
Proceedings of Machine Learning Research 332:1–10, 2026 AAAI Community Activity on Bias in Multimodal AI

Expert Collapse and Compositional Failure in Simple
Multimodal MoE

Anthony Ticinovic aticinov@outlook.com
Caren Han caren.han@unimelb.edu.au
The University of Melbourne, Victoria, Australia

Abstract
Mixture-of-Experts (MoE) is a technique that uses multiple MLPs at each transformer
layer, rather than using a single MLP. MoE architectures are hypothesised to create spe-
cialised experts, but this is often inferred rather than quantitatively measured. Further,
this specialisation is in conflict with standard load-balancing losses that promote more
uniform load distribution, though can encourage expert redundancy. We construct a novel
two-unimodal-expert (vision/text) MoE testbed and use a three-stage protocol to first force
specialisation with uni-modal data (Stage 2), then test its stability during fine-tuning (Stage
3). Our findings demonstrate that while Stage 2 successfully creates specialised experts,
this specialisation persists only at the object-level. In Stage 3, the standard multimodal loss
actively overwrites this structure, causing the latent space to default to only clustering by
modality, rather than by concept. We identify the mechanism as layer-level expert collapse.
Furthermore, a case study on compositional binding reveals that even when specialisation
is present, it captures monolithic objects (e.g., ‘car’) but fails to bind attributes like colour,
perhaps highlighting a source of bias in multimodal representation.
Keywords: Multimodal AI, Mixture of Experts, Interpretability, Bias, Modality Interfer-
ence

1. Introduction

Mixture-of-Experts (MoE) architectures have become a cornerstone of state-of-the-art gen-
erative models, enabling significant increases in parameter count while maintaining a con-
stant computational budget (Shi et al., 2024). This paradigm has been successfully applied
to Vision-Language Models (VLMs) like Astrea (Yang et al., 2025) and MoE-LLaVA (Lin
et al., 2024).

A primary challenge stems from knowledge interference, where models struggle to fairly
evaluate all modalities. This leads to “parametric memory interference”, where the model
is biased to relying on parametric statistical patterns from its language training rather than
adhering to specific visual evidence (Cai et al., 2025). Since these architectures rely on
pretrained LLM backbones, this defaulting is typically dominated by the text domain. In
this work ‘bias’ is defined as representational modality bias (e.g., the model ignoring visual
evidence in favour of textual priors), distinct from societal or demographic biases.

Furthermore, the core hypothesis of the MoE paradigm is that experts develop mean-
ingful specialisations. Work on advancing expert specialisation identifies a paradox where
standard auxiliary load-balancing losses inadvertently promote redundancy (Guo et al.,
2025). This loss forces a more homogeneous data stream upon experts, leading to overlap
rather than the focused functions that define true specialisation.
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This paper addresses these gaps by using a novel VLM testbed, using a staged training
protocol inspired from Sha et al. (2024). Though unlike the Uni-MoE method (Sha et al.,
2024), we train modality pure experts to investigate whether forced specialisation persists
under standard training objectives. We also use full finetuning rather than LoRA tech-
niques. Our central hypothesis is that by explicitly training experts to be modality-specific,
we can create a system that is more interpretable, and naturally disentangles vision and
text parameter interference. However, we find that standard end-to-end training actively
overwrites this modal disentangling, leading to expert collapse and compositional noise in
the latent space.

2. Methodology

We employ a three-stage progressive training protocol to enforce and then stress-test modal-
ity specialisation. The VLM is constructed from a frozen CLIP Vision Encoder (ViT-L/14)
(Radford et al., 2021), a linear Vision-Language Connector (MLP), and a Mistral-7B-v0.3
backbone (Jiang et al., 2023). See Figure 1.

2.1. Architectural Blueprint

The Feed-Forward Network (FFN) sub-layer within each Transformer block of Mistral is
replaced with our custom MoE layer containing two experts: Expert 0 (Vision) and Expert
1 (Text). A linear router manages top-1 gating.

2.2. Three-Stage Progressive Training

We adapt the Uni-MoE protocol (Sha et al., 2024) but introduce a divergence in Stage 2 to
force strict uni-modal specialisation (Figure 2).

1. Stage 1: Cross-Modality Alignment. We train only the Vision-Language Con-
nector to align CLIP embeddings with the LLM latent space (Li et al., 2023).

2. Stage 2: Modality-Specific Experts (Hard Routing). We bypass the router
and use deterministic hard-routing. Vision tokens are forced to Expert 0, and text
tokens to Expert 1. This ensures experts diverge and specialise on uni-modal data.

3. Stage 3: Unified Fine-Tuning (Soft Routing). We unfreeze the router, at-
tention layers, and experts. The model is trained on mixed-modality data using a
Straight-Through Gumbel-Softmax estimator (Jang et al., 2017) for dynamic routing.
Crucially, we do not use auxiliary load-balancing loss, as Sha et al. (2024) indicate it
promotes expert redundancy rather than specialisation in this architecture.

2.3. Concept-Modality Analysis

To quantify alignment, we construct a Concept-Modality Comparison Matrix. We sample
N = 50 images and captions for 8 concrete concepts (e.g., car, apple) from MS-COCO (Lin
et al., 2014). We extract hidden states from specific layers and compute cosine similarity
between the mean-pooled visual representation h̄V,ci and the textual representation h̄T,ci .
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Figure 1: High-level architecture of the VLM model. Trainable parameters are denoted
with a flame icon. (adapted from Sha et al., 2024)
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Figure 2: The three-stage training protocol. Stage 2 forces disentanglement via hard rout-
ing. Stage 3 uses learned dynamic routing.

3. Experimental Results

3.1. Success of Architectural Forcing (Stage 2)

The hard-routing protocol in Stage 2 successfully created specialised experts. Figure 3
shows a clear diagonal structure in the cross-modal similarity matrix. This indicates that
the vector for a text concept is more similar to the vector for its visual counterpart, despite
the experts never processing mixed data.

We validated this with a one-tailed binomial test (k = 6 successes in n = 8 trials),
yielding a statistically significant p-value of ≈ 8.52 × 10−5.

We further confirmed this functional specialisation via a crossover test, observing an
11% increase in loss when expert routing was inverted.

3.2. The Collapse of Specialisation (Stage 3)

However, this specialisation proved unstable. After Stage 3 fine-tuning with a standard
multimodal loss, the cross-modal structural alignment vanished (Figure 4).

The t-SNE analysis in Figure 5 reveals the cause, illustrating the latent space of the final
model separates cleanly by modality rather than concept. The model prioritises separating
text from images over aligning their semantic meaning.

We identified Layer-Level Expert Collapse (Figure 7) as the mechanism of failure. In
most layers, the router defaults to sending 100% of tokens to a single expert, regardless
of content. This suggests the standard loss function found a simpler local minimum that
ignored the specialised experts built in Stage 2.
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Figure 3: Stage 2 Similarity Matrix (Layer 31). The bright diagonal confirms that forced
routing successfully aligns cross-modal concepts.

Figure 4: Stage 3 Similarity Matrix (Layer 31). The diagonal structure is lost, indicating
the model has “un-learned” the concept alignment.
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Figure 5: t-SNE of Stage 3 Hidden States (Layer 29). The model clusters tokens by modality
(Text vs. Vision) rather than semantic concept.

Figure 6: t-SNE of Stage 3 Hidden States (Layer 29). The router learns the modality
separation perfectly at this layer, which is the exception.
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It is important to note that the collapse was not uniform. As seen in the expert load
distribution (Figure 7), while most layers collapsed to a single expert, specific deeper layers
(e.g., Layer 29) maintained a balanced load. We further investigate this behaviour in
Figure 6, which visualises the expert routing decisions at this layer. Unlike the collapsed
layers, Layer 29 exhibits a clean, bimodal routing distribution that perfectly aligns with the
modality clusters. The router successfully learned to send visual tokens to Expert 0 and
text tokens to Expert 1. This finding is critical as it shows that the architecture retained
the capacity for disentangled, modality-specific processing. The global collapse is therefore
not due to a lack of model capacity, but rather an optimisation bias where the standard loss
function failed to incentivise this disentangled structure against the simpler local minimum
of expert collapse.

The transition to LLaVA-Instruct in Stage 3 was designed as a robustness stress test.
While the domain shift from captioning to instruction tuning introduces natural target
distribution variance, it does not necessitate the observed layer-level expert collapse. If the
specialisation were robust, the router could have adapted the existing experts to the new
task. Instead, it largely abandoned the specialised structure.

Figure 7: Expert load distribution by layer (Stage 3). Most layers collapse to a single expert
(blue or orange bars), ignoring the specialised structure.

3.3. Compositional Bias Case Study

To test the richness of the representations cross-modal representations formed by the model,
we analysed compositional concepts (e.g., ‘red apple‘ vs ‘green apple‘).

As shown in Figure 8, even the specialised Stage 2 model exhibits Object Dominance.
’Red apple’ is as similar to ’green apple’ as it is to itself. The model fails to bind the
attribute ’colour’ to the object. This representational failure highlights a risk. The model
relies on monolithic object priors rather than attending to specific visual attributes (like
colour or size).
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Figure 8: Compositional Matrix. Note the failure in Stage 2 (Left): ’Red Apple’ and ’Green
Apple’ are similar but non distinct, indicating the model relies on object stereo-
types rather than visual attributes. In Stage 3 (Right), no compositional structure
exists.

3.4. Performance Impact

The loss of specialisation in Stage 3 correlated with catastrophic forgetting. On the COCO
captioning benchmark, the Stage 2 model achieved a CIDEr score of 76.2, while the Stage
3 model dropped to 8.1 (Table 1), showing the VQA centred training of Stage 3 greatly
diminished the model’s captioning ability. Though not central to this study, further work
should be done to ensure training stability between the tasks/data.

Table 1: Performance on COCO Karpathy test split (Bucciarelli et al., 2024).
Model Data B-4 M R-L C

Reference: LLaVA-v1.5-7B
+ Full FT COCO 38.2 23.5 57.3 111.4

Our Models (MoE)
Stage 2 COCO 31.9 33.3 55.4 76.2
Stage 3 COCO → LLaVA-Ins 4.2 12.2 29.9 8.1

4. Discussion

This study illustrates the tension between architectural interpretability and standard mul-
timodal training objectives. Our findings highlight three critical implications for the design
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of robust, unbiased Vision-Language Models. That is, the fragility of architectural forcing,
greedy router optimisation, and grounding failure as a source of bias.

We demonstrated that while hard-routing (Stage 2) successfully instantiates distinct
semantic representations, this structure is brittle. The collapse in Stage 3 suggests the
standard loss favours a path of least resistance. Separating tokens by modality, the optimi-
sation process abandoned cross-modal alignment for a simpler local minimum, rarely using
the structure derived in Stage 2.

Crucially, Layer 29 reveals the architecture is capable of the desired behaviour, correctly
routing tokens even after fine-tuning. This isolates the failure mode. It is not a lack of
capacity, but a failure of the objective function to incentivise its utilisation more globally.
The standard loss permits locally greedy routing, allowing layer-level expert collapse to
propagate.

The compositional case study reveals a shallow encoding of concepts in the latent space.
Being unable to distinctly cluster based on compositional concepts shows evidence for only
object-level semantic structure. Further, this is evidence for reliance on prioritising statisti-
cal priors over pixel-level evidence, and may be evidence of parametric memory interference
(Cai et al., 2025).

5. Conclusion and Future Work

We conclude that architectural priors alone are insufficient to guarantee grounding and clean
concept-level representations. While we successfully forced expert specialisation, standard
training actively destroyed it, replacing concept alignment with modality-based clustering.
To address limitations, future research must pursue the following:

1. Hard-Routing in Stage 3: Future work could investigate maintaining hard-routing
during Stage 3 fine-tuning to further determine if expert collapse is driven by the
routing mechanism or the multimodal objective.

2. Specialisation-Preserving Loss Functions: To prevent collapse, auxiliary loss
terms should explicitly penalise the router for deviating from established expert roles.

3. Compositional Auditing Frameworks: Auditing datasets and benchmarks that
specifically test attribute-object binding (e.g., separating “red car” from “blue car”)
may help to identify and quantify parametric interference.

4. Verifying Findings Across Model Families: As an N = 1 study on Mistral
7B, the immediate next step is to replicate this experiment on other backbones to
distinguish fundamental properties from model-specific artefacts.
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