual modeling, yield the weakest results, un-
derscoring the critical advantage of structured reasoning in
this domain. All reported results are statistically significant®
(Welch 1947).

Human Evaluation: To provide a fine-grained and
context-aware assessment of VALOR’s real-world effective-
ness beyond conventional automated metrics, we conducted
a rigorous human evaluation (Figure 3) involving 200 ran-
domly selected test samples from the CIViL dataset, en-
compassing diverse complaint categories and severity lev-
els. Using a win-loss-draw protocol, expert evaluators com-

>We performed Student’s t-test for the test of significance. The
results are statistically significant when testing the null hypothesis
(p-value < 0.05).



Configuration Expert Validation MoOE SAS  Top-K ACD (A) SD (A) ACD (F1) SD (F1)
CoT (No Validation, Learnable SAS, Top-2) cot False learnable 2 73.74  62.62  70.44 52.84
CoT (No Validation, Learnable SAS, Top-4) cot False learnable 4 75.14  64.64 70.46 59.47
VALOR cot True learnable 2 81.94 72.51 76.96 67.91
MLP (No Validation, Learnable SAS, Top-2) mlp False learnable 2 70.43 5735 63.82 48.55
MLP (No Validation, Learnable SAS, Top-4) mlp False learnable 4 7197 5898 65.04 54.45
MLP (Validation, Cosine SAS, Top-2) mlp True cosine 2 68.81 6524  61.20 57.58
MLP (Validation, Cosine SAS, Top-4) mlp True cosine 4 69.06 65.14  66.62 56.14
MLP (Validation, No SAS, Top-2) mlp True none 2 71.19 6439  68.18 60.69
Transformer (No Validation, Learnable SAS, Top-2) transf False learnable 2 7751 6795  70.62 61.70
Transformer (No Validation, No SAS, Top-2) transf False none 2 72.86  52.67 68.22 43.84
Transformer (No Validation, No SAS, Top-4) transf False none 4 65.51 59.48 59.79 55.17
Transformer (Validation, Learnable SAS, Top-2) transf True learnable 2 77.08 63.98 70.24 60.24
Transformer (Validation, No SAS, Top-2) transf True none 2 74.84  63.55 71.30 58.05

Table 4: Results for VALOR framework and ablation study of its different components. The table shows the performance impact
of different expert types, validation strategies, and SAS settings. Best scores are in bold face. A: Accuracy, F1: macro F1-score,

transf: transformer

A VALOR
A Gemma-3
DeepSeek-VL

A Flash Gemini

Figure 3: Human Evaluation on win-loss-draw performance
criteria between popular baselines against CIViL; Here A-
Stands for Aspect and S-stands for Severity

pared VALOR’s predictions against those of state-of-the-art
baselines, Gemma-3 (a reasoning-aligned encoder-decoder
LLM), DeepSeek-VL, and Flash Gemini, across two core
dimensions: aspect identification and severity classification.
VALOR demonstrated superior judgmental fidelity, achiev-
ing the highest win rates at 42.3% for aspect identification
and 38.5% for severity classification, while simultaneously
maintaining the lowest loss rates of 18.7% and 22.1%, re-
spectively. These empirical findings underscore VALOR’s ar-
chitectural advantage in integrating validation-aware multi-
modal experts, Chain-of-Thought-enabled expert modules,
and semantic alignment mechanisms, which collectively en-
hance its interpretability and robustness in nuanced com-
plaint understanding tasks.

Qualitative Analysis: To gain deeper insight into the be-
havior of VALOR framework, we conducted a focused qual-
itative analysis of its predictions. Key observations include:
(1) Multi-aspect recognition: VALOR effectively handles
complex complaints involving multiple issues. For example,
a user reporting a “battery issue and slow software,” accom-
panied by an image indicating the battery problem, is ac-
curately classified into distinct aspect—severity pairs: hard-
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ware—disapproval and software—accusation.

(2) Expert fallback reliability: The validation-aware MoE
layer successfully intervenes in low-confidence cases from
the primary experts, offering a corrective secondary infer-
ence. In the interest of space, additional qualitative analyses
and representative examples are provided in the supplemen-
tary resources linked with the paper.

Error Analysis: The error analysis of VALOR highlights
following key challenges impacting aspect—severity classifi-
cation in conversational settings:

(1) Subjective severity interpretation: Variability in user
tone or emotionally neutral expressions can lead the model
to underestimate or misclassify severity levels.

(2) Class imbalance: Over representation of dominant as-
pects (e.g., “software”) and underrepresentation of others
(e.g., “price”) skew predictions and reduce generalization to
low-frequency categories. This distribution, while challeng-
ing, mirrors real-world complaint frequency patterns.

Conclusion and Future Work

This work introduces CIViL, a benchmark multimodal dia-
logue dataset, and VALOR, a modular Mixture-of-Experts
framework for fine-grained multimodal complaint analysis
in customer-support conversations. By integrating seman-
tic alignment, Chain-of-Thought reasoning, and expert
validation, VALOR produces structured, interaction-aware
predictions that consistently outperform strong baselines.
Our experiments highlight the effectiveness of dynamic
expert routing in disentangling complex, multimodal signals
across dialogue turns. Future work will focus on extend-
ing the framework to support multilingual scenarios and
additional multimodal signals, while incorporating speaker
roles and temporal dependencies to enhance its applicability
across diverse service contexts and user populations.
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