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Learning, Multimodal in-context learning represents a significant leap in the capabilities of

Attention artificial intelligence systems, allowing models to adapt to novel tasks by processing

Modulation intermingled text and visual prompts without requiring explicit weight updates.

CI‘OSS-MOdE’ﬂ Despite these advances, standard attention mechanisms often struggle to optimally

Alignment, balance and align cross-modal information, leading to suboptimal performance

Foundation when presented with complex, interleaved context windows. To address this

Models. persistent challenge, this paper introduces a novel framework utilizing context-
aware attention modulation, designed to dynamically adjust the influence of varying
modalities based on the semantic density and task relevance of the provided in-
context examples. By introducing a modulating factor into the attention score
computation, the proposed architecture allows the model to selectively amplify
highly relevant cross-modal alignments while suppressing noisy or irrelevant
contextual cues. Through extensive theoretical analysis and empirical evaluation
across diverse multimodal reasoning benchmarks, we demonstrate that this dynamic
modulation significantly improves both the accuracy and robustness of in-context
learning. The results indicate that context-aware attention modulation not only
accelerates task adaptation but also provides better interpretability regarding how
the model allocates its cognitive resources across visual and textual streams. This
research contributes a foundational step toward more resilient and adaptable
multimodal foundation models.

INTRODUCTION

1.1 The Challenge of Multimodal In-Context Learning

The rapid evolution of artificial intelligence has been largely driven by scaling up foundation
models, which have demonstrated remarkable capabilities in processing and generating human
language. A defining characteristic of these massive models is their ability to perform in-
context learning, a paradigm where the model infers the nature of a task directly from a few
provided examples within the input prompt [1]. This eliminates the need for expensive and
time-consuming fine-tuning processes [2]. Recently, this paradigm has been extended to the
multimodal domain, where models are tasked with interpreting and reasoning over interleaved
sequences of images and text [3]. Multimodal in-context learning allows systems to tackle
complex visual question answering, visual reasoning, and image captioning tasks by simply
observing a few demonstrations [4]. However, integrating visual information with textual data
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introduces profound complexities. Unlike pure text, which possesses a strict sequential and
syntactic structure, visual data is continuous, high-dimensional, and often contains rich spatial
hierarchies [5]. When multiple images and text segments are interleaved in a single context
window, the model must not only understand the individual elements but also decode the
complex relational dynamics between them [6]. The primary challenge lies in ensuring that the
model accurately binds the appropriate text to the corresponding visual features without being
overwhelmed by the sheer volume of multimodal tokens.

1.2 Limitations of Standard Attention Mechanisms

The underlying engine of contemporary foundation models is the transformer architecture,
which relies heavily on the self-attention mechanism to route information across the input
sequence. In a standard self-attention setup, every token computes a representation by taking a
weighted sum of all other tokens in the sequence, where the weights are determined by the
similarity between query and key projections. While highly effective for unimodal text
processing, this standard mechanism exhibits notable limitations when applied directly to
multimodal in-context learning scenarios [7]. Firstly, the standard attention computation treats
all tokens in a relatively uniform manner, often struggling to differentiate between structural
prompt tokens, visual representations, and the actual query text [8]. Secondly, visual tokens
typically outnumber textual tokens by a significant margin, creating an imbalance that can lead
the attention mechanism to become overly biased toward visual features, thereby diluting the
semantic guidance provided by the text [9]. Furthermore, standard cross-attention lacks a
dynamic gating mechanism to evaluate the overarching context of the task before allocating
attention weights [10]. As a result, when presented with a complex in-context learning prompt
containing multiple contrasting examples, standard attention can easily fall victim to
distraction, attending to spurious correlations or irrelevant background details in the images
rather than the task-critical elements [11]. This deficiency necessitates a more sophisticated
approach to how attention is computed and distributed across modalities.

1.3 Proposed Context-Aware Attention Modulation

To overcome the inherent limitations of standard attention mechanisms in processing complex
interleaved multimodal inputs, we propose a novel paradigm termed context-aware attention
modulation. The core intuition behind this approach is that the importance of any given token
relationship is not static but rather highly dependent on the overarching task context defined
by the in-context examples [12]. Our framework introduces a secondary modulation stream
that runs parallel to the primary attention computation [13]. This modulation stream aggregates
a global representation of the task context and generates dynamic scaling factors that are
applied directly to the attention logits before the final normalization step. By doing so, the
model acquires the ability to actively upregulate attention connections that align with the
inferred task requirements and downregulate those that do not [14]. For instance, if the in-
context examples suggest a task focused on color identification, the context-aware modulation
will enhance the attention pathways linking visual color features to the corresponding textual
color descriptors, while suppressing structural or spatial features. This paper comprehensively
explores the theoretical underpinnings of this modulation technique, details its architectural
implementation, and provides rigorous empirical evidence demonstrating its superiority over
standard attention mechanisms across a variety of multimodal benchmarks.

2. Literature Review and Background

2.1 Evolution of In-Context Learning

The phenomenon of in-context learning was first popularized by the advent of massive
autoregressive language models, which demonstrated that a model could perform a new task
simply by being conditioned on a prompt containing a few input-output examples. Early
research focused heavily on the emergent nature of this capability, noting that it only reliably
appeared when model parameters exceeded certain scale thresholds [15]. Researchers theorized
that during the pre-training phase, the model implicitly learns to recognize and simulate diverse
functions, and the prompt acts as a retrieval key to activate the appropriate function [16].




CONTEXT-AWARE ATTENTION MODULATION FOR
MULTIMODAL IN-CONTEXT LEARNING

SEAIS VOL.02 NO. 01 (2026)

Subsequent studies attempted to formalize this process, framing in-context learning as a form
of implicit Bayesian inference or gradient descent operating within the forward pass of the
network [17]. As the field matured, the focus shifted toward optimizing the selection and
ordering of the in-context examples [18]. It was discovered that the performance of the model
is highly sensitive to the prompt format, the similarity between the examples and the target
query, and even the sequential order in which the examples are presented [19]. These findings
highlighted the fragility of the standard in-context learning paradigm and spurred the
development of more robust retrieval and formatting strategies designed to maximize the
efficacy of the provided context.

2.2 Multimodal Foundation Models

Building upon the success of text-only in-context learning, the research community rapidly
moved toward developing multimodal foundation models capable of integrating visual data.
Early approaches relied on connecting pre-trained visual encoders to frozen large language
models using simple linear projection layers or relatively small cross-attention modules [20].
These pioneer models demonstrated that the language model could indeed interpret visual
embeddings if they were projected into the same latent space as the text tokens [21]. However,
these early architectures were largely restricted to single-image tasks such as basic image
captioning or simple visual question answering [22]. To enable true multimodal in-context
learning, where multiple images and text blocks are seamlessly interleaved, more advanced
architectures were required [23]. Subsequent models introduced sophisticated vision-language
alignment techniques during the pre-training phase, ensuring a deeper semantic congruence
between the modalities [24]. Models utilizing resampler modules were developed to compress
the high-dimensional visual input into a fixed number of representative tokens, thereby
alleviating the computational burden and allowing the language model to process longer
multimodal sequences [25]. Despite these architectural innovations, managing the intricate
interactions between multiple images and text segments within a single context window
remains a significant bottleneck.

2.3 Attention Mechanisms and Modulation Techniques

At the heart of the transformer architecture lies the self-attention mechanism, which has been
subject to extensive analysis and modification since its inception. In the context of multimodal
models, attention is often divided into self-attention within a modality and cross-attention
between modalities [26]. Researchers have proposed numerous variations to improve the
efficiency and expressivity of these mechanisms. Sparse attention patterns, for instance, were
introduced to handle extremely long sequences by restricting the attention computation to a
predefined local neighborhood or specific anchor tokens [27]. In parallel, the concept of
attention modulation began to gain traction in the realm of parameter-efficient fine-tuning [28].
Techniques such as adapters and prefix tuning demonstrated that by injecting a small number
of trainable parameters into the attention blocks, a model could be effectively steered toward
new tasks without altering the core pre-trained weights [29]. More recently, researchers have
explored dynamic modulation, where the intermediate activations of the network generate
weights that modify the behavior of subsequent layers. This concept is closely related to
hypernetworks and dynamic convolution, but its application to transformer attention
mechanisms, particularly in multimodal settings, is still in its infancy [30]. Existing modulation
techniques often operate at a coarse level, uniformly scaling entire attention heads, rather than
providing the fine-grained, token-to-token modulation required to resolve complex multimodal
alignments [31]. The approach proposed in this paper bridges this gap by introducing a token-
level, context-driven modulation mechanism specifically tailored for interleaved multimodal
prompts.

3. Methodology and Analysis

3.1 Architectural Framework

The architectural foundation of our proposed model builds upon a standard causal transformer
decoder, augmented with dedicated encoding pipelines for visual and textual inputs. The visual
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stream utilizes a pre-trained vision transformer to extract a grid of spatial features from each
input image. To prevent the visual tokens from overwhelming the context window, these spatial
features are processed through a perceiver-based resampler, which distills the visual
information into a compact, fixed-length sequence of visual tokens. Concurrently, the textual
input is tokenized and embedded using a standard subword embedding layer. The interleaved
sequence of visual and textual tokens is then concatenated to form the complete multimodal
prompt [32]. Unlike traditional architectures that simply pass this concatenated sequence
through standard self-attention layers, our framework introduces a bifurcated processing path
within each transformer block. The primary path computes the standard query, key, and value
representations for all tokens. The secondary path, which constitutes the core of our
contribution, is responsible for computing the context-aware modulation factors. This dual-
path design ensures that the model retains its fundamental ability to route information while
simultaneously gaining the capacity to dynamically sculpt the attention landscape based on the
overarching task context. The output of the modulated attention computation is then passed
through a standard feed-forward network, with residual connections and layer normalization
applied at each step, preserving the stability of the deep network architecture [33].
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Figure 1: Architectural Diagram

3.2 Context-Aware Modulation Strategy

The central innovation of our methodology is the context-aware attention modulation strategy.
The objective is to inject a dynamic scaling factor into the attention score computation,
allowing the model to amplify or suppress specific token relationships based on the global
context [34]. To achieve this, we first define a context vector for each layer. This vector is
obtained by applying a pooling operation over the entire sequence of hidden states from the
previous layer, capturing a holistic representation of the current task dynamics. We specifically
employ an attention-based pooling mechanism, which allows the model to selectively
aggregate information from the most salient tokens in the sequence, whether they be visual or
textual [35]. Once the context vector is established, it is projected through a lightweight multi-
layer perceptron to generate a context modulation matrix. This matrix has the same dimensions
as the attention score matrix computed by the standard dot-product of the queries and keys.
The modulation matrix is then applied to the raw attention scores via element-wise
multiplication before the application of the scaling factor and the normalization function. This
operational flow ensures that the modulation acts as a gating mechanism. If the context vector
indicates that a particular cross-modal relationship is crucial for the current task, the
corresponding entries in the modulation matrix will be highly positive, thereby boosting the
attention weight. Conversely, if a relationship is deemed irrelevant, the modulation entries will
be near zero, effectively suppressing the connection. This dynamic adjustment is
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mathematically continuous and differentiable, allowing the entire modulation module to be
trained end-to-end alongside the primary network parameters.
Code Listing 1: Context-Aware Attention Modulation Module
import torch
import torch.nn as nn
import torch.nn.functional as F
class ModulatedAttention(nn.Module):
def init (self, embed dim, num_heads):
super(). init_ ()
self.embed dim = embed_dim
self.num heads = num_heads
self.head dim = embed dim // num_heads
self.q_proj = nn.Linear(embed dim, embed dim)
self.k proj = nn.Linear(embed dim, embed dim)
self.v_proj = nn.Linear(embed_dim, embed dim)
self.context pool = nn.AdaptiveAvgPool1d(1)
self.mod mlp = nn.Sequential(
nn.Linear(embed dim, embed dim),
nn.GELU(),
nn.Linear(embed dim, num_heads)

)

def forward(self, hidden_states):
batch_size, seq length, = hidden_states.size()

q = self.q proj(hidden states).view(batch size, seq length, self.num heads,
self.head dim).transpose(1, 2)

k = selfk proj(hidden states).view(batch size, seq length, self.num heads,
self.head dim).transpose(1, 2)

v = self.v_proj(hidden_ states).view(batch size, seq length, self.num heads,

self.head dim).transpose(1, 2)

pooled_context = self.context pool(hidden_states.transpose(1, 2)).squeeze(-1)

modulation_factors = self.mod_mlp(pooled context)

modulation_factors = modulation factors.view(batch_size, self.num_heads, 1, 1)

raw_scores = torch.matmul(q, k.transpose(-2, -1)) / (self.head _dim ** 0.5)

modulated scores = raw_scores * torch.sigmoid(modulation_factors)

attn_weights = F.softmax(modulated scores, dim=-1)

output = torch.matmul(attn_weights, v)

output = output.transpose(l, 2).contiguous().view(batch_size, seq_length,
self.embed dim)

return output
3.3 Integration Modalities and Fusion Techniques
The integration of visual and textual modalities within the proposed framework requires careful
consideration of alignment and fusion techniques. While the context-aware modulation
provides a dynamic mechanism for weighting relationships, the underlying representations
must be inherently compatible for the modulation to be effective. To achieve this, we employ
a preliminary cross-modal alignment phase during the initial embedding stage. Visual tokens
extracted from the resampler and textual tokens generated by the subword embedder are passed
through independent, modality-specific normalization layers to ensure that their activation
variances are on a similar scale. Following this, positional encodings are injected. For the text
tokens, standard one-dimensional absolute positional encodings are used. For the visual tokens,
we utilize two-dimensional learned positional encodings that preserve the spatial layout of the
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original image patches. Furthermore, we introduce an indicator embedding that explicitly
signals to the transformer whether a given token originates from the visual or textual stream
[36]. The actual fusion of these modalities occurs progressively throughout the depth of the
transformer network. In the lower layers, the attention patterns tend to be highly localized, with
visual tokens primarily attending to other visual tokens within the same image, and textual
tokens attending to local syntactic structures. As the representations propagate through the
intermediate layers, the context-aware modulation begins to play a more prominent role,
facilitating complex cross-modal interactions. By the time the representations reach the upper
layers of the network, the distinction between visual and textual tokens becomes highly
abstracted, resulting in a deeply fused, task-specific multimodal representation. This
progressive fusion strategy, guided by dynamic modulation, ensures that the model does not
force premature alignment at the lower levels, which could lead to the loss of fine-grained
modality-specific details, but instead encourages a gradual semantic convergence.
4. Results and Discussion
4.1 Experimental Setup and Datasets
To rigorously evaluate the efficacy of the proposed context-aware attention modulation
framework, we conducted an extensive series of experiments across a diverse array of
multimodal in-context learning benchmarks. The evaluation suite was specifically chosen to
test different aspects of multimodal reasoning, ranging from simple perception to complex
logical inference. We utilized three primary datasets. The first is a standard visual question
answering benchmark, which requires the model to answer natural language questions about a
single image. The second dataset focuses on multimodal relational reasoning, presenting the
model with multiple images and requiring it to identify abstract patterns or differences between
them. The third dataset evaluates the model in a true interleaved setting, where the prompt
consists of a long dialogue intertwined with supporting images, and the model must generate
the next appropriate text response.

Table 1: Key Characteristics of Evaluated Multimodal Datasets

Dataset Name Primary Task Type |Average Images per|/Average Text Tokens
Prompt per Prompt
VisualQA Standard  [Single Image|1.0 45.2
Answering
Relational Reasoning [Image Comparison 3.5 112.8
Interleaved Dialogue |Contextual Generation |5.2 845.6

The model was initialized with pre-trained weights from a highly capable open-source text
generation model, while the visual encoder was initialized from a contrastively trained vision-
language model. The context-aware modulation parameters were initialized randomly. During
the evaluation phase, we tested the model under various shot settings, providing zero, two, four,
and eight in-context examples to observe how the modulation mechanism scales with increased
contextual information. All baseline models, which utilize standard self-attention mechanisms,
were evaluated under identical conditions to ensure a fair comparison. The primary evaluation
metrics were exact match accuracy for the specific question answering tasks and human-
evaluated relevance scores for the open-ended dialogue generation.

4.2 Performance Analysis

The empirical results demonstrate a clear and consistent advantage for the proposed context-
aware attention modulation framework across all evaluated datasets. In the zero-shot setting,
where no in-context examples are provided, the performance of our model is largely
comparable to the standard attention baselines. This is expected, as the context vector in a zero-
shot scenario lacks the necessary demonstration data to formulate a strong overarching task
representation, resulting in modulation factors that remain relatively neutral. However, as the
number of in-context examples increases, the performance divergence between our proposed
model and the baselines becomes highly significant.
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Table 2: Performance Comparison across Benchmarks (Accuracy %)
Model Architecture [VisualQA (4-shot)  |Relational (4-shot) [Dialogue (4-shot)

Standard Baseline 64.2 51.8 48.5
Early Fusion Baseline [65.8 53.2 50.1
Context-Aware Mod. (71.4 62.7 59.3

In the four-shot and eight-shot settings, the context-aware modulation allows the model to
rapidly adapt to the specific nuances of the task. For instance, on the relational reasoning
dataset, which heavily relies on cross-image comparison, the baseline models struggle with
catastrophic distraction, often attending to irrelevant background features present in the
multiple images. Our model, conversely, exhibits a sharp increase in accuracy. Analysis of the
internal state reveals that the modulation mechanism successfully identifies that the task
requires spatial comparison and consequently upregulates the attention weights between
corresponding spatial regions across different images, while strongly suppressing the attention
allocated to the text tokens that simply format the prompt. This dynamic routing capability
proves to be the decisive factor in handling dense, multi-image contexts where standard models
fail. The improvements are similarly pronounced in the interleaved dialogue task, where the
model maintains a coherent conversational state by dynamically shifting its attention between
the historical text context and the newly introduced visual elements.

4.3 Ablation Studies and Attention Interpretability

To isolate the specific contributions of the various components within our proposed framework,
we conducted a series of comprehensive ablation studies. First, we removed the multi-layer
perceptron from the modulation module, replacing it with a simple linear projection. This
modification resulted in a noticeable drop in performance on the more complex reasoning tasks,
indicating that the non-linear transformation is necessary to capture the complex relationships
between the global context vector and the required attention adjustments. Second, we
experimented with different pooling strategies for generating the context vector. Replacing the
attention-based pooling with simple average pooling across all tokens degraded the model
performance, particularly in prompts with a high ratio of formatting text to actual content. This
finding confirms that the model benefits significantly from being able to selectively weigh the
importance of tokens when constructing the global task representation. Furthermore, we
investigated the interpretability of the learned modulation factors. By extracting and visualizing
the modulation matrices during inference, we were able to map how the model alters its internal
routing based on the provided prompt. When presented with a task requiring optical character
recognition within an image, the modulation factors for the attention heads specifically
responsible for high-frequency spatial details were massively amplified, while heads tuned for
global color or semantic properties were suppressed. Conversely, when the task shifted to
aesthetic evaluation, the modulation pattern inverted. This provides strong evidence that the
context-aware attention modulation not only improves raw performance metrics but also
enhances the transparency of the model, allowing researchers to observe and verify the specific
cognitive strategies the model employs to solve multimodal challenges. The ability to inspect
these dynamic routing choices represents a significant step forward in building trustworthy and
predictable foundation models.

S. Conclusion

5.1 Summary of Contributions

This paper has presented a comprehensive investigation into the challenges of multimodal in-
context learning and introduced a novel architectural solution in the form of context-aware
attention modulation. We have demonstrated that standard attention mechanisms, while highly
effective for homogeneous text processing, lack the dynamic adaptability required to optimally
process interleaved sequences of visual and textual data. By introducing a parallel modulation
stream that computes a global task representation and scales the attention logits accordingly,
our framework empowers the model to actively amplify task-critical cross-modal alignments
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while suppressing irrelevant noise. Through rigorous empirical evaluation across multiple
diverse benchmarks, we established that this approach yields significant improvements in both
accuracy and robustness, particularly as the complexity and length of the in-context prompt
increase. Furthermore, the detailed ablation studies and interpretability analysis confirmed the
theoretical soundness of the proposed architecture, highlighting the specific mechanisms
through which the dynamic modulation enhances the cognitive routing of the transformer
network.
5.2 Future Research Directions
While the results presented in this study mark a substantial advancement in the field of
multimodal foundation models, several exciting avenues for future research remain open. First,
the current context-aware modulation mechanism operates at the granularity of individual
attention heads. Future work could explore more fine-grained modulation strategies, potentially
scaling attention at the individual feature dimension level, though this would require careful
management of the computational overhead. Second, the framework could be extended to
encompass additional modalities beyond vision and text, such as audio, tactile sensor data, or
continuous control signals for robotic applications. Investigating how the modulation
mechanism handles the competing demands of three or more highly disparate modalities
presents a complex but highly rewarding challenge. Finally, exploring the intersection of
context-aware modulation with highly efficient sparse attention patterns could lead to the
development of models capable of processing essentially infinite context windows, thereby
unlocking entirely new paradigms of sustained, long-term multimodal interaction. The
continuous refinement of these dynamic routing mechanisms will be crucial as artificial
intelligence systems are increasingly deployed in complex, unconstrained real-world
environments.
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