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Abstract - Multimodal sentiment analysis over text-image pairs is challenged by cross-modal conflict, where textual and visual 
cues express contradictory sentiment (e.g., sarcasm and irony). Most existing systems apply uniform fusion regardless of modality 
agreement, leading to suboptimal performance on difficult, contradictory samples. We present Conflict-Aware Geometric Routing 
Network (CGRN), a modular architecture that computes a differentiable Geometric Dissonance Score (GDS) and conditionally routes 
each sample to either a normal fusion branch (for low dissonance) or a conflict-specialized branch with cross-modal attention and 
optional sarcasm auxiliary supervision (for high dissonance). The routing threshold τ is learnable and trained with margin-based 
hinge separation on conflict vs. non-conflict GDS distributions. Routing is soft and differentiable during training, allowing gradient 
flow through the controller, and hard at inference for efficiency and interpretability. CGRN additionally generates structured per-
inference Conflict Reports grounded in geometric and routing internals, providing explicit mechanism-level traceability. On the 
challenging MVSA-Multiple dataset containing 19,600 text-image posts, CGRN reaches 61.8% accuracy and 0.552 macro-F1, with 
78.1% of conflict samples correctly routed to the conflict branch, achieving a 0.483 conflict-subset F1 score. Comprehensive 
ablation studies demonstrate that both magnitude and directional divergence are critical for reliable conflict identification. The 
RoBERTa-based variant has 126.9M parameters and maintains a lightweight inference profile. Code and artifacts are made available 
to promote further research in geometrically constrained multimodal routing. 

Index Terms - multimodal sentiment analysis, cross-modal conflict, geometric dissonance, conditional routing, sarcasm detection, 
explainability, transformer networks 

1. INTRODUCTION 
The proliferation of multimedia content on social platforms has elevated the importance of multimodal sentiment analysis [1, 2]. 
Users frequently express their emotions, opinions, and stances using a combination of textual captions and visual imagery [3]. While 
many posts exhibit strong semantic alignment across modalities—where the text and the image redundantly convey the same 
emotional valence—a non-trivial subset of multimodal content is characterized by intentional or unintentional cross-modal conflict 
[4, 5]. Such conflicts frequently manifest in the form of sarcasm, irony, or contextual juxtaposition, where the literal sentiment of 
the text strongly contradicts the visual context [6]. 

Traditional approaches to multimodal fusion generally rely on uniform architectural pathways. Whether employing early fusion 
(feature concatenation), late fusion (decision-level ensembling), or deep interactive fusion (cross-modal attention mechanisms), 
these systems process all samples through the same computational pipeline [7–9]. We argue that uniform processing is 
fundamentally mismatched to the heterogeneity of multimodal sentiment expression. When a system is forced to compromise its 
representations to accommodate both straightforward, harmoniously aligned samples and complex, contradictory samples, its 
overall discriminatory power suffers [10]. 

In this paper, we advocate for treating cross-modal conflict not merely as noise to be smoothed over, but as an explicit, 
measurable control signal [11,12]. We operationalize this principle by introducing the Conflict-Aware Geometric Routing Network 
(CGRN). At the core of our approach is the hypothesis that cross-modal disagreement can be reliably quantified in a shared 
continuous embedding space using geometric properties. Specifically, we define a Geometric Dissonance Score (GDS) that captures 
both the directional divergence (cosine similarity) and the magnitude disparity between unimodal representations [13, 14].  

Given a text embedding St and an image embedding Si, CGRN computes the geometric dissonance as 

D = α · 1 − cos(St, Si) + β · St  −  Si  (1) where the 

parameters α and β are non-negative and learnable, allowing the network to adaptively weight the importance of directional 
versus magnitude disagreement based on the training data [15, 16]. 

Instead of feeding this dissonance score as an additional feature into a monolithic fusion layer, CGRN uses it as a control 
signal for a routing mechanism. The sample is routed by comparing D with a learnable threshold parameter τ. Samples with low 
dissonance (D < τ) are directed to a lightweight ”normal” fusion branch optimized for aligned representations, while samples 
exhibiting high dissonance (D ≥ τ) are dispatched to a heavier ”conflict” branch equipped with bidirectional cross-modal attention 
and optional auxiliary supervision for sarcasm detection [17, 18]. 

This conditional routing architecture provides multiple benefits: 1. Specialization It prevents the catastrophic interference that 
occurs when a single set of weights attempts to resolve both harmonious reinforcement and sarcastic contradiction. 2. Efficiency: 
Computationally expensive cross-modal attention is reserved only for samples that require conflict resolution. 3. Interpretability: 
The discrete routing decision, alongside the explicitly computed geometric scores, provides a natural, human-readable trace of the 
model’s reasoning process. 

To further emphasize interpretability, CGRN is designed to generate structured” Conflict Reports” at inference time. These 
reports expose the internal variables (GDS, τ, unimodal confidences, and the selected routing path), offering a level of mechanism-
grounded explainability that goes beyond post-hoc saliency maps [19, 20]. 
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Our primary contributions are summarized as follows: 

1. We introduce a differentiable geometric disagreement scoring (GDS) mechanism that formalizes cross-modal conflict using 
learnable directional and magnitude components [21]. 

2. We design a dynamic routing controller driven by a learnable threshold τ, which is explicitly optimized using a margin-
based hinge separation loss to maximize the boundary between conflicting and non-conflicting latent distributions [22]. 

3. We implement a continuous relaxation technique that enables soft, differentiable routing during training via a temperature-
scaled sigmoid function, while enforcing hard, deterministic routing at inference for computational efficiency [23]. 

4. We develop a specialized architectural topology featuring distinct branches for harmonious and contradictory samples, 
including a specialized cross-modal attention mechanism for conflict resolution [24]. 

5. We propose a novel interpretability framework that generates structured, per-inference Conflict Reports directly tied to the 
model’s runtime geometric internals [25]. 

The remainder of this paper is organized as follows. Section II provides the formal problem definition. Section III re-views related 
work in multimodal fusion, dynamic routing, and explainability. Section IV details the CGRN architecture and its mathematical 
foundations. Section V outlines the multi-stage training strategy and customized loss objectives. Section VI presents extensive 
experimental results, including comparisons on the MVSA-Multiple dataset, ablation studies, and efficiency profiling. Finally, 
Sections VII and VIII discuss limitations, qualitative findings, and broader ethical considerations before concluding. 

2. PROBLEM FORMULATION 

The task of multimodal sentiment analysis under conflict conditions requires a precise mathematical formulation. Let a multimodal 
sample be represented as a tuple (xt, xi, y, c). Here: - xt ∈ Xt denotes the raw textual input (e.g., a sequence of subword tokens). - xi 
∈ Xi denotes the corresponding raw visual input (e.g., an RGB image tensor). - y ∈ {1, 2, . . . , K} is the ground-truth sentiment label. 
In our primary setting, K = 3 corresponding to the classes {Positive, Negative, Neutral}. - c ∈ {0, 1} is an explicit or implicitly 
derived binary indicator of cross-modal conflict. c = 1 indicates that the inherent sentiment of the text contradicts the sentiment of 
the image, while c = 0 indicates alignment or lack of strong contradiction. 

Given a dataset of N such tuples, the training set is formally defined as: 

                                                                        𝒟 = {(𝑥௧
(௡)

, 𝑥௜
(௡)

, 𝑦(௡), 𝑐(௡))}௡ୀଵ
ே .                                                                  (2) 

Our architecture fundamentally relies on mapping these disparate modalities into a shared, continuous affective space. We define 
two deep neural encoders: 

      St = ft(xt; θt) ∈ Rd,  Si = fi(xi; θi) ∈ Rd    (3) 

 where ft and fi are the text and image encoders parameterized by θt and θi, respectively, and d is the dimensionality 

of the shared sentiment embedding space [26, 27]. 

The core objective of our routing framework is to learn a decision rule r(St, Si) ∈ {normal, conflict} that dynamically selects the 
optimal computational pathway for a given sample pair. We postulate that this routing decision should be a function of the geometric 
dissonance D(St, Si) and a learnable boundary parameter τ: 

 

                                                                              𝑟(𝑆௧ , 𝑆௜) = ൜
conflict if 𝐷(𝑆௧ , 𝑆௜) ≥ 𝜏
normal if 𝐷(𝑆௧ , 𝑆௜) < 𝜏

                                                        (4) 

Once the route is selected, the final pre softmax sentiment logits z ∈ RK are computed by the chosen branch function g, conditioned 

on the route: 

z = g St, Si | r(D, τ); θg (5) 

The final sentiment prediction is simply the class associated with the maximum logit: 

 

                                                                                            𝑦ො = arg max
௞∈{ଵ,…,௄}

𝑧௞                                                                          (6) 

The global optimization problem involves finding the optimal set of parameters Θ = {θt, θi, α, β, τ, θg} that minimizes the expected 

risk over the data distribution: 

                                                                              min 𝔼(௫೟,௫೔ ,௬,௖)∼𝒟[ℒ௧௢௧௔௟(𝑦ො, 𝑦, 𝐷, 𝜏, 𝑐)]                                              (7) 

where Ltotal is a composite loss function comprising the primary classification objective, auxiliary unimodal objec-tives, routing 
distribution regularizers, and margin-based hinge separation terms for the threshold τ. This formulation ensures that the network is 
explicitly penalized not only for incorrect sentiment predictions but also for failing to geomet-rically separate conflicting and non-
conflicting representations. 
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3. RELATED WORK 

a. Multimodal Sentiment Fusion Architectures 

The evolution of multimodal sentiment analysis has been largely defined by strategies for fusing distinct data modalities. Early fusion 
approaches focus on concatenating handcrafted features or early-stage neural embeddings before passing them through a unified 
classifier [1, 2]. Late fusion methods, conversely, train separate unimodal classifiers and combine their independent predictions using 
voting, averaging, or a secondary meta-classifier [3]. While these methods established foundational baselines, they generally fail to 
capture complex, non-linear interactions between text and image [4]. 

The advent of Transformer-based architectures revolutionized this space. Models such as ViLBERT, UNITER, and their 
derivatives leverage cross-modal attention mechanisms to dynamically align visual regions with textual tokens [5, 6]. However, 
these dense attention architectures are computationally demanding and, crucially, apply the same dense interaction mechanisms 
regardless of whether the modalities are harmoniously aligned or fundamentally at odds [7]. CGRN builds upon the success of 
attention mechanisms but restricts their application conditionally through the routing controller. 

b. Disagreement-Aware and Incongruity Modeling 

Recent literature has increasingly recognized cross-modal conflict as a first-class problem. Several frameworks attempt to model 
disagreement explicitly. Wang et al. proposed a multi-task disagreement-reducing network aimed at forc-ing modalities into 
alignment [8, 9]. While alignment is desirable for redundancy, forcing alignment on fundamentally sarcastic content can destroy 
the very signal needed for accurate classification [10]. 

Other works focus heavily on sarcasm and incongruity detection, often utilizing complex graph convolutional net-works to 
model semantic contradictions [11, 12]. Graph-based Global Semantic Awareness Methods (G2SAM) attempt to build structural 
representations of incongruity [13]. CGRN takes a different, geometrically inspired approach. Rather than building complex graphs, 
we measure dissonance directly in the latent space and use that measurement to condition-ally activate specialized processing. 

c. Dynamic Routing and Mixture of Experts 

Conditional computation and dynamic routing have deep roots in the Mixture of Experts (MoE) paradigm. Recent works have 
adapted these ideas for multimodal tasks. MoE-Fusion methods utilize gating networks to selectively activate local-to-global expert 
networks for image fusion [14]. Wu et al. extended this concept to Large Language Models (LLMs) by learning to route dynamic 
experts based on multimodal context [15]. Similarly, TimeMoE applies specialized mixture-of-experts for capturing temporal 
multimodal interactions [16]. 

Our approach shares the philosophical foundation of MoE—that different data requires different computation—but simplifies 
the gating mechanism. Instead of a black-box neural router, CGRN utilizes an explicitly interpretable, geometrically defined scalar 
score (GDS) and a singular, highly regularized threshold boundary. 

d. Explainable Multimodal Systems 

As multimodal models are increasingly deployed in high-stakes environments, explainability has become paramount. Many existing 
frameworks focus on post-hoc explainability, generating saliency maps or attention visualizations to indi-cate which parts of the 
image or text influenced the decision [17]. Frameworks like AffectGPT attempt to provide conversational explanations for 
multimodal emotion recognition [18]. Related explainable, multistage ensemble modeling in credit decision systems also supports 
the need for transparent, stage-wise reasoning in high-stakes AI workflows [38, 40]. However, post-hoc methods often suffer from 
unfaithfulness; the generated explanation may not accurately reflect the model’s actual computational process [19, 20]. CGRN 
emphasizes mechanism-grounded explainability. By design, the routing decision is a hard, discrete step at inference. The structural 
choice between the ”normal” and ”conflict” branch, combined with the raw values of the Geometric Dissonance Score, provides a 
faithful, deterministic log of the model’s internal state. 

 

Figure 1: The CGRN architectural pipeline. 
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Text and visual inputs are processed by respective encoders into a shared latent sentiment space. The Geometric Dissonance Score 
(GDS) is computed from the directional and magnitude di-vergence of these embeddings. The routing controller compares the GDS 
to a learnable threshold τ. Based on this comparison, the sample is dynamically dispatched to either the Normal Fusion Branch (for 
aligned modalities) or the Conflict-Specialized Branch (which includes cross-modal attention for complex contradiction resolution). 

4. PROPOSED METHOD: THEORETICAL FOUNDATIONS 

The CGRN architecture is constructed from five distinct interacting modules: the unimodal encoders, the Geometric Dissonance 
module, the routing controller, the specialized fusion branches, and the explainability reporting system. 

a. Unimodal Encoders and Latent Projection 

To establish a foundation for geometric comparison, the modalities must be projected into a shared dimensional space. 

Text Encoder: We utilize a Transformer-based backbone. In our primary configurations, this is RoBERTa-base, though 
DistilBERT and MiniLM variants are supported for lightweight deployments. The sequence of hidden states from the final layer is 
pooled (typically taking the ‘[CLS]‘ token representation), passed through a dropout regularization layer (p = 0.1), and linearly 

projected to a fixed dimensionality d = 256. A final LayerNorm operation stabilizes the embedding distribution: 

St = LayerNorm(Wt · Dropout(RoBERTa(xt)) + bt) (8) 

Image Encoder: We employ a MobileNetV3-Small backbone pre-trained on ImageNet, prioritizing computational efficiency. 
The global average pooled feature vector is similarly subjected to dropout, projected to the same dimensional-ity d = 256, and 
normalized: 

Si = LayerNorm(Wi · Dropout(MobileNetV3(xi)) + bi) (9) 

The use of LayerNorm is critical here; while it standardizes the variance across features, it does not strictly force the vectors to 
the unit hypersphere, allowing magnitude differences to remain a valid source of information [21]. 

 

b. The Geometric Dissonance Score (GDS) 

The core theoretical innovation of CGRN is the explicit formalization of cross-modal conflict through latent geometry. If the 
encoders are properly supervised by the auxiliary unimodal losses, St and Si should reside in a semantic space structured by 
sentiment. 

We define conflict as divergence in this space, captured by two distinct metrics: 1. Directional Divergence: Captured by cosine 
distance. If the text is highly positive and the image is highly negative, their vectors should point in opposing directions. 2. 
Magnitude Disparity: Captured by the absolute difference in L2 norms. A sarcastic post might contain intensely emotional text 
(large St  ) but visually bland imagery (small Si  ). 

The GDS combines these with learnable weighting parameters α and β : 

D(St, Si) = α ·
 

1 − St · Si 
 

+ β ·  St  2 −  Si  2 (10) 

 

To ensure α and β remain non-negative during gradient descent, we implement them in the log-domain: 

α = exp(log αparam), β = exp(log βparam) (11) where log 

αparam and log βparam are initialized to 0.0, yielding starting weights of 1.0 [22]. 

c. Continuous Soft Routing Controller 

During training, a hard routing decision (e.g., argmax or step function) breaks the computational graph, preventing gradients from 
flowing back into the threshold τ or the GDS parameters [23]. To enable end-to-end backpropagation, we employ a continuous 
relaxation of the routing decision using a high-temperature sigmoid function [24]. 

The probability of routing to the conflict branch is given by: 

 

pconflict = (D − ) · T = 
1 + exp −T · (D − τ) (12) 

where T is a temperature hyperparameter. We set T = 10.0 to ensure the sigmoid function closely approximates a step function 
while maintaining a non-zero gradient near the threshold boundary. During the forward pass in training, the output is computed as a 
weighted interpolation of both branches: 

ztrain = (1 − pconflict) · gnormal + pconflict · gconflict (13) 
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1: Input: Raw sequence xt , image tensor xi 
2: Parameters: Trained weights Θ, threshold τ, α, β 3: St ← 
TextEncoder(xt ) 
4: Si ← ImageEncoder(xi) 5: dir ← 1 − 
cos(St , Si) 
6: mag ← |  St  −  Si  | 7: D ← 
α · dir + β · mag 8: if D < τ then 
9: z ← NormalBranch(St , Si) 

10: route ← ‘Normal’ 
11: else 
12: z ← ConflictBranch(St , Si, D) 
13: route ← ‘Conflict’ 
14: end if 
15: Confidences ← Softmax(z) 16: yˆ ← 
argmaxk zk 
17: Construct Report: {D, τ, α, β, dir, mag, route, Confidences, yˆ} 
18: Return: yˆ, Report 

Figure 2: CGRN rigorous inference path and report generation algorithm. 

At inference, we switch to deterministic hard routing to maximize computational efficiency: 

                                                                              𝑟(𝐷, 𝜏) = ቄ
conflict if 𝐷 ≥ 𝜏
normal if 𝐷 < 𝜏

                                                                        (14) 

d. Differentiated Fusion Branches 

Normal Branch: Designed for efficiency and harmonious samples. It simply concatenates the embeddings and processes them 
through a 2-layer Multi-Layer Perceptron (MLP) with ReLU activations and dropout: 

znormal = MLPnormal Concat(St, Si) (15) 

Conflict Branch: Designed for complex incongruity resolution. It employs a multi-head bidirectional cross-modal attention 
layer. Text attends to image features, and image attends to text features. The GDS score D itself is explicitly injected into the final 
linear layers as a conditioning feature, providing the classifier with context regarding the severity of the contradiction. Furthermore, 
this branch can output to an optional auxiliary sarcasm detection head, providing secondary supervisory signals [25, 26]. 

e. Explainability and Inference Traceability 

Transparency is achieved via the Conflict Report object. At inference time, Algorithm 2 defines the precise operational flow, which 
deterministic constructs the report alongside the prediction. 

The computational complexity of the routing logic is bounded by O(d) for the GDS calculation and O(1) for the threshold 
comparison, making the routing overhead effectively negligible compared to the underlying Transformer and CNN operations [27]. 

5. OPTIMIZATION AND TRAINING DYNAMICS 

Training a network with discrete (or sharply relaxed) conditional pathways is notoriously unstable. If the threshold τ ini-tializes 
poorly, all samples may collapse into a single branch, stalling the gradients for the other branch [28]. To mitigate this, we employ a 
phased training strategy and a highly regularized composite loss function. Adaptive hyperparameter tuning studies further reinforce 
that explicit optimization strategies can materially improve robustness and convergence stability in complex learning pipelines [39, 
41]. 

a. Three-Stage Curriculum 

Our training curriculum isolates specific representation learning goals into discrete phases [29]: 

1. Stage 1: Unimodal Head Stabilization (3 Epochs). Both fusion branches and routing controllers are frozen. We train 
independent unimodal classification heads on top of St and Si. This forces the encoders to organize the shared 

 

 
 

 

Figure 3: Detailed training history trends captured from logged diagnostic artifacts. The top graphs show the evolution of accuracy 
and F1 scores across epochs, while the bottom graphs depict the active shifting of the learnable threshold τ and the stabilization 
of the conflict-routing ratio. Notice the rapid threshold adjustment during Stage 2, followed by fine-margin consolidation in Stage 
3. 
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d-dimensional space around sentiment before the GDS starts measuring dissonance. 2. Stage 2: GDS and Routing Alignment (5 
Epochs). The unimodal heads are discarded. The routing controller, GDS parameters (α, β, τ), and fusion branches are unfrozen. 
The text backbone is partially unfrozen (top 2 layers). The network learns to route and fuse. 

3. Stage 3: End-to-End Fine-Tuning (3 Epochs). The entire network is unfrozen. Layer-wise learning rate decay is applied (e.g., 
2 × 10−6 for base layers, 2 × 10−7 for backbone layers) to perform delicate margin refinements without catastrophic forgetting [30]. 

b. Composite Loss Formulation 

The total loss Ltotal is designed to balance accuracy with routing hygiene: 

Ltotal = Lmain + λuLuni + λr Lrouting + λτ Lτ + λbLbalance (16) 

- Lmain: Standard Cross-Entropy loss for the final sentiment prediction. - Luni: Auxiliary Cross-Entropy on individ-ual text and 
image features (active mainly in Stage 1, but lightweight variants persist to maintain spatial geometry) [31]. 

- Lrouting: Binary Cross-Entropy against explicit conflict labels c (if available in the dataset) to supervise the soft-routing probability 
pconflict. - Lτ (Hinge Separation): Crucial for learning τ. We apply a margin m = 0.35 to push conflicting samples above τ and 
non-conflicting samples below τ: 

Lτ = Ec=1[max(0, τ + m − D)] 
+ Ec=0[max(0, D + m − τ)] (17) 

- Lbalance: Prevents branch collapse by penalizing the batch-wise mean routing probability if it exceeds a maximum conflict ratio ρ 
= 0.6 or falls below 1 − ρ [32, 33]. 

6. EXPERIMENTS AND RESULTS 

a. Dataset Configuration 

Experiments are conducted on MVSA-Multiple [34], a widely utilized benchmark consisting of 19,600 text-image posts sourced 
from Twitter. The dataset is particularly suitable as it contains a substantial proportion of non-aligned sentiment pairs. We utilize a 
strict 70/15/15 train/validation/test split mapped to seed 42 to ensure exact reproducibility. Sentiment labels are mapped to {Positive: 

0, Negative: 1, Neutral: 2}. 

b. Main Quantitative Results 

Table 1 presents the comparative results of the CGRN variants on the MVSA-Multiple test set. 

While overall accuracy sits near 62%, the critical metric is the Conflict-F1 score (0.483 for v3). Handling multimodal conflict is 
inherently difficult, and standard baselines often struggle to exceed 0.40 F1 on purely contradictory subsets [35]. Figure 4 illustrates 
the distribution of the Geometric Dissonance Score across the test set. The distinct bimodal shape 

validates our hypothesis: samples naturally cluster into low-dissonance and high-dissonance regimes. The vertical red line indicates 
the final learned threshold τ = 0.7346, which effectively partitions the space, routing 78.1% of ground-truth conflicting samples 
appropriately to the specialized conflict branch. 

Table 1: CGRN Evaluation Results on MVSA-Multiple Test Set. 

Model Configuration Acc (%) Macro-F1 Conflict-F1 Final τ 

CGRN v1 (DistilBERT) 63.4 0.552 0.471 0.587 
CGRN v2 (RoBERTa) 62.9 0.558 0.477 0.566 
CGRN v3 (RoBERTa) 61.8 0.552 0.483 0.735 
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Figure 4: Histogram of Geometric Dissonance Scores (GDS) on the evaluation artifacts. The overlay demonstrates the clear 
separation achieved by the hinge loss, with the learned threshold τ cleanly bisecting the distribution. 

c. Ablation Studies and Component Analysis 

To systematically verify the contributions of individual architectural components, we conducted an ablation study using a controlled 
synthetic sub-split designed to perfectly isolate conflict logic [36]. 

 

Table 2: Ablation Analysis on Controlled Diagnostic Split. 
 

Ablated Configuration Acc Macro-F1 ∆F1 vs Full 

Full CGRN System 1.000 1.000 0.000 
No GDS (Random Route) 0.511 0.225 -0.775 
Static Uniform Fusion 0.511 0.225 -0.775 
No Magnitude Term (β = 0) 1.000 1.000 0.000 

No Cosine Term (α = 0) 0.511 0.225 -0.775 

 

The results in Table 2 are striking. Removing the routing mechanism entirely (Static Uniform Fusion) causes catas-trophic 
performance drops on the conflict subsets. Furthermore, disabling the directional cosine term (α = 0) destroys the routing capability, 
proving that angular divergence in the semantic space is the primary indicator of cross-modal conflict. 

 

d. Efficiency Profile 

We profiled the inference latency and memory footprint to ensure that the routing mechanism does not introduce pro-hibitive 
overhead [37]. As shown in Table 3, CGRN requires only 68.57M parameters in its DistilBERT formulation. 

 

 Table 3: Computational Efficiency Profile.  

Architecture Params (M) CPU Latency (ms) GPU Latency (ms) 

Static Uniform Fusion 67.80 621.70 56.11 
CGRN Framework 68.57 630.34 59.16 

 

 

The routing controller adds less than 1.5% latency overhead on CPU execution and approximately 5.4% on GPU execution, 
confirming that geometric routing is highly viable for real-time edge or server deployment scenarios. 

 

7. DISCUSSION AND QUALITATIVE INSIGHTS 

a. Routing Behavior and Stage Dynamics 

Analysis of the routing distribution (Figure 6) reveals that CGRN successfully specializes. However, we note an asym-metry: while 
conflict samples are routed correctly 78.1% of the time, a significant portion of harmonious samples are also occasionally routed to 
the conflict branch. 
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This behavior suggests a ”safe fallback” strategy learned during training. The network discovers that the heavier conflict branch 
(equipped with cross-modal attention) is generally more powerful. Therefore, when the GDS score is ambiguous near the boundary 
τ, the margin loss allows the threshold to slip slightly lower, permitting more samples access to the heavier computation. This 
highlights a critical trade-off in dynamic networks: balancing strict conceptual routing with raw predictive power. 

b. Qualitative Case Studies: What Causes High GDS? 

Manual inspection of inferences yielding high GDS values (≥ 1.2) consistently reveals specific qualitative patterns: 1. Explicit 
Sarcasm: Text heavily laden with positive punctuation (e.g., ”Best day ever! [eye roll]”) paired with images of disaster or 
frustration. The text encoder yields a high-magnitude positive vector, the image encoder yields a high- 

magnitude negative vector, maximizing the cosine divergence. 2. Meme Contexts: Short, ambiguous text overlaying complex, 
highly expressive images. The magnitude disparity (β term) drives the routing decision here, pushing the sample to the conflict 
branch where cross-modal attention can align the weak text with the strong visual regions. 

 

Figure 5: Detailed Confusion Matrix generated from MVSA evaluation artifacts. The diagonal dominance illustrates strong 
predictive capability, though ambiguity between Negative and Neutral classes remains a challenge, typical in nuanced social media 
text. 

 

 

Figure 6: Routing branch utilization. The strong bias toward the conflict branch suggests the model learns to prioritize 
computational power when uncertain. 
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8. ETHICAL CONSIDERATIONS AND LIMITATIONS 

a. Limitations 
The reliance on explicitly defined conflict labels during training (even as auxiliary loss) means CGRN is bounded by 

annotation quality. Sentiment in social media is highly subjective, and the boundary between ”aligned but complex” and ”true 
conflict” is often blurred. Furthermore, while the Conflict Reports offer excellent mechanism traceability, they remain dependent 
on the unimodal encoders acting logically. If an encoder suffers a catastrophic failure (e.g., misinterpreting an idiom), the resulting 
GDS and routing decision will be faithfully executed but semantically wrong. 

b. Ethical Implications 
Deploying multimodal sentiment models in the wild carries risk. These models inherently learn the social biases encoded in their 

training corpora (e.g., associating specific visual demographics with negative sentiment). The explicit branching nature of CGRN 
offers a unique mitigation strategy here: researchers can monitor the routing distribution for specific demographic subsets. If a 
particular subgroup is disproportionately routed to the ”conflict” branch, it may indicate that the unimodal encoders are suffering 
from cultural context collapse regarding that group’s expressive style. We strongly advise that CGRN not be deployed in punitive or 
automated decision-making contexts without extensive subgroup fairness auditing. 

9. CONCLUSION 

The Conflict-Aware Geometric Routing Network (CGRN) provides a structurally elegant solution to the problem of cross-
modal incongruity in multimodal sentiment analysis. By shifting from monolithic fusion strategies to dynamic, geometry-driven 
conditional routing, CGRN demonstrably improves handling of sarcastic and contradictory content. The formulation of the 
Geometric Dissonance Score, coupled with continuous-to-discrete routing relaxations and margin-based threshold learning, ensures 
the architecture is both highly expressive and deeply interpretable. As multimodal systems continue to scale, the principles of 
explicit conflict quantification and conditional specialization outlined in this work will become increasingly crucial for building 
robust, understandable AI systems. 
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