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Abstract

Multimodal Sarcasm Understanding (MSU)
comprises multiple subtasks, demanding both
incongruity perception and intent reasoning.
However, this progress is impeded by two bot-
tlenecks. First, the lack of a unified benchmark
for holistic satirical cognition hinders compre-
hensive evaluation of MSU. Second, jointly
modeling these heterogeneous subtasks often
leads to feature entanglement. Specifically,
while subtasks share a dependence on incon-
gruity, they diverge in granular focus, causing
specific execution patterns to erode the fun-
damental perception capability. To address
these challenges, we make two contributions.
First, we introduce DocMSU-PLUS, a com-
prehensive benchmark covering five cognitive
dimensions of MSU. All tasks are reformu-
lated into multiple-choice questions (MCQs),
enabling a unified accuracy-based evaluation.
Second, we propose the Dual Orthogonal
Stream Experts (DOSE) framework. DOSE
structurally decouples experts into orthogo-
nal shared perception and private execution
streams to physically block gradient interfer-
ence between tasks. Experiments demonstrate
that DOSE achieves superior performance on
DocMSU-PLUS, effectively balancing general
perception with task-specific adaptation.'

1 Introduction

Sarcasm, as a complex rhetorical device, exten-
sively pervades multimodal content on social me-
dia. Since sarcasm typically implies a sentiment
diametrically opposite to its literal meaning, accu-
rate decoding is pivotal for robust sentiment anal-
ysis (Farias and Rosso, 2017; Khare et al., 2023),
public opinion mining (Cai et al., 2019), and so-
cial Al systems (Balamurali et al., 2024). Theo-
retically grounded in the Incongruity-Resolution

*Corresponding author.
'Warning: This paper contains content that may be disturb-
ing to some readers.

Theory (Yus, 2017), comprehending sarcasm op-
erates as a hierarchical cognitive process that ini-
tiates with the perception of semantic dissonance
between visual and textual modalities, and culmi-
nates in the reasoning of the underlying intent to ra-
tionalize such conflicts. Consequently, Multimodal
Sarcasm Understanding (MSU) requires models to
go beyond binary detection. Instead, it requires
models to parse inter-modal dominance, identify
sarcasm targets, and comprehend sarcasm logic.
Recently, Multimodal Large Language Models
(MLLMs) have emerged as promising candidates
to address complex cognitive demands. This is due
to their exceptional capabilities in instruction fol-
lowing and reasoning. However, verifying these
capabilities is challenging due to the fragmented
nature of current benchmarks. Existing datasets
are predominantly tailored for isolated single-task
scenarios, most notably binary detection (Qin et al.,
2023; Qiao et al., 2023; Guo et al., 2025). Even
when studies attempt to incorporate diverse tasks
such as explanation generation, they are forced to
rely on heterogeneous evaluation metrics (Kumar
et al., 2022; Zhuang et al., 2025). Specifically,
perception-oriented tasks like detection utilize met-
rics like accuracy to measure deterministic correct-
ness. In contrast, reasoning-oriented tasks like ex-
planation rely on semantic similarity scores. This
fundamental metric mismatch renders it inherently
challenging to align the evaluation of reasoning
with perception. Consequently, a unified standard
remains absent to quantify the model’s MSU ca-
pability across the complete cognitive chain, as
semantic similarity does not necessarily equate to
the logical validity required for this task.
However, achieving this through multi-task
learning faces a critical feature entanglement chal-
lenge. Unlike general multi-task scenarios, sar-
casm understanding involves an inherent conflict
between low-level perception (capturing subtle
cross-modal incongruity) and high-level execution
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(formulating complex responses for diverse down-
stream tasks). Mastering the complex execution
patterns required for these diverse tasks often pre-
cipitates negative transfer. Gradient updates driven
by execution objectives tend to erode the underly-
ing, task-agnostic representations of sarcasm per-
ception. While mixture-of-experts (MoE) architec-
tures have shown promise in mitigating task inter-
ference, they rely on parameter-level isolation with-
out explicit geometric constraints. Consequently,
they fail to achieve feature decoupling, thus failing
to prevent this catastrophic interference.

To bridge this evaluation gap, we intro-
duce DocMSU-PLUS. Distinct from the original
DocMSU (Du et al., 2024), which primarily fa-
cilitate perception-level tasks on a large-scale but
highly imbalanced corpus, our benchmark shifts
the focus towards cognitive depth and data quality.
We meticulously distill a balanced corpus of over
14,000 high-quality samples from the original raw
data and fundamentally expand the cognitive di-
mensions to include reasoning-centric tasks, specif-
ically sarcasm description and mechanism analysis.
Crucially, we establish the first standardized MCQ
paradigm that unifies all five subtasks. This formu-
lation transforms diverse output formats, including
text generation and bounding box localization, into
a consistent selection task. Capitalizing on this
unified formulation, DocMSU-PLUS enables us to
utilize accuracy as a single, rigorous metric. This
is the first benchmark to assess the comprehensive
MSU capability under unified indicators.

To address the feature entanglement challenge,
we propose a Dual Orthogonal Stream Experts
(DOSE) framework. DOSE explicitly resolves the
inherent conflict between perception and execution
by implementing a structural disentanglement strat-
egy. Specifically, we construct each expert into
a dual-stream architecture, comprising a shared
perception stream for universal mechanisms and a
private execution stream for task-unique features.
During the forward process, a task-adaptive hy-
brid gating mechanism dynamically modulates fu-
sion weights. This effectively balances the model’s
reliance on global sarcasm logic versus local de-
tails. Furthermore, we impose orthogonal regu-
larization during optimization to mathematically
enforce disjoint feature subspaces. This design al-
lows the model to master diverse execution needs
while preserving its fundamental perception capa-
bilities. The main contributions of this work are
summarized as follows:

e We introduce DocMSU-PLUS, which unifies
MSU subtasks into a standardized MCQ paradigm.
This formulation bridges existing evaluation gaps,
enabling the assessment of holistic sarcasm under-
standing with a single metric for the first time.

e We propose DOSE to resolve feature entan-
glement through structural decoupling. By im-
posing orthogonal regularization, it effectively dis-
entangles universal sarcasm perception from task-
specific representations.

e Experiments demonstrate that DOSE achieves
state-of-the-art performance on DocMSU-PLUS.
Further analysis confirms that DOSE effectively
mitigates negative transfer between tasks, ensuring
robust performance across varying data regimes.
The code and data are available?.

2 Related Work

2.1 Multimodal Sarcasm Understanding

Research on MSU has evolved from binary clas-
sification to fine-grained reasoning. Early works
focused on sarcasm detection (Cai et al., 2019),
aiming to capture the emotional or semantic in-
congruity between images and text. Prior stud-
ies adopted graph neural networks (Liang et al.,
2021; Wei et al., 2024), and cross-modal interac-
tion mechanisms (Qiao et al., 2023; Jia et al., 2024;
Guo et al., 2025) to model this incongruity. Recent
efforts have shifted toward more challenging tasks,
including target identification (Wang et al., 2022;
Chen et al., 2024; Lv et al., 2025) and explanation
generation (Desai et al., 2022; Jing et al., 2023;
Singh et al., 2024). However, existing datasets
are typically constructed for single tasks, neglect-
ing the intrinsic cognitive dependencies between
different subtasks. Furthermore, various sarcasm
understanding tasks lack unified evaluation met-
rics. To address these issues, we construct the first
unified MCQ benchmark covering five sarcasm un-
derstanding subtasks.

2.2 Fine-Tuning MLLMs

Although pre-trained MLLMs demonstrate remark-
able zero-shot capabilities, fine-tuning is typically
required complex downstream tasks. Existing solu-
tions can be primarily categorized into two types:
reparameterization and partial fine-tuning. Repa-
rameterization methods introduce low-rank matri-
ces to approximate weight updates and reduce com-
putation (Hu et al., 2022; Liu et al., 2024). Partial

https://github.com/Remwlp/DOSE
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Task Scope

Dataset Modality Volume Task Form Det. Mec. Des. Tar. InL. Annotation
MMSD (Cai et al., 2019) I+T 24,635 Classification v - - - - Manual
MMSD 2.0 (Qin et al., 2023) I+T 24,635 Classification v - - - - Manual
MUStARD (Castro et al., 2019) V+ A+ T 690 Classification v - - - - Manual
MSTI (Wang et al., 2022) I+T 5,015 Sequence Labeling - - - V- Manual
MSTI-PLUS (Lv et al., 2025) I+T 4,288 Sequence Labeling - - - V- Manual
MORE (Desai et al., 2022) I+T 3,510 Generation - - v - - Manual
DocMSU (Du et al., 2024) I+T 102,588 Classification, Sequence Labeling v* - - v - Semi-Manual
DocMSU-PLUS I+T 14,128 Multiple-Choice Questions v v v Vv Vv Semi-Manual
Table 1: Comparison of multimodal sarcasm datasets.
PHASE 1: Cognitive PHASE 2: Task Formatting Task Consistency  Fleiss Kappa
: Decomposition and Profiling Sarcasm Detection 96.3% 0.8507
o e Tt .: Mechanism Analysis 91.9% 0.8085
: o Sarcasm Description 93.6% 0.8097
9 Pri i ity — Target Identification 92.6% 0.7819
$ MLLM Engine i A e R 4 Intent Reasoning 94.9% 0.8774
EHNE TR A Overall 93.9% 0.8256

.
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PHASE 3: Human Verification and Refinement

Figure 1: DocMSU-PLUS dataset annotation pipeline.

fine-tuning focuses on optimizing specific compo-
nents or specific layers (Li et al., 2022; Zhu et al.,
2024; Lu et al., 2024) to maintain architectural
agnosticism and enhance transferability. Recently,
MoE have been introduced into Parameter-Efficient
Fine-Tuning (PEFT) for multi-task settings (Luo
et al., 2024; Wu et al., 2024). Despite their success,
these methods neglect the geometrical orthogonal-
ity of the feature space and gradient conflicts (Yu
et al., 2020) between tasks. In contrast, our pro-
posed DOSE achieves explicit feature stream de-
coupling via orthogonal projection.

3 The DocMSU-PLUS Dataset

To bridge the evaluation gap in existing multimodal
sarcasm understanding benchmarks, we present
DocMSU-PLUS, a refined and expanded version
of DocMSU (Du et al., 2024). This benchmark
serves as a comprehensive evaluation suite cov-
ering Sarcasm Detection, Mechanism Analysis,
Sarcasm Description, Target Identification, and
Intent Reasoning. Crucially, we adopt a unified
MCQ paradigm, enabling standardized cross-task
evaluation. A comparison with existing multimodal

Table 2: Annotation consistency analysis.

sarcasm datasets is presented in Table 1.

3.1 Cognitive-Driven Annotation Pipeline

To ensure accuracy and cognitive depth, we move
beyond simple crowdsourcing and design a stan-
dardized pipeline consisting of cognitive decompo-
sition, profiling, task formatting, and expert verifi-
cation. The pipeline is shown in Figure 1.

Phase 1: Cognitive Decomposition and Profil-
ing. Understanding sarcasm requires a full grasp
of the Premises — Incongruity — Inference rea-
soning chain. Leveraging the multimodal capabili-
ties of Gemini-2.5-pro (Comanici et al., 2025), we
perform cognitive decomposition on the raw data.
Through structured instructions, the model gener-
ates a comprehensive sarcasm profile for each sam-
ple: (1) Premises: Extract objective visual scenes
and literal textual statements. (2) Incongruity: Lo-
cate the semantic contrast between modalities to
determine the specific sarcasm mechanism. (3) In-
ference: Derive the attack target and ultimate in-
tent based on the logic of the conflict.

Phase 2: Task Formatting. To ensure data
quality, we perform a preliminary manual screen-
ing to discard obviously unreasonable annotations.
To unify evaluation metrics across different sub-
tasks, we convert all five subtasks into a MCQ
format. This unified paradigm allows us to use
accuracy as the consistent metric for cross-task
comparison. Prompt templates are provided in Ap-
pendix F. Based on the generated profiles, tasks
are categorized into two processing streams: (1)
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Figure 2: The overview of DOSE architecture. It comprises three core components: (1) Dual-Stream LoRA
Experts for structural feature disentanglement; (2) Task-Adaptive Hybrid Gating for dynamic expert selection
and weight modulation; and (3) Orthogonality Aggregation for enforcing geometric constraints.

Closed-set Tasks: For Sarcasm Detection, the bi-
nary label is derived from the profiling results in
Phase 1. Samples where a valid incongruity and
mechanism are successfully identified are labeled
as sarcastic. For Mechanism Analysis and Intent
Reasoning, we employ predefined fixed options.
(2) Open-ended Tasks: For Sarcasm Description
and Target Identification, where answers involve
natural language descriptions or specific text spans
or bounding boxes, we employ semantic distractor
engineering (detailed in Section 3.2) to construct
distinguishing options.

Phase 3: Human Verification and Refinement.
To eliminate potential hallucinations and logical
loopholes in model generationand ensure gold-
standard quality, we conduct a rigorous human
verification process. Five annotators perform a sec-
ondary review of each sample, filtering out ambigu-
ous instances and correcting approximately 12% of
label noise from the original source. Since sarcasm
often involves sensitive content, we manually ex-
clude samples containing extreme hate speech or
high political sensitivity to maintain ethical compli-
ance for academic research. To validate annotation
consistency, we randomly select 1,000 samples for
overlap annotation and calculate Fleiss Kappa coef-
ficient, as shown in Table 2. For the most subjective
task, sarcasm description, the Kappa score reaches
0.81, which indicates that our annotation quality
meets high standards.

3.2 Semantic Distractor Engineering

The core challenge in converting open-ended un-
derstanding tasks into MCQs lies in constructing
distinguishing distractors. Therefore, we introduce
hard negatives to design diagnostic options that
probe specific cognitive deficiencies.

For Sarcasm Description, we generate specific
error types to diagnose cognitive pitfalls: (1) Lit-
eral Interpretation Trap. Options that reference
factual terms from the text but strip away the sar-
castic context. (2) Over-interpretation Lure. Op-
tions that introduce plausible but irrelevant grand
narratives or social contexts.

For Target Identification, the correct answers
typically consist of the key text spans or image
regions (represented as normalized coordinates
[€1,Y1, T2, y2]). We construct cross-modal distrac-
tors with boundary confusion: (1) Truncation &
Redundancy. Options containing core vocabulary
but with incorrect boundary definitions, diagnos-
ing the model’s grasp of semantic unit integrity.
(2) Non-core Entity Confusion. Selecting enti-
ties present in the text but irrelevant to sarcasm.
(3) Spatial Shift. Selecting image regions logi-
cally unrelated to the sarcasm intent.

4 Methodology

This section details our proposed Dual Orthogonal
Stream Experts framework. As illustrated in Figure
2, DOSE aims to structurally disentangle invariant
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perception from task-specific execution through
three core components: (1) Dual-Stream LoRA
Experts, (2) Task-Adaptive Hybrid Gating, and (3)
Orthogonality Aggregation.

4.1 Preliminaries: LoRA-based MoE

Given an input hidden state x € R?, the standard
Transformer Feed-Forward Network (FFN) layer
typically consists of fully connected layers. To
achieve PEFT, LoRA decomposes the weight up-
date AW into the product of two low-rank matrices
BA. In the MoE architecture, the FFN layer is re-
placed by a set of expert networks {&;} ;. The
output of a LoRA-based MoE can be expressed as:

N
y=Wox+) Gx)i-&x), D

=1

where Wy is the frozen pre-trained weight, G(-)
represents the router, and &;(x) = B;A;x denotes
the i-th LoRA expert, with B; € R™% A; €
RY%" and rank r < d.

4.2 Dual-Stream LoRA Experts

Traditional LoORA-MoE approaches typically map
the input hidden state x € R%» into a single low-
rank stream. To achieve feature disentanglement,
we design each expert &; (wherei € {1,...,N})
as a dual projection expert, comprising two parallel
processing streams:

&i(x) = B5ALx + BhALX )

Shared Stream  Private Stream

where Bl € R"*4 and A% € R define the
shared stream with rank r,. Bi, € R™*? and
A% € R9*"r define the private stream with rank
rp. Specifically, the shared stream is designed to
capture universal sarcasm cues across tasks, such
as cross-modal incongruity, which are fundamental
basis for all subtasks. In parallel, the private stream
is responsible for adapting to task-specific reason-
ing logic. This dual-stream architecture physically
isolates the feature channels, allowing the model to
flexibly adjust task-specific learning while preserv-
ing general sarcasm perception.

4.3 Task-Adaptive Hybrid Gating

To precisely control expert activation and handle
task heterogeneity, we propose a task-adaptive hy-
brid gating mechanism. This mechanism comprises
two core components: hybrid routing and task pol-
icy adaptation.

Hybrid Routing. Unlike traditional routers that
rely solely on input content, DOSE incorporates
task priors to guide expert selection. The final
router g € R is a weighted fusion of instance-
level routing and task-level routing:

g(x,t) =5 - Softmax(WoyterX)
+ (1 — B) - Softmax(Eqsx[t]), (3)

where W ,outer € RV*? is the learnable instance
routing projection, E;qg, € RT*Y is the learnable
embedding matrix for task ID ¢, and (3 is a bal-
ancing factor. This design ensures that the model
can select experts based on the current image-text
content while rapidly locking onto relevant expert
groups using the task ID.

Adaptive Task Policy. Sarcasm understanding
consists of several subtasks, which exhibit vary-
ing dependencies on perception versus execution.
To dynamically regulate this dependency, we in-
troduce a learnable task policy matrix IT € R”*2,
where T denotes the total number of task types. For
an input belonging to task type ¢, the final output
& (x) of an activated expert &; is modulated as:

£(x) = 0(I,)-(BsAsx)+0(IL,,,)- (Bb Abx),

4
where o () is the Softplus activation function ensur-
ing positive scaling. Through this mechanism, the
model automatically learns the optimal perception-
execution ratio for each subtask.

4.4 Orthogonality Aggregation

Feature Aggregation. Based on the dual-stream
experts &;(x) and the router g(x, ¢), the final output
y of DOSE is computed as:

N
y=Wox+ > gxt)i-&(x). (5
=1

Orthogonality Regularization. To mathemati-
cally enforce feature disentanglement and prevent
gradient updates from the private stream from caus-
ing catastrophic interference to the shared stream,
we impose orthogonality constraints between the
up-projection matrices. The regularization term
Lorin 1 defined as:

(6)

2
)
F

N
Lotn=> H(st)ﬁ%
=1

where || - | 7 denotes the Frobenius norm. Minimiz-
ing this term forces the column vectors of B and
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Method Size Detection Mechanism Description Target Intent Overall
Zero-shot
Gemma-3 (Team et al., 2025) 4B 71.10 16.37 79.88 18.02 67.51 50.58
Phi-4-Multimodal (Abouelenin et al., 2025) 5.6B  90.72 29.05 79.43 21.99 20.08 48.25
InternVL-3 (Zhu et al., 2025) 8B 89.93 36.98 89.49 40.58 28.40 57.08
Molmo-D-0924 (Deitke et al., 2024) 7B 52.59 32.22 77.17 32.55 51.83 49.27
LLaVA-1.6 (Li et al., 2024) 7B 48.66 32.28 51.18 26.59 68.88 45.52
Qwen3-VL (Team, 2025) 8B 92.14 36.25 90.56 36.81 18.62 54.88
Gemma-3 (Team et al., 2025) 12B 85.33 18.27 84.55 46.74 31.84 5335
InternVL-3 (Zhu et al., 2025) 14B  94.68 26.39 88.75 34.00 3374 5551
LLaVA-1.6 (Li et al., 2024) 13B 80.20 32.51 61.64 27.71 13.69 43.15
Gemma-3 (Team et al., 2025) 27B  75.88 37.49 87.22 38.73 4635 57.13
Qwen3-VL (Team, 2025) 32B 85.17 31.00 90.91 46.16 22.68 55.18
Gemini-2.5-Flash (Comanici et al., 2025) - 94.33 32.65 92.13 4745 4344 68.33
GPT-5-mini (OpenAl, 2025) - 86.49 27.63 93.42 3485 63.16 65.84
Fine-tuned
LLaVA-1.6
w/ LoRA (Hu et al., 2022) 7B 92.96 33.85 92.28 71.33  69.15 7191
w/ MoE-LoRA (Luo et al., 2024) 7B 48.63 32.48 29.92 26.31 6899 41.27
w/ CL-MoE (Huai et al., 2025) 7B 90.82 33.88 92.56 67.92 6893 70.82
w/ DOSE (ours) 7B 94.71 39.92 93.65 77.34 7435 75.99
Qwen3-VL
w/ LoRA (Hu et al., 2022) 8B 94.76 39.03 94.98 8527 7445 77.70
w/ MoE-LoRA (Luo et al., 2024) 8B 91.51 36.11 93.62 3346 1537 54.01
w/ CL-MoE (Huai et al., 2025) 8B 94.65 38.73 94.81 8136 7199 76.31
w/ DOSE (ours) 8B 95.86 40.14 95.69 88.69 74.14 78.90

Table 3: Main results on DocMSU-PLUS (Accuracy, %). All fine-tuned models are trained on 1% of the DocMSU-

PLUS dataset and evaluated on the remaining data.

j'p to be geometrically orthogonal. This implies
that the feature directions learned by the private
stream are perpendicular to those of the shared
stream. According to gradient dynamics analysis
(Yu et al., 2020), this orthogonality minimizes the
projection of gradient updates for private tasks onto
the shared subspace, thereby fundamentally miti-
gating negative transfer.

Optimization Objective. DOSE employs an
end-to-end multi-task joint optimization strategy.
The total loss function L. comprises the cross-
entropy loss for the generative tasks Lo g and the
weighted orthogonality regularization term:

‘Ctotal = EC’E +A- Eortha (7)

where Lo g maximizes prediction accuracy across
all subtasks, and )\ is a hyperparameter controlling
the strength of disentanglement.

5 Experiments

5.1 Experimental Setup

Baselines. To comprehensively evaluate DOSE,
we compare it against two categories of meth-
ods: (1) General MLLMs (Zero-Shot): We eval-

uate leading proprietary and open-source mod-
els, including Gemma-3 (4B/12B/27B) (Team
et al., 2025), InternVL-3 (8B/14B) (Zhu et al.,
2025), LLaVA-1.6 (7B/13B) (Li et al., 2024),
Molmo-D-0924 (7B) (Deitke et al., 2024), Phi-
4-Multimodal (5.6B) (Abouelenin et al., 2025),
Qwen3-VL (8B/32B) (Team, 2025), Gemini-
2.5-Flash (Comanici et al., 2025), and GPT-5-
mini (OpenAl, 2025). This allows us to probe
the intrinsic sarcasm understanding capabilities of
existing MLLMs. (2) Fine-Tuning Methods: We
apply LoRA (Hu et al., 2022), MoE-LoRA (Luo
et al., 2024), CL-MoE (Huai et al., 2025), and our
DOSE on two representative backbones, LLaVA-
1.6-7B and Qwen3-VL-8B. MoE-LoRA performs
PEFT using the MoE framework. CL-MoE serves
as a strong baseline for multi-task MoE. All fine-
tuning experiments are strictly constrained to 1%
of the training data. This setting is designed to
compare performance in low-resource scenarios.

Evaluation Metrics. Following the standard-
ized MCQ paradigm of DocMSU-PLUS, we em-
ploy Accuracy as the unified metric across all five
subtasks. Detailed implementation details and set-
tings are provided in the Appendix E.
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Method Detection Mechanism Description Target Intent Overall
w/o Private Stream 92.02 38.13 91.85 83.35 71.17 75.30
w/o Shared Stream 89.14 38.94 92.81 85.13 70.43 75.49
w/o Lorih 90.10 36.13 90.89 91.34 73.61 76.41
w/o Adaptive Gating 88.18 35.32 88.98 90.46  74.87 75.56
DOSE 95.86 40.14 95.69 88.69 74.14 78.90
Table 4: Ablation study on Qwen3-VL-8B, trained with 1% data (%).
=—8— DOSE (Ours) ~M- LoRA —& - CL-MoE MoE-LoRA —== Zero-shot
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Figure 3: Performance scaling with training data size.

5.2 Main Results

Table 3 reports the main results on DocMSU-
PLUS. We demonstrate the superiority of DOSE
from three perspectives: (1) DOSE bridges the
perception-execution gap inherent in general
MLLMs. As shown in the zero-shot block, even
advanced proprietary models (e.g., GPT-5-mini)
exhibit severe capability skew. They score high
on sarcasm detection but fail on reasoning tasks
like mechanism analysis and target identification.
DOSE effectively bridges this gap, transforming
general sarcasm perception into fine-grained execu-
tion capabilities. (2) DOSE resolves task conflicts
to achieve holistic superiority over standard fine-
tuning. LoRA exhibits performance divergence.
It nearly matches DOSE on global sarcasm de-
tection, yet the gap widens on local target iden-
tification. This indicates that shared parameters
hit a bottleneck when simultaneously accommo-
dating conflicting granularities. DOSE’s decou-
pled design effectively breaks this limit, maintain-
ing consistent superiority across both dimensions.
(3) DOSE ensures robust low-resource adapta-
tion, outperforming generic MoE architectures.
DOSE demonstrates superior stability compared to
generic MoEs. MoE-LoRA collapses on LLaVA,
and CL-MoE fails to surpass the simple LoRA base-
line. This proves that simply introducing MoE to
adapt to MTL is insufficient. DOSE’s orthogonal
regularization provides the essential geometric con-
straints to prevent expert redundancy and ensure
stable convergence where other MoE:s fail.

Sharede Privatee Sharede
Shared Private Private

DOSE  CL-MoE MoE-LoRA

(Ours)

Figure 4: Analysis of expert diversity (left) and sub-
space orthogonality (right).

5.3 Data Efficiency and Ablation Study

Data Efficiency. To investigate the adaptability
of models, we evaluate performance across train-
ing data ratios from 0.1% to 50% on Qwen3-VL
and LLaVA-1.6, as shown in Figure 3. Results
show that DOSE significantly outperforms base-
lines. Specifically on LLaVA-1.6, DOSE achieves
an accuracy of 75.99% with only 1% of the data,
surpassing CL-MoE by over 5%. Notably, MoE-
LoRA consistently underperforms the zero-shot
baseline, indicating that unconstrained experts in-
troduce optimization noise. In contrast, DOSE
avoids such negative transfer via orthogonal reg-
ularization. Overall, DOSE consistently achieves
the best performance across all settings, verifying
its robustness under varying resource constraints.

Component Ablation. We conduct ablation
study on Qwen3-VL-8B trained with 1% data. As
shown in Table 4, single-stream variants exhibit
extreme imbalance. Specifically, retaining only the
shared stream collapses local targeting, whereas
relying solely on the private stream impairs global
detection. This confirms the need for dual-stream.
Furthermore, removing L+, induces feature ho-
mogenization and degrades fine-grained reasoning,
which validates the necessity of the orthogonal-
ity constraint. Finally, adaptive gating ensures dy-
namic synergy, while fixed weights fail to optimize
the task trade-off. Consequently, every component
of DOSE is indispensable.
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5.4 Analysis

All analyses are based on Qwen3-VL-8B trained
with 1% of the data.

Feature Orthogonality and Diversity. To ver-
ify whether orthogonal regularization effectively
isolates perception from execution, we analyze the
cosine similarity between output features as shown
in Figure 4. DOSE exhibits significantly lower
inter-expert similarity compared to CL-MOoE, indi-
cating reduced redundancy and higher expert diver-
sity. Furthermore, the similarity between DOSE’s
shared and private streams is suppressed to a negli-
gible 0.014. This geometric orthogonality confirms
that L.+, successfully forces the two streams to
encode instruction-invariant perception and task-
specific execution in complementary subspaces.

1.6
softplus(1)
1.54 1.49 3 Shared Weight
1.41 [ Private Weight
149 135 : 138
b= - 134
(@)] | - -~ . - __
‘T 13 1.27 126 1.26
=
1.2 1.20
114 1.10
1.0 u u +
Detection Mechanism Description  Intent Target

Figure 5: Visualization of learned task-adaptive policies.

Visualization of Adaptive Task Policy. To
interpret how DOSE balances diverse cognitive
demands, we visualize the learned adaptive task
policy across five distinct task types in Figure 5.
Here, we define as = o(Il;) and ap = o(I1))
for short. Results reveal a clear difference in execu-
tion. For abstract reasoning tasks such as sarcasm
detection, mechanism analysis, and intent reason-
ing, the policy consistently assigns higher weights
to the shared subspace. For instance, mechanism
analysis yields as = 1.41 compared to ap = 1.27,
which indicates that understanding sarcasm prior-
itizes holistic incongruity features over detail pat-
terns. In contrast, the model shifts focus to the
private subspace for grounding-oriented tasks like
sarcasm description and target identification. No-
tably, sarcasm description exhibits the strongest
execution bias (ap = 1.49 vs. ag = 1.10). This
suggests that detailed sarcasm identification relies
on fine-grained coordinates.Consequently, DOSE
effectively acts as a dynamic router to modulate the
perception-execution trade-off.

Mitigation of Negative Transfer. To evalu-

Method Det. Mec. Des. Tar. Int.

Zero-shot 92.14 36.25 90.56 36.81 18.62
Trained on Detection

LoRA - 38.757 92.6517 33.60] 14.40]
MoE-LoRA - 36.08] 93.6917 33.38] 15.36)
CL-MoE - 37.757 89.73] 32.71] 13.92]
DOSE - 38.207 92.571 33.96, 17.14]

Trained on Description

LoRA 94.117 31.36) - 42217 27.487
MoE-LoRA 91.53] 36.22| - 33.51) 15.32)
CL-MoE 93.3617 31.55] - 43407 28.897
DOSE 92.511 31.76] - 43.671 36.887
Trained on Description & Target

LoRA 91.51] 32.82| - - 56.337
MoE-LoRA 91.58] 36.287 - - 15.30)
CL-MoE 92991 32.11]) - - 49.777
DOSE 93.467 36.277 - - 55.607

DOSE(1%) 95.86 40.14 95.69 88.69 74.14

Table 5: Task conflict and transfer analysis(%). 1 and |
represent improvements and decreases in the effective-
ness of zero-shot, respectively.

ate robustness against task conflicts, we evaluate
DOSE under three out-of-distribution settings in
Table 5. We observe two key findings: (1) Op-
timization conflicts exist between tasks. For in-
stance, when trained on sarcasm description and
target identification, LoRA sacrifices mechanism
analysis performance. (2) DOSE mitigates these
issues via orthogonal decoupling. It achieves pos-
itive transfer on sarcasm detection and intention
reasoning when trained on sarcasm description and
target identification while preserving mechanism
analysis ability. This verifies that our approach
fosters constructive task synergy.

6 Conclusion

This paper bridges the long-standing evaluation
gap in MSU. By establishing DocMSU-PLUS, we
unify diverse subtasks into a standardized MCQ
paradigm. This shift provides the first bench-
mark for holistic MSU cognitive assessment. To
tackle feature entanglement, we introduce the
DOSE framework, which mathematically isolates
instruction-invariant perception from task-specific
execution. Extensive experiments demonstrate that
DOSE achieves state-of-the-art performance by ef-
fectively balancing commonality with specificity.
Beyond specific performance gains, this work sets
a precedent for aligning complex cognitive tasks
within a discrete decision space. We hope our find-
ings inspire future research to explore deeper geo-
metric constraints for multimodal reasoning.
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Limitation

Despite the promising results, our work has limi-
tations. First, sarcasm is highly culture-dependent.
Our dataset is primarily sourced from Western so-
cial media (e.g., News Thump), which may limit
the model’s generalization to non-English contexts
or diverse cultural nuances. Second, while DOSE
effectively captures pixel-text incongruity, it may
struggle with sarcasm grounded in specific external
knowledge (e.g., political events or pop culture ref-
erences) that is absent from the immediate visual
context. Third, our experiments are conducted on
7B/8B-parameter models. Investigating whether
the benefits of orthogonal decoupling persist or
diminish in larger-scale foundation models (e.g.,
>70B) is a subject for future research.

Ethical Statement

Our DocMSU-PLUS benchmark builds upon
the foundational data collection of the original
DocMSU, inheriting its rigorous adherence to the
copyright regulations of source platforms (e.g.,
TheOnion, UNNews). Since these platforms grant
copyright usage to compliant users, we meticu-
lously conform to their regulations during data col-
lection and annotation. Beyond standard compli-
ance, we have enhanced the ethical framework by
integrating a strict human-in-the-loop screening
process during our new annotation phase to manu-
ally filter out potential toxicity and safeguard user
privacy. All data is for research purposes only and
includes only publicly available information; no
personal privacy information is included. Upon
publication, we will maintain full transparency re-
garding data provenance and commit to a respon-
sive takedown policy for any content concerns. We
will implement a strict license agreement requiring
all downstream researchers to abide by the original
intellectual property rights and ethical guidelines
of the source websites. We made limited use of
Al-assisted tools (e.g., ChatGPT) for text polish-
ing and minor code assistance. All research ideas,
methods, and experimental analyses were indepen-
dently conducted and verified by the authors.
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A Dataset Construction Details

A.1 Detailed Statistics and Distribution

Table 6 presents the comprehensive statistics of the
constructed dataset. Our dataset maintains a bal-
anced distribution between positive (sarcastic) and
negative (non-sarcastic) samples, with a ratio of ap-
proximately 1:1, preventing model bias towards the
majority class. The corpus covers a diverse range
of 8 distinct topics, spanning from high-frequency
domains like Entertainment (23.8%) to specialized
fields such as Science (4.9%) and Environment
(5.8%).

Crucially, unlike previous datasets that rely on
simple binary labels, DocMSU-PLUS provides
fine-grained reasoning annotations for a signifi-
cant portion of the data. As shown in the "Dataset
Overview" section of Table 6, 100% of sarcastic
samples are equipped with Sarcasm Description
QAs, and 80.6% contain Target Identification QAs.
This rich annotation density supports the training of
comprehensive multimodal reasoning capabilities.

A.2 Cognitive Taxonomy Definitions

To ensure methodological rigor and minimize an-
notator subjectivity, our fine-grained categories for
sarcasm mechanisms and intents are grounded in
established linguistic and cognitive theories.

Sarcasm Mechanism. Based on the
Incongruity-Resolution Theory (Ritchie, 1999;
Yus, 2017) and multimodal discourse analysis, we
classify the logic of sarcasm into five types:

(1) Image-Text Contradiction: Represents the
canonical definition of multimodal irony where the
visual content directly contradicts the literal propo-
sition of the text. For example, a caption praising
"beautiful weather" paired with an image of a thun-
derstorm.

(2) Text-led Contextualization: Here, the text
contains the primary sarcastic marker (e.g., hyper-
bole), but it requires the image to serve as the nec-
essary context to trigger the pragmatic insincerity.
As shown in Table 6, "Text-dominant" samples
account for 61.9% of the dataset, challenging the
model’s ability to decode subtle textual nuances
grounded in vision.

(3) Situational Mismatch: Corresponds to situ-
ational irony, where the incongruity arises not from
a direct semantic clash, but from a discrepancy be-
tween the expected outcome of a situation depicted
and the actual reality shown.
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Dataset Overview

Topic Distribution

Total Records 14,128 100.0% Entertainment 3,360 23.8%
Sarcastic Samples 6,874 48.7% Health 2,107 14.9%
Non-Sarcastic Samples 7,254  51.3% Sport 1,921 13.6%
With Description QA 6,874 48.7% Politic 1,412 10.0%
A: 1638 B: 1830 C: 1752 D: 1654 Education 1,345 9.5%
With Target QA 5,539 39.2% Business 1,273  9.0%
A: 1457 B: 1313 C: 1381 D: 1388 Technology 1,198 8.5%
With Both QA 5,539  39.2% Environment 825 5.8%
Science 687 4.9%
Sarcasm Mechanism” Modality Contribution”
Image-Text Contradiction 2,235  32.5% Text-dominant 4,251 61.9%
Text-led Contextualization 2,143 31.2% Equal contribution 1,550 22.5%
Situational Mismatch 1,015 14.8% Image-dominant 1,073 15.6%
Image-led Punchline 779 11.3%
Single-modality Dominant 702 10.2%
Sarcasm Intent”
To criticize/expose 4,753  69.1% To entertain readers 1,026 14.9%
To express discontent 989 14.4% To create absurdity 104 1.5%
To provoke thought 3 0.0%

“Percentage calculated among 6,874 sarcastic samples only.

Table 6: Complete Statistics of MyDocMSU Dataset

(4) Image-led Punchline: Inspired by visual
humor structure, where the text acts as a setup
and the visual content delivers the punchline or
revelation that reinterprets the message as sarcastic.

(5) Single-modality Dominant: Cases where
sarcasm is self-contained within a single modality
(e.g., a purely sarcastic text caption) while the other
modality serves merely as background, reflecting
unimodal sarcasm in a multimodal context.

Sarcasm Intents. Following the pragmatic func-
tion theory of irony (Myers Roy, 1981), we catego-
rize the underlying purpose:

(1) To criticize/expose: The aggressive function
of sarcasm, used to attack a specific target or expose
a flaw/vice.

(2) To express discontent: A milder form of
criticism focusing on the speaker’s emotional state
(frustration/complaint) rather than attacking an ex-
ternal target.

(3) To entertain readers: The primary goal is
humor or social bonding rather than aggression.

(4) To create absurdity: Cases where the incon-
gruity is used to highlight the inherent irrationality
or surreal nature of a situation.

(5) To provoke thought: Rare instances where
sarcasm serves a deeper philosophical or reflective
purpose, transcending mere criticism or humor to

Multimodal Sample

Part 1: Overall Sarcasm Judgment
v Yest
@

Part 2: Multimodal Sarcasm Analysis

@ QlL:Howis sarcasm generated via image-text interaction?

Original Text

tand swimming with sick peopl, they have confirmed today.

Your Understanding / Notes

Mechanism Definitions:

=] Original Annotation Data (Reference)

Figure 6: User interface used by human annotators.

prompt introspection about societal issues

A.3 Annotation Quality Control and Case
Examples

To ensure the reliability of the initial profiles gener-
ated by the MLLM engine (Phase 1) and to reduce
the workload for the subsequent expert verification
(Phase 3), we implement a rigorous preliminary
manual screening process. This phase specifically
targets obviously unreasonable annotations by ap-
plying the following rejection criteria. (1) Format
Violations, where outputs failed to adhere to the
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5.ldentify the Sarcasm
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6. Provide Reasoning
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" 41;
3, Describe How Sarcasm |

Work (Q3) (Optional notes
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(Q4)

N )
7. Indicate Confidence
Level (Q6)

‘ Not Sarcastic ‘

#

/

Y 8. Is the sample
Briefly exlain the cha\\enge,}—{ challenging? (Q7)

1 - N

Sarcastic Annotation
Complete

Figure 7: The annotation workflow.

strict JSON schema or contained syntax errors; (2)
Object Hallucinations, where the reasoning ex-
plicitly referenced entities factually absent from the
image or text; (3) Logical Inconsistencies, such
as contradictions between the identified sarcasm
mechanism and the dominant modality; and (4)
Safety Refusals, where the model declined analy-
sis due to internal guardrails. Approximately 9%
of raw samples are discarded in this phase.

As described in Table 2 of the main text, we vali-
date the reliability of our taxonomy via a human-in-
the-loop verification pipeline using a customized
Label Studio interface. The screenshot of the user
interface is shown in Figure 6. As illustrated in
Figure 7, the human annotation process follows a
strict seven-step decision protocol to ensure con-
sistency and efficiency. The overall inter-annotator
agreement (Fleiss’ Kappa) reached 0.82, indicating
strong consistency.

Figure 8 illustrates a representative sample from
DocMSU-PLUS. The central multimodal input is
surrounded by five distinct MCQ tasks. This visu-
alization demonstrates how we transform diverse
cognitive dimensions into a standardized evalua-
tion format, requiring the model to not only detect
if an image is sarcastic but also articulate why, who,
and for what purpose.

B Additional Analysis

B.1 Hyperparameter Sensitivity

To understand how different configurations affect
DOSE’s performance, we conduct a series of abla-
tion studies focusing on three key hyperparameters:
the rank r, the number of experts N, and the or-
thogonality weight A\. The results are shown in
Figure 9.

Impact of Rank Configuration. We com-
pare DOSE against baselines under same total rank
setting. For DOSE, we set ry = 1, = r/2. As illus-

Heavy metal fan with Coronavirus is
down with the sickness. Local metaller

Simon Williams has asked doctors to
say he is ‘down with the sickness’ after

\being diagnosed with Coronavirus. /

Intent
What is the main intent of the
sarcasm? Respond with ONLY the
letter (A-E).
(A) To criticize/expose
(B) To express discontent
(C) To provoke thought
(D) To entertain readers
(E) To create absurdity
Answer: D

Unified MCQs for
Multimodal Sarcasm
Understanding

Detection
Does the paired article (image +
text) employ sarcasm? Respond
with ONLY the option letter (A or B).
(A) Yes
(B) No
Answer: A

Mechanism
Which mechanism best captures
how the sarcasm is conveyed?
Respond with ONLY the letter (A-E).
(A) Direct Image-Text Contradiction
(B) Text-led Contextualization
(C) Image-led Punchline
(D) Situational Mismatch
(E) Single-modality Dominant
Answer: D

Based on the image and text, what is the primary target of the sarcasm?
(A) The excessive dedication of heavy metal fans who try to incorporate their
culture into serious life events.

(B) The dark, ironic coincidence between a popular heavy metal song title and a
real-world medical diagnosis.

(C) The request made by the patient to his doctors, implying medical
professionals should cater to niche cultural preferences.

(D) People who downplay or trivialize the seriousness of the Coronavirus
pandemic by using cultural references.

Answer: B

Target
Based on the given image-text pair, identify the correct sarcasm targets.
Each option contains text objects and image objects (bounding boxes in
[ymin, xmin, ymax, xmax] format, normalized to 1-1000).
(A) text object: ['diagnosed'], image object: [[51, 489, 551, 989]]
(B) text object: ['sickness. Local metaller'], image object: [[1, 67, 990, 966]]
(C) text object: ['he is ‘down with the'], image object: [[309, 22, 809, 522]]
(D) text object: ['sickness™], image object: [[185, 123, 685, 623]]
Answer: B

Figure 8: An example from DocMSU-PLUS.
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Method Detection Mechanism Description Target Intent Overall
Trained on health

LoRA 94.19 39.78 98.57 95.14  74.77 80.49
MoE-LoRA 91.36 36.70 93.50 32.63 14776  53.79
CL-MoE 93.24 42.16 98.62 95.00 75.16  80.84
DOSE (ours) 92.66 43.53 98.91 9533 7479  81.04
Trained on health&technology

LoRA 96.05 40.18 98.87 95.88 7544  81.28
MoE-LoRA 91.76 37.05 93.47 3287 15.03  54.04
CL-MoE 95.34 43.12 98.99 95.74 7536  81.71
DOSE (ours) 95.58 44.53 99.09 9590 75.64  82.15

Table 7: Cross-domain generalization experiments. (%)

trated in the results, while increasing the rank gener-
ally benefits all methods by providing larger capac-
ity, DOSE consistently outperforms baselines. No-
tably, DOSE demonstrates superior parameter effi-
ciency at lower ranks (r = 4 and r = 8), achieving
competitive results where other MoE variants strug-
gle. As the rank increases, DOSE’s performance
climbs steadily and reaches its peak at r = 16. Be-
yond this point, further increasing the parameter
budget to r = 24 or r = 32 does not yield ad-
ditional gains and even shows slight fluctuations,
suggesting that a rank of 16 provides sufficient ca-
pacity for capturing the necessary sarcasm features
without overfitting. This confirms that DOSE’s su-
periority stems from its structural disentanglement
rather than high-parameter settings.

Impact of Expert Number. We investigate the
scalability of the Mixture-of-Experts architecture
by varying the number of experts IN. The perfor-
mance exhibits a distinct "inverted-U" trend. With
a small number of experts, the model suffers from
limited capacity, failing to adequately capture the
diverse patterns of sarcasm mechanisms. As N
increases, the performance improves significantly,
converging to an optimal point at N = 4, where
the model effectively balances expert specialization
and training stability. However, scaling N further
to 6 or 8 leads to a gradual decline in accuracy.
We argue that an excessive number of experts di-
lutes the training signal for each individual expert,
making optimization more difficult. Thus, N =4
represents robust configuration.

Impact of Orthogonality Weight. We examine
the influence of the orthogonality regularization
weight A\, which controls the strength of the dis-
entanglement constraint. The model exhibits high
robustness within a reasonable range. Specifically,

performance remains stable and optimal when A is
set between 0.1 and 1. When A = 0 (i.e., removing
the constraint), the model degenerates into a stan-
dard unconstrained MoE, resulting in a noticeable
performance drop due to the lack of explicit fea-
ture separation. Conversely, an aggressively large
weight leads to a sharp decline in accuracy, indicat-
ing that over-regularization constrains the subspace
and hinders the learning of task-specific features.

B.2 Impact of Rank Distribution

Beyond the total parameter budget, we investi-
gate the optimal allocation of capacity between
the Shared and Private streams. As visualized in
Figure 10, we evaluate various split configurations
across different total ranks. The model consistently
achieves optimal performance when the rank is
evenly distributed between the two streams (e.g.,
rs = 8,1, = 8 for r=16). Deviating from this
balance leads to suboptimal results. Specifically, a
high r¢ with low r,, setting degrades fine-grained
reasoning capabilities due to insufficient execution
capacity, whereas a low r, with high r,, setting fails
to capture universal incongruity patterns, impair-
ing cross-task transfer. This performance confirms
that multimodal sarcasm understanding requires a
equilibrium between perception and execution.

B.3 Distractor Quality Verification

To quantify the discriminative power of our MCQ
benchmark and refute the concern that the task
relies on simple process of elimination, we con-
duct an ablation study on distractor difficulty. We
construct a control group dataset where the hard
negative options generated by SDE are replaced
with random negatives. As shown in Figure 11,
the model achieves an accuracy of nearly 98% on
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Method Detection Mechanism Description Target Intent Overall
Trained with 1% data

LoRA 94.76 39.03 94.98 85.27 74.45 77.70
MOoE-LoRA 91.51 36.11 93.62 33.46 15.37 54.01
CL-MoE 94.65 38.73 94.81 81.36 71.99 76.31
LoRA (specialist) 94.01 30.45 93.09 79.83 69.51 73.38
DOSE (ours) 95.86 40.14 95.69 88.69 74.14 78.90
Trained with 0.1% data

LoRA (specialist) 88.27 26.64 91.86 57.92 70.96 67.13
DOSE 92.71 27.13 95.20 83.94 72.19 74.24
Trained with 5% data

LoRA (specialist) 95.89 37.30 95.79 89.06 73.82 78.37
DOSE 96.85 42.23 97.69 93.56 75.06 81.08
Trained with 10% data

LoRA (specialist) 97.01 37.08 97.40 92.77 75.20 79.89
DOSE 97.56 45.13 98.40 94.20 76.02 82.26
Trained with 20% data

LoRA (specialist) 97.46 41.19 97.89 94.51 76.15 81.44
DOSE 97.92 46.01 98.96 95.55 76.17 82.92
Trained with 50% data

LoRA (specialist) 97.88 44.60 98.86 96.66 76.39 82.88
DOSE 98.19 48.82 99.18 96.69 717.76 84.13

Table 8: Compared with specialist LORA. LoRA (specialist) refers to LoRA trained separately for each task.
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Figure 11: Distractor quality verification.

the random setting of both task, indicating that dis-
tinguishing sarcasm from irrelevant content is triv-
ial. However, performance drops under our SDE
setting. This substantial performance gap quanti-
tatively proves that our SDE method successfully
constructs a non-trivial decision boundary, forcing
the model to engage in deep semantic reasoning
rather than superficial matching.

B.4 Cross-Domain Generalization

To verify whether the model captures universal
sarcasm logic rather than overfitting to domain-
specific keywords, we conduct domain out-of-
distribution experiments. The results are shown
in Table 7. We observe a trade-off between surface-
level detection and deep reasoning. While the
LoRA baseline achieves a higher score on bi-
nary detection, it suffers a performance drop in
reasoning-intensive tasks, specifically mechanism
and intent reasoning. This phenomenon suggests
that LoRA likely overfits to domain-specific short-

cuts or keywords within the data, which aids sim-
ple classification but fails to transfer the underly-
ing logic of sarcasm to unseen domains. In con-
trast, DOSE demonstrates superior generalization
on deep reasoning tasks, achieving the highest over-
all accuracy. These results confirm that DOSE suc-
cessfully enables robust transfer to unseen domains
even when training data is conceptually limited.

B.5 Mitigation of Negative Transfer

To investigate the efficacy of DOSE in resolving
the task conflict phenomenon in MTL, we compare
DOSE against a series of single-task specialists
LoRA in Table 8. The results strongly validate
our original motivation regarding task conflict. As
observed in the main experiments, standard multi-
task baselines like MoE-LoRA suffer from catas-
trophic negative transfer, yielding an accuracy of
only 54.01%, which is far inferior to the single-
task specialists. This confirms that without explicit
disentanglement, the heterogeneous objectives of
MSU sub-tasks severely interfere with each other.
In contrast, DOSE not only eliminates this inter-
ference but successfully reverses the trend. This
proves that DOSE turns the inherent task conflict
into positive synergy.

B.6 Performance on Generation Task

To verify that our model’s superiority is not an arti-
fact of the discriminative MCQ format, we reformu-
late the sarcasm description task as a purely open-
ended generation problem. Instead of selecting
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Model BERTScore ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2 BLEU-4

zero-shot 0.8914 0.3489 0.1029 0.2806 0.3017 0.1402 0.0511

LoRA 0.9048 0.4231 0.2014 0.3698 0.3756 0.2378 0.1453

MoE-LoRA 0.8652 0.2891 0.0742 0.2318 0.2534 0.1086 0.0352

CLMOoE 0.8897 0.3412 0.0987 0.2753 0.2956 0.1368 0.0489

DOSE 0.9065 0.4298 0.2077 0.3750 0.3821 0.2424 0.1496
Table 9: Experiments on generative sarcasm description task.

Model Detection Mechanism _Intent advantage over varying specialized small models.

ROBERTa (Liu et al., 2019) 9433 3507 6971

At-BERT (Pan etal, 2020)  94.76 3683 7042

Multi-CLIP (Qin et al., 2023)  96.39 3743 7146 B.8 Cross Dataset Performance

DOSE 95.86 40.14 7414

Table 10: Comparison with specialized models.

Method MMSD 2.0 WITS
Zero-shot 67.78 29.46
LoRA 68.36 29.01
MoE-LoRA 67.78 29.46
CL-MoE 68.24 27.23
DOSE 69.21 30.35

Table 11: Cross dataset experiments (%).

from options, the model is prompted to generate the
explanation directly. The results in Table 9 demon-
strate that DOSE maintains its leadership position,
consistently generating more coherent and logi-
cally sound explanations than the baselines. This
confirms that DOSE does not merely learn to hack
the MCQ format through elimination strategies, but
genuinely acquires a robust, format-independent ca-
pability to comprehend and articulate the nuances
of multimodal sarcasm.

B.7 Comparison with Specialized Models

We compare DOSE against traditional, specialized
small-scale models trained with 20% data. De-
spite being lightweight and specifically designed
for classification tasks, these small models strug-
gles to capture the deep semantic incongruity re-
quired for sarcasm understanding, often overfitting
to surface-level textual or visual features. DOSE
exhibits superiority on sarcasm mechanism and in-
tent reasoning tasks over these traditional methods.
This highlights a critical limitation of small-scale
specialists. They typically require full-scale super-
vision to establish complex reasoning boundaries.
For complex cognitive tasks, the combination of
a large-scale foundation model with our effective
parameter decoupling mechanism offers a decisive

To verify that DOSE captures universal sarcasm
logic rather than overfitting, we evaluate the mod-
els of main experiments on external benchmarks
MMSD 2.0 (Qin et al., 2023) and WITS (Kumar
et al., 2022) by reformatting them to match our
prompt schema without further fine-tuning. As
shown in Table 11, DOSE demonstrates superior
generalization, achieving the highest accuracy on
both datasets (69.21% and 30.35%). A critical find-
ing is observed on the challenging WITS dataset
where LoRA (29.01%) and CL-MoE (27.23%) un-
derperform even the Zero-shot baseline (29.46%),
indicating negative transfer caused by domain-
specific overfitting. In contrast, DOSE successfully
avoids this pitfall, confirming that its orthogonal
disentanglement enables the learning of domain-
invariant sarcasm mechanics.

B.9 Model Scale

To verify if feature entanglement is merely an ar-
tifact of smaller models, we conducted scale-up
experiments on Qwen3-VL-32B and LLaVA-1.6-
13B in Table 12. Our results explicitly confirm
two points: (1) Entanglement persists at scale. The
zero-shot Qwen3-VL-32B still exhibits severe ca-
pability skew (e.g., 85.17% on Detection vs. only
22.68% on Intent). Parameter scale alone does not
naturally resolve this cognitive conflict. (2) DOSE
is scalable. DOSE consistently outperforms stan-
dard LoRA across both 13B and 32B scales. This
validates that DOSE provides fundamental geomet-
ric constraints that benefit 30B+ models, proving
its necessity far beyond edge devices.

C Case Study

Good Cases. To provide a more intuitive un-
derstanding of DOSE’s capabilities and limitations,
we present qualitative visualizations. Figure 12(a)
illustrates a representative case requiring deep sar-
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Model Detection Mechanism Description Target Intent Overall
Qwen3-VL-32B 85.17 31.00 90.91 46.16  22.68 55.18
+LoRA 95.97 39.70 93.91 86.79 74.82  78.24
+CL-MoE 95.46 39.79 93.25 76.23  74.64  75.87
+DOSE 96.17 40.60 94.78 8798 7557  79.02
LLaVA-1.6-13B 80.20 32.51 61.64 2771  13.69  43.15
+LoRA 93.87 33.42 93.03 72.04  71.07  72.69
+CL-MoE 94.16 32.52 93.16 69.63 70.02  71.90
+DOSE 94.66 35.72 93.87 7524 7111 7412

Table 12: Scale-up experiments (%).

o

Andrex signs exclusive deal to publish
absorbent version of David Cameron’s
memoirs. Well-known toilet paper

manufacturer and Labrador puppy model |
agency, Andrex, is to publish a unique
serialisation of David Cameron’s memoirs, | LoRA: A

it has emerged.

| Question: Based on the image and text, what
is the primary target of the sarcasm?

i A. The ridiculousness of a major brand like
Andrex branching out into political publishing,
: especially featuring the Andrex puppy.

| B. The perceived low quality or worthlessness
of David Cameron's memoirs, suggested by

: their association with toilet paper.

i C. The environmentally unfriendly practice of

! printing a memoir on highly absorbent paper

| instead of recycled materials.

D. The disposable nature of political promises
: made by David Cameron during his tenure.

3 Answer: B

MoE_LoRA: A CL-MoE: A
| DOSE: B

‘ J

(a) Good case 1: sarcasm description task.

Chris Grayling orders 400,000 turkeys for
the NHS. The government is regretting
asking disaster-prone former Minister
Chris Grayling to procure PPE for frontline |

| Question: Based on the given image-text pair,
identify the correct sarcasm targets. Each

| option contains text objects and image objects
(bounding boxes in [ymin, xmin, ymax, xmax]

: format, normalized to 1-1000).

| A. text object: ['is regretting asking', 'Chris
Grayling'], image object: [[232, 34, 732, 534]]

1 B. text object: ['to procure’, 'Minister Chris
Grayling'], image object: [[479, 352, 979, 852]]
: C. text object: ['Chris', '"Minister Chris'], image
| object: [[119, 461, 619, 961]]

D. text object: ['Chris', 'Minister Chris'], image
! object: [[1, 187, 951, 719]]

medical staff after 400,000 turkeys were | Answer: D
delivered to the NHS. i LoRA: A MoE_LoRA: C CL-MoE: A
i DOSE: D
J
(b) Good case 2: target identification task.
N

Gary Lineker’s small band of
mercenaries sneak Walkers’
crisps out of Leicester. Gary

Lineker is determined that the ! climbing.
world should not live without ! .
Walkers' crisps. H Answer: B
: LoRA: C MoE_LoRA: A CL-MoE: B
! DOSE: C )

| Question: Based on the image and text, what is the

. primary target of the sarcasm?

i A. The notion that Lineker hires a team of 'mercenaries' to
! handle the logistics and distribution of snack food products.
1 B. The hyperbolic and dramatic effort being made by Gary
Lineker (the subject of the image) to perform a simple

1 activity like indoor rock climbing.

i C. The intense loyalty Gary Lineker shows toward the

! Walkers brand, suggesting he would risk danger for the

1 product.

D. The strange choice of wearing formal, dark business

+ attire while attempting a strenuous athletic activity like rock

(c) Failure case: target identification task.

Figure 12: Case study.

casm reasoning, where DOSE outperforms the
baseline. Other baselines merely understand the
surface content. They incorrectly choose option
A (the absurdity of brand expansion), interpreting
the text as an objective description of a bizarre
business move. They successfully extract the en-
tity but fail to deduce the satirical intent regarding
the book’s quality. Our DOSE correctly identify
option B, accurately pinpointing the satire of the
memoir’s worthlessness. We attribute this to the
dual-stream architecture. The shared stream effec-
tively encodes the semantic inconsistency between
the high-status concept of political memoir and the
low-status utility of toilet paper. Simultaneously,
the private stream leverages this conflict to deduce
specific pragmatic meanings, preventing the model
from overfitting to the literal narrative of publishing
deals. Similarly, Figure 12(b) also demonstrates
the effectiveness of DOSE in utilizing MLLMs
grounding capabilities.

Failure Case. Figure 12(c) illustrates a failure
case. We identify a failure pattern associated with
a lack of external context. Taking a sample involv-
ing British popular culture as an example, the text
describes football legend Gary Lineker using mer-
cenaries to smuggle Walkers chips, accompanied
by dramatic footage of him indoor rock climbing.
DOSE incorrectly predicts option C, interpreting
keywords like "mercenaries" and "smuggling" too
seriously as a promise. However, the correct in-
terpretation requires recognizing Gary Lineker’s
long-standing advertising persona for the brand,
characterized by a comedic, exaggerated greed
for chips. Because the model lacks this specific
cultural contextual knowledge, its perception pro-
cesses the text information too literally, missing the
inherent absurdity. This confirms that efficient pa-
rameter fine-tuning alone cannot infuse the model
with sufficient world knowledge.
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D Theoretical Analysis of Subspace
Orthogonality

In this section, we provide a theoretical analysis of
the proposed DOSE framework from the perspec-
tive of gradient dynamics. We aim to rigorously
demonstrate how the orthogonality regularization
physically blocks negative transfer in MTL.

D.1 Geometric Decoupling of Feature
Representations

For the i-th expert, the output is defined as the
superposition of two parallel streams:

Ei(x)= BiAkx + BbhAbx ,  (8)

Shared Stream  Private Stream

where the matrices Bfg and B%) span the shared sub-
space S and the private subspace P, respectively.
To enforce structural disentanglement, we intro-
duce the regularization term based on the Frobenius
norm:

(&)

2
.

N
ﬁorth = Z ‘(B}S')TB;?
=1

Minimizing this term enforces S 1 P. Geomet-
rically, this implies that the features captured by
the shared stream (e.g., "incongruity patterns") and
those captured by the private stream (e.g., "syn-
tactic styles") are orthogonal, thereby achieving
feature disentanglement.

D.2 Gradient Dynamics and Interference
Mitigation
To analyze the parameter update dynamics during
training, we examine the gradient of the total ob-
jective function £ = Lyg5r + ALoren With respect
to the shared basis matrix Bg.

Using a%Tr(XTAX) = (A+ AT)X, the gra-
dient of the regularization term can be derived as:

(B Bp B} Bs) = 2Bp B3 Bs.

(10)
Consequently, the stochastic gradient descent up-
date rule for Bg at step £ + 1 becomes:

0
VBS Eo'rth - @TI’

B « BY ) VBsLiwsk —2n\  Bp(BpBs)

Task Adaptation Projection Constraint

1D

The term —2nABp(Bj, Bs) in the update acts
as a soft gradient projection operation. In each iter-
ation, this term attempts to subtract the component
of Bg that projects onto the subspace spanned by

Hyperparameter Value
Training Dynamics
Optimizer AdamW
Learning Rate le-4
Iteration 2
Warmup Ratio 0.03
Batch Size 2
Weight Decay 0.05
Maximum Sequence Length 960
LoRA & DOSE Architecture
LoRA Rank (r) for Baselines 16
LoRA Alpha 32
LoRA Dropout 0.05
Target Modules up_proj,down_proj,gate_proj
Expert Numbers 4
DOSE Shared Rank (r5) 8
DOSE Private Rank (r;,) 8
Orthogonality Weight le-3

Table 13: Hyperparameter configurations.

Bp. This mimics a soft Gram-Schmidt process,
dynamically constraining the shared parameters to
evolve towards the space of the private parameters.
In a multi-task scenario, if the gradient from an
explanation task (Task B) attempts to modify Bs
to fit a specific linguistic style, and this modifica-
tion conflicts with the detection task (Task A), the
orthogonality regularization generates a counter-
force. This force neutralizes the drift of Bg to-
wards the direction of Bp. This mechanism aligns
mathematically with the core principles of gradient
surgery and domain separation networks (Yu et al.,
2020). Through this mechanism, DOSE theoreti-
cally guarantees that new task learning primarily
updates the private subspace, while maximally pre-
serving the universal perception patterns acquired
in the shared subspace.

E Implementation Details

We implemented DOSE and all baselines using
the PyTorch framework on a single NVIDIA A100
(80GB) GPUs. To ensure a fair comparison, all
methods were fine-tuned under the same founda-
tional settings. The detailed hyperparameter con-
figurations are listed in Table 13. Training time for
all methods on 1% of the training data is around 10
minutes. For evaluation time, using Qwen3-VL-8B
as the base model, LoRA takes approximately 1
hour, MoE-LoRA approximately 1.5 hours, CL-
MoE approximately 2 hours, and DOSE approx-
imately 2.5 hours. For LLaVA-1.6-7B, LoRA
and MoE-LoRA take approximately 3 hours, CL-
MOoE approximately 5 hours, and DOSE approx-
imately 6 hours. For the experiments in B.6, we
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Prompt for semantic distractor

Instructions:

You are an expert Al assistant specializing in

multimodal sarcasm research. Your task is

to generate a multiple-choice question based

on a provided sarcastic image-text pair and

its correct target explanation.

Your Goal:

Given an image, its accompanying text, and

the Correct Sarcasm Description, you must

generate three (3) incorrect but plausible

“distractor” explanations.

Distractor Requirements:

1. Plausible: They should seem reasonable
at a glance.

2. Related: They must be related to the gen-
eral themes present in the image or text.

3. Incorrect: They must not be the actual
intended target of the sarcasm.

Process:

1. Analyze the provided Image, Text, and
Correct Target.

2. Create three unique distractors.

3. Combine and shuffle to create options A,
B,C,D.

4. Construct a JSON output.

Output Format (Must be JSON):

{ "question": "...", "answer": "[Correct Let-
ter]" }

used the punkt library from NLTK, along with the
rouge_score and bert_score libraries, to perform
the metric evaluations. The models in the main ex-
periment are all trained independently three times,
and the average value is taken.

F Prompt Templates

In this section, we provide the specific prompt tem-
plates used in our data construction pipeline.
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Prompt for Cognitive-Driven Sarcasm De-

composition & Profiling

Role & Methodology:

You are an expert cognitive analyst specializing in mul-
timodal sarcasm. Your goal is to move beyond simple
classification and perform a Cognitive Decomposition
of the provided image-text pair. You must strictly fol-
low the Premises — Incongruity — Inference reasoning
chain to construct a comprehensive sarcasm profile.

Phase 1: Cognitive Decomposition (The Reasoning

Chain)

Step 1: Premises (Objective Extraction)

* Analyze the text literal meaning and, based on the
context/URL, infer the objective visual scene (as you
cannot directly “see” images).

* Goal: Establish the factual baseline before identifying
sarcasm.

Step 2: Incongruity (Mechanism Analysis)

* Locate the semantic contrast between the visual and
textual modalities.

* Determine the Sarcasm Mechanism (e.g., Contradic-
tion, Contextualization) using the definitions below.

¢ Identify the Dominant Modality that drives the con-
flict.

Step 3: Inference (Description & Intent)

* Derive the Sarcastic Description (who/what is being
attacked) based on the logic of the conflict.

* Determine the Sarcastic Intent (e.g., to criticize, to
entertain).

Phase 2: Sarcasm Profiling (Definitions & Con-

straints)

1. Mechanism Definitions (Choose for ‘sar-

casm_mechanism’):

* Direct Image-Text Contradiction: Image contradicts
literal text (e.g., messy room vs. “minimalist life”).

» Text-led Contextualization: Neutral image given sar-

castic meaning by text.

Image-led Punchline: Text sets up normal situation,

image provides the twist.

Situational Mismatch: Normal components combine

to create absurd mismatch.

* Single-modality Dominant: Sarcasm is contained in
one modality; the other is supportive.

2. Modality Definitions (Choose for ‘domi-

nant_modality’):

» Text-dominant, Image-dominant, or Equal contribu-
tion.

3. Intent Definitions (Choose for ‘sarcastic_intent’):

* To criticize/expose, To express discontent, To provoke
thought, To entertain readers, To create absurdity.

Phase 3: Input & Output Generation

Input Data: Text: {text}

Output Format (JSON Only):

{ "is_sarcastic": "Yes/No", "sarcasm_mechanism": "[Se-
lection from Phase 2.1]", "dominant_modality": "[Selec-
tion from Phase 2.2]", "sarcasm_description": "[Derived
from Phase 1 Step 3 - Inference]", "sarcastic_intent":
"[Selection from Phase 2.3]", "confidence": "High/Medi-
um/Low", "is_challenging": [], "Yes..." or empty list

"challenging_reason": null, "reasoning": "[Summary of
your Premises -> Incongruity -> Inference chain]" }




