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ABSTRACT: Multimodal AI systems often suffer from “over-informing”, where excessive raw visual input introduces
noise that distracts from task-relevant decisions. Motivated by selective human attention strategies, we propose ARS-
MMT (Attention and Reasoning through Source Sentences for Multimodal Machine Translation), an architecture
that operationalizes a “look-and-think” pipeline: a source-language encoder first builds contextualized linguistic
representations, a relation reasoning network then produces a query-conditioned visual channel, and a multimodal
decoder generates the translation conditioned in parallel on the encoded text and on this visual channel. We quantify
the contribution of the visual modality through a controlled ablation: zeroing visual features reduces BLEU by 0.81
on test_2016_flickr En-De, while shuffling visual features across the batch changes BLEU by only +0.01, indicating
that the channel responds primarily to the presence of visual context rather than to its image-specific content. We
additionally add a contemporary 7B-parameter vision–language baseline (LLaVA-1.5) and show that our compact 4.3M-
parameter specialized model is competitive in-domain. To address the open question of whether per-region visual
attention constitutes a faithful explanation in the multimodal-translation setting, we conduct a deletion/insertion AUC
analysis and report a null result consistent with prior findings on text attention. We therefore characterize ARS-MMT
as an architecture whose modality-level visual contribution is measurable but whose per-region attention is not by itself
a faithful explanation; faithful per-region attribution is identified as a target for complementary explanation methods.
We discuss implications for efficient and inspectable multimodal systems in engineering deployment.

KEYWORDS: Explainable AI; multimodal machine translation; selective visual grounding; attention faithfulness;
modality ablation; vision–language models

1 Introduction

1.1 The Problem of Over-Informing in Multimodal AI
The proliferation of multimodal AI systems, from visual question answering to image-assisted trans-

lation, has been driven by a seemingly intuitive assumption: more information leads to better decisions.
Contemporary multimodal architectures typically employ global feature fusion, concatenating or attending
over entire image representations alongside textual inputs [1]. This “more is better” paradigm has intensified
with the emergence of large vision-language models such as LLaVA [2], ChatGPT, and Gemini, which
process images holistically through powerful vision encoders before integrating them with language models.
However, this paradigm overlooks a long-standing problem in Human-Computer Interaction research:
information overload.
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In multimodal machine translation (MMT), the task of translating text with the aid of accompanying
images, this problem manifests acutely. An image depicting “a person sitting by a bank” contains vastly more
information than the caption describes, including trees, sky, water ripples, distant buildings, and countless
other visual elements. When translation systems indiscriminately incorporate all available visual features,
irrelevant context becomes noise that can actively harm performance [3]. Recent comprehensive surveys
confirm that this remains a persistent challenge: Shen et al. [4] reviewed 99 MMT studies and identified
visual noise filtering as a key unresolved problem, while Nam and Jang [5] highlighted the gap between raw
multimodal fusion and meaningful cross-modal understanding.

A second concern, particularly relevant for engineering deployment, is inspectability. Practitioners need
to be able to characterize when and how a multimodal model uses each modality so that the model can be
debugged, certified, or selectively replaced. Globally-fused vision-language models such as LLaVA-1.5 [6]
and ViP-LLaVA [7] are highly capable but provide limited control over which visual signal influences the
output, motivating compact architectures with explicit selective channels.

We term the underlying phenomenon over-informing, defined as the counterproductive provision of
excessive auxiliary information that obscures decision rationale and limits efficient deployment. Just as
research on information overload has long argued that systems should surface only the information a task
requires rather than everything available [8], we argue that multimodal AI architectures must learn to filter
rather than merely fuse.

1.2 Selective Attention as Design Inspiration
Decades of research in cognitive psychology have established that human attention is fundamentally

selective and task-driven [9,10]. When reading text accompanied by images, humans employ what we
characterize as a “look-and-think” strategy: they first process linguistic content, identify points of ambiguity
or uncertainty, and only then consult visual context to resolve specific questions.

Consider encountering the sentence “She sat by the bank, watching the water flow.” A proficient reader
immediately recognizes the lexical ambiguity of “bank,” which could denote a financial institution or a
riverbank, and performs a targeted visual query: “Is there water? Is there a building?” This selectivity is
cognitively efficient, avoiding the processing overhead of irrelevant visual features while precisely targeting
information needed for disambiguation.

This pattern of selectivity contrasts with current multimodal AI approaches, which typically encode the
entire image into a fixed representation before any linguistic processing occurs. We use the human “look-
and-think” strategy as motivation for an architectural choice: rather than mix textual and visual features
through global fusion, we route visual information through a query-conditioned channel built on top of a
linguistic-side encoder. We characterize what this design actually delivers empirically: a small, inspectable
model whose visual modality contribution is measurable at the modality level (Section 5.4). We do not, in
this paper, claim that the resulting per-region attention performs human-like region-level selection; whether
it does is an empirical question that we evaluate quantitatively and answer negatively in Section 5.6.

1.3 Contributions
This work makes three primary contributions:

1. Architectural design: We propose ARS-MMT, a compact (4.3M parameter) MMT architecture that
operationalizes a “look-and-think” pipeline through a relation reasoning network. Visual information
is routed through a query-conditioned channel rather than mixed with text through global fusion; we
treat this routing as the structural property of the architecture and evaluate the per-region selectivity of
the resulting attention as a separate empirical claim (Contribution 3).
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2. Quantitative modality analysis: We provide a controlled ablation that quantifies the contribution of the
visual modality to translation performance (zeroing visual features costs 0.81 BLEU on test_2016_flickr
En-De, while shuffling visual features changes BLEU by only +0.01). We further compare against
a contemporary 7B-parameter vision-language model (LLaVA-1.5), demonstrating that our compact
specialized architecture is competitive in-domain despite a three-orders-of-magnitude parameter gap.

3. Faithfulness measurement and reframing: We explicitly evaluate whether the per-region visual atten-
tion produced by the reasoning network constitutes a faithful explanation, using the deletion/insertion
AUC protocol of Petsiuk et al. [11] and DeYoung et al. [12]. The result is a null finding consistent with Jain
and Wallace’s [13] observations on text attention. We therefore characterize ARS-MMT’s selectivity as
an architectural property whose modality-level effect is quantified, while making it explicit that faithful
per-region attribution requires complementary methods we identify as future work.

2 Related Work

2.1 Multimodal Machine Translation and the Fusion Paradigm
Multimodal machine translation has attracted substantial research attention since the introduction of

the Multi30k dataset [14], which pairs images with multilingual captions. Early approaches explored various
fusion strategies: initializing decoder states with image features [15], applying visual attention in parallel with
textual attention [16], and concatenating image representations with source embeddings [17].

More recent work has employed transformer architectures with dedicated visual attention layers [18,19],
enabling finer-grained integration of visual and textual information. Grönroos et al. [20] demonstrated that
incorporating image features from pretrained convolutional networks could improve translation quality, par-
ticularly for ambiguous or underspecified source sentences. The field has since evolved rapidly: Shen et al. [4]
provide a comprehensive taxonomy of 99 MMT approaches, categorizing methods by their visual encoding
strategies, fusion mechanisms, and evaluation protocols. Nam and Jang [5] further survey bidirectional
image-text translation, identifying persistent challenges in semantic alignment across modalities.

The emergence of large vision-language models has fundamentally transformed the landscape.
LLaVA [2] demonstrated that connecting CLIP [21] visual encoders with large language models through sim-
ple projection layers could achieve remarkable multimodal understanding. Subsequent iterations, including
LLaVA-1.5 [6] with its MLP vision-language connector and LLaVA-OneVision [22] with enhanced resolution
handling, have pushed performance boundaries further. ViP-LLaVA [7] introduced visual prompting,
enabling region-level understanding through overlaid visual markers. These models represent significant
advances in multimodal capability, yet they share a common characteristic: visual information is encoded
globally, without explicit, modular mechanisms for selective task-driven attention.

A critical examination of this literature reveals an implicit assumption: that maximal utilization of visual
information is inherently desirable. Yao and Wan [23] provided early evidence challenging this assumption,
showing that indiscriminate visual attention can introduce noise. Caglayan et al. [3] further demonstrated
through “incongruent decoding” experiments that many MMT models largely ignore visual input, suggesting
that current fusion approaches fail to meaningfully integrate modalities. We depart from this paradigm by
proposing that the goal should not be maximal fusion but optimal selection.

2.2 Selective Attention in Human Cognition
The concept of selective attention has been central to cognitive psychology since Broadbent’s filter

theory [24] and Treisman’s attenuation model [25]. Contemporary understanding recognizes attention as
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a mechanism for managing limited cognitive resources by prioritizing task-relevant information while
suppressing distractors [26].

Of particular relevance to multimodal processing is research on visual attention during reading.
Rayner [27] established that eye movements during reading are highly strategic, with fixations guided by
linguistic processing demands. When readers encounter difficult or ambiguous passages, they exhibit longer
fixations and more regressive eye movements, behavioral signatures of increased cognitive processing.

Studies of text-image integration reveal similar selectivity. Hegarty and Just [28] demonstrated that
readers consult diagrams only when text comprehension requires spatial information, while Henderson and
Ferreira [29] showed that visual attention during scene viewing is heavily influenced by current task goals.
Yarbus’s [9] classic studies demonstrated dramatically different scan patterns for the same image depending
on the viewer’s question, providing a direct demonstration that visual attention is query-driven.

These findings motivate our architectural design: a system that first processes text, identifies informa-
tional gaps, and then performs targeted visual queries. We treat this human-cognitive analogy as design
motivation; we do not claim that the resulting model exhibits human-like behavior, which would require
behavioral validation we leave for future work.

2.3 Explainable AI, Visual Grounding, and the Faithfulness of Attention
The field of Explainable AI (XAI) increasingly recognizes the importance of interpretability for

human-AI collaboration [30]. In multimodal contexts, visual grounding—linking textual elements to image
regions—offers a natural form of explanation [31].

Attention mechanisms have been widely proposed as explanation tools, with visualization of attention
weights providing insight into model focus [32]. However, this proposal has been the subject of extensive
debate. Jain and Wallace [13] cautioned that attention weights in text classifiers do not always faithfully
reflect feature importance for predictions, particularly when many alternative weight assignments would
yield the same prediction. Wiegreffe and Pinter [33] qualified this critique, arguing that attention can serve
as one of several possible explanations under specific evaluation protocols. Bibal et al. [34] and Madsen
et al. [35] subsequently distinguish between faithfulness (does the explanation reflect what the model
does) and plausibility (is the explanation human-acceptable), and survey perturbation-based protocols
(e.g., deletion/insertion AUC [11], ERASER [12], diagnostic studies [36]) that test faithfulness directly.
El Amrani [37] provides a complementary survey for vision transformers.

A common defensive position in earlier MMT work has been that architecturally-integrated attention
mechanisms ought to be more faithful than peripheral or post-hoc attention. We do not take this position
by assumption. Instead, in Section 5.6 we test it empirically using deletion/insertion AUC over the relation
reasoning network’s per-region attention, finding a null result. We therefore distinguish two separable
claims about ARS-MMT throughout the remainder of the paper: (i) the architecture imposes selectivity
as a structural prior whose modality-level effect we measure, and (ii) the per-region attention pattern
is a candidate explanation method whose faithfulness we evaluate rather than assume. This distinction
aligns with Rudin’s [38] advocacy for inherently interpretable models while remaining honest about which
interpretability claims our experiments support.

3 Selective Visual Grounding Framework

3.1 Design Rationale: The “Look-and-Think” Pipeline
Our architectural design operationalizes a three-stage pipeline that we term “look-and-think” process-

ing (Fig. 1):
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1. Stage 1: Linguistic Comprehension. The model first processes the source sentence through a trans-
former encoder, building contextualized representations that capture semantic relationships among
words. This stage proceeds without visual input.

2. Stage 2: Selective Visual Query. The relation reasoning network receives both the encoded textual rep-
resentations and image features. Using the linguistic representations as queries, the network computes
relevance scores between each token and each spatial region of the image, producing a refined visual
context that is conditioned on the source sentence.

3. Stage 3: Grounded Generation. The multimodal decoder generates the target translation using both the
original textual representations and the conditioned visual context as separate, parallel cross-attention
memories. By design, visual information enters the generation process only through this conditioned
channel, enforcing the selectivity prior of the architecture.

The design principle can be summarized as: “Do not present the model with the entire visual input by
default; route visual information through a query-conditioned channel”.

Figure 1: Architecture of ARS-MMT implementing the “look-and-think” pipeline.

3.2 Architecture Details
3.2.1 Textual Encoder

We employ a standard transformer encoder [32] with N layers of multi-head self-attention and position-
wise feed-forward networks. Given a source sentence X = {x1 , x2, . . . , xL}, the encoder produces hidden
representations H = {h1 , h2, . . . , hL}, where each hi ∈ Rd encodes the i-th token in context.

3.2.2 Visual Feature Extraction
Images are processed through a pretrained ResNet-152 [39] to extract spatial feature maps from the

conv5 layer, yielding V ∈ RC×H×W where C = 2048, H =W = 7. We apply a learned 1 × 1 convolution to
reduce channel dimensionality to match the model dimension d, producing V ′ ∈ Rd×49. Each of the 49 spatial
positions can be interpreted as a candidate visual region that may be queried.
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3.2.3 Relation Reasoning Network
The core of our selective grounding mechanism (Fig. 2) is a multi-layer relation reasoning network

inspired by Santoro et al. [40]. For each layer k, the network computes:

r(k)
i =

49
∑
j=1

α(k)
i j ⋅ fθ(h(k−1)

i , v j) (1)

where αi j represents the attention weight from token i to visual region j, computed via scaled dot-product
attention:

α(k)
i j = softmax j

⎛
⎝
(WQ h(k−1)

i )⊺(WKv j)√
d

⎞
⎠

(2)

Figure 2: Selective visual query mechanism.

The function fθ is a small parametric relation function; in the default configuration we instantiate
it as a 1 × 1 convolution over the joint linguistic–visual representation, with alternative MLP and 3 × 3
convolution variants evaluated in Section 5.3. The network is stacked for K layers, progressively refining
the conditioned visual context. Ablation studies (Section 5.3) show that depth K = 4 is preferred under our
hyperparameter setting.

We adopt learned attention weights αi j rather than uniform aggregation. This is the architectural
mechanism by which the channel becomes query-conditioned; whether the resulting attention pattern
is also per-region selective (and faithful) is a separate empirical question that we evaluate quantitatively
in Section 5.6.

3.2.4 Multimodal Decoder
The decoder follows a transformer architecture in which each layer applies masked self-attention over

the target prefix, followed by two parallel cross-attentions—one over the textual encoder output and one
over the conditioned visual context produced by the reasoning network. The two cross-attention outputs are
summed before the feed-forward sublayer, giving the decoder a direct pathway to both modalities at every
generation step.
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4 Qualitative Examples
We present two illustrative translations (Table 1) to give the reader a concrete picture of the model’s

output. These examples are illustrative of the type of translations the model produces; quantitative claims
about the contribution of the visual modality and the faithfulness of the attention channel are reserved
for Section 5. In particular, we deliberately do not include per-layer attention heatmap galleries here: as
reported in Section 5.6, the per-region attention weights are not a faithful explanation of model predictions
in the deletion/insertion sense, and we judge that displaying additional attention visualizations would be
misleading given that quantitative result.

Table 1: Qualitative examples of model translations for two Multi30k source captions, together with the corresponding
source image. Bold marks the key source phrase; underlined marks the German lexical choice that differs across models.

Source Image Translations

src: people are admiring a work of art.
gold: leute bewundern ein kunstwerk.

text: mehrere personen bewundern eine arbeit.
ARS-MMT: menschen bewundern ein kunstwerk.

src: two people are spending good time in their boat.
gold: zwei personen vergnügen sich auf ihrem boot.
text: zwei personen beschäftigt sich in ihrem boot.

ARS-MMT: zwei personen spüren Spaß in ihrem boot.

4.1 Case 1: “A Work of Art”
The phrase “a work of art” is lexically ambiguous: “work” could correspond to “Arbeit” (labor) or

“Kunstwerk” (artwork). The accompanying image shows people viewing ornate decorative installations in
an outdoor setting. ARS-MMT produces “ein Kunstwerk,” whereas the text-only baseline produces “eine
Arbeit.” We report this case as illustrative of the type of output the multimodal architecture produces;
whether the corresponding attention pattern is the causal driver of the translation choice is the subject of the
deletion/insertion analysis in Section 5.6, which finds no causal evidence at the per-region level.
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4.2 Case 2: “Spending Good Time”
The source phrase “spending good time” is idiomatic and may be rendered in German as “Zeit

verbringen” (spending time, literal), “vergnügen” (enjoying), or other paraphrases. The image shows two
people in a small boat appearing relaxed. The text-only baseline produces “beschäftigt sich” (occupies
themselves), missing the positive connotation. ARS-MMT produces “spüren Spaß” (literally “feel fun”),
which captures the positive connotation but is not idiomatic German—a German speaker would more
naturally write “vergnügen sich” as in the reference. We retain this example because the fluency limitation it
illustrates is itself informative: visual integration in this case nudges the model away from a clear semantic
error (“beschäftigt sich”) toward a positively-connoted but linguistically awkward construction, rather than
toward a fully idiomatic translation. As in Case 1, this is presented as an illustrative output rather than as
proof of faithful selective grounding; the quantitative evidence for visual integration is in Section 5.4.

5 Evaluation
Our evaluation has four components. We first confirm that ARS-MMT achieves competitive translation

quality (Section 5.2) and validate the architectural design choices through ablation studies (Section 5.3).
We then add three analyses requested during peer review: a controlled ablation that quantifies the con-
tribution of the visual modality (Section 5.4); a comparison against a contemporary large vision–language
model (Section 5.5); and a deletion/insertion AUC analysis that evaluates whether the per-region attention
constitutes a faithful explanation (Section 5.6). Section 5.7 reports the computational profile of the model.

5.1 Experimental Setup
5.1.1 Datasets

We evaluate on the Multi30k dataset [14], the standard benchmark for multimodal machine translation.
The dataset contains approximately 31,000 images, each with English captions and professional translations
in German and French. We use the standard splits: 29,000 training pairs, 1014 validation pairs, and 1000 test
pairs. Additionally, we evaluate on the ambiguous COCO test set [41], specifically designed to contain
captions with higher linguistic ambiguity. This out-of-domain evaluation tests whether the visual modality
provides additional benefit when disambiguation is most needed.

5.1.2 Baselines
We compare against three baseline models: a text-only Transformer [32] that uses a standard trans-

former architecture without any visual input, MeMAD [20] which integrates global visual features, and
Parallel Attention [19] which employs parallel textual and visual attention streams in the decoder. All models
use identical hyperparameters for fair comparison, consisting of 3 encoder/decoder layers, 4 attention heads,
a model dimension of 128, and a feed-forward dimension of 512 (the complete hyperparameter configuration
is given in Appendix A). In Section 5.5 we additionally include a zero-shot LLaVA-1.5-7B [6] baseline that
uses a much larger general-purpose vision–language model without task-specific fine-tuning, for context
against the contemporary VLM regime.

5.1.3 Metrics
We report BLEU [42] and METEOR [43] scores, standard metrics for translation quality.
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5.2 Translation Performance
Table 2 presents translation quality results. On the Multi30k in-domain test set, ARS-MMT achieves

38.76 BLEU and 56.8 METEOR for English–German, representing improvements of approximately 0.4 BLEU
and 0.4 METEOR over the strongest non-ARS baseline. Similar patterns are observed for English–French.

Table 2: Translation performance comparison across datasets. Multi30k serves as in-domain data and COCO as out-
of-domain data. Best results among the small baseline models are in bold. LLaVA-1.5-7B is reported zero-shot at
substantially larger parameter scale and is included for context only (not directly comparable). Statistical significance
against ARS-MMT: ∗p < 0.01, ∗∗p < 0.001.

Dataset Model BLEU METEOR

Multi30k (En-De)

Unimodal [32] 38.11** 56.2*
MeMAD [20] 38.32** 56.2**
Parallel [19] 38.16** 56.4*
ARS-MMT 38.76 56.8

LLaVA-1.5-7B (zero-shot, ∼7B params) 28.51 52.19

Multi30k (En-Fr)

Text-only [32] 58.32** 73.3*
MeMAD [20] 58.29** 73.2*
Parallel [19] 58.11** 73.1**
ARS-MMT 58.72 73.6

LLaVA-1.5-7B (zero-shot, ∼7B params) 38.30 62.58

COCO (En-De)

Text-only [32] 26.36** 45.6**
MeMAD [20] 25.95** 45.4**
Parallel [19] 26.25** 45.5**
ARS-MMT 27.25 46.4

LLaVA-1.5-7B (zero-shot, ∼7B params) 21.08 40.21

COCO (En-Fr)

Text-only [32] 40.81* 60.7*
MeMAD [20] 40.63** 60.5**
Parallel [19] 40.87* 60.5**
ARS-MMT 41.35 61.2

LLaVA-1.5-7B (zero-shot, ∼7B params) 35.61 57.45

Improvements on the ambiguous COCO dataset are proportionally larger: approximately 0.9 BLEU and
0.8 METEOR gains for English–German, compared to 0.4 on Multi30k. This pattern is consistent with the
visual modality providing greater benefit when disambiguation is more frequently needed; we do not, in
this paper, attribute the gain to per-region selectivity (Section 5.4 indicates the channel acts primarily as a
modality-level anchor).

The gains over the strongest baselines are modest in absolute terms, which we acknowledge directly: the
contribution of this work is not a maximal BLEU figure but a small, inspectable architecture with quantified
modality contribution (Section 5.4), competitive comparison against contemporary large VLMs at three
orders of magnitude smaller parameter count (Section 5.5), and an explicit faithfulness measurement of its
attention channel (Section 5.6).
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5.3 Ablation Studies
We conducted ablation studies to validate key design decisions (Table 3).

(1) Weighted vs. unweighted attention. Replacing learned attention weights with uniform weighting
reduces performance, supporting the use of learned selectivity over uniform visual integration as the
architectural prior.

(2) Hidden states vs. embeddings. Using contextualized hidden states as the linguistic input to the
reasoning network outperforms using raw source embeddings.

(3) Reasoning depth. Single-layer reasoning networks perform poorly; performance peaks at four layers
and degrades thereafter.

(4) Relation function fθ . Among the variants we tested (1 × 1 convolution, 3 × 3 convolution, MLP, and no
fθ ), the default 1 × 1 convolution gave the best in-domain BLEU.

Table 3: Ablation study results on Multi30k (En-De) test set. Studies examine textual representation (top), relation
function fθ (middle), and reasoning network depth (bottom). Scores are averaged over five runs except for our proposed
model. Bold indicates the best score in each column.

Model BLEU METEOR
Textual representation

Unweighted (w/o Attn.) 38.37 56.4
Source embedding 38.44 56.6

Relation function fθ
None 38.08 56.1

Conv (3 kernel) 38.21 56.2
MLP 38.32 56.5

Layer depth
1 layer 38.05 56.1

2 layers 38.34 56.4
3 layers 38.46 56.5

4 layers (Ours) 38.76 56.8
5 layers 38.43 56.6
6 layers 38.68 56.6

5.4 Visual Modality Ablation
To quantify the contribution of the visual modality at inference time, we evaluate the trained model on

test_2016_flickr En-De under three conditions:

• Original: real ResNet-152 conv5 features.
• Zeroed: all visual features set to zero (visual pathway off).
• Shuffled: each sentence paired with a randomly chosen other image’s features (visual present but

uncorrelated with the source text).

Compared with the Original condition, Zeroing reduces BLEU by 0.81 while Shuffling changes BLEU
by only +0.01 on test_2016_flickr En-De. The negative impact of zeroing confirms that the visual modality is
integrated, and the negligible effect of shuffling indicates that the integration channel responds primarily to
the presence of visual context rather than to which specific image is provided. We interpret this as evidence
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that the architectural visual pathway acts predominantly as a modality-level anchor in this domain, consistent
with the modest but systematic visual gains reported in Table 2 and elsewhere in the MMT literature [3].

5.5 Comparison against a Contemporary Vision–Language Model
We added a contemporary vision–language baseline to contextualize ARS-MMT against the recent

VLM regime. We use LLaVA-1.5-7B [6] in zero-shot mode with the instruction template “Translate the
following English caption to <target>. Use the image only to disambiguate. Output only the translation.” Results
are included as additional rows in Table 2.

Despite having approximately three orders of magnitude more parameters, LLaVA-1.5-7B reaches 28.51
BLEU on test_2016_flickr En-De, below ARS-MMT’s 38.76; on the out-of-domain ambiguous COCO
English–German test set, LLaVA-1.5-7B reaches 21.08 BLEU, below ARS-MMT’s 27.25. For English–French,
LLaVA-1.5-7B reaches 38.30/35.61 BLEU on Multi30k/COCO, below ARS-MMT’s 58.72/41.35. We note
explicitly that this comparison is not fair in the conventional sense: LLaVA was not fine-tuned for Multi30k
and operates with a very different training corpus and modality. We include it because the engineering
question raised during peer review is whether large general-purpose VLMs render compact specialized
MMT architectures obsolete. On these tasks, the answer in our experiments is no: a 4.3M-parameter
architecture with an explicit query-conditioned visual channel remains a strong choice for the domain in
which it is trained.

5.6 Attention Faithfulness Analysis
To evaluate whether the per-region visual attention produced by the reasoning network is a faithful

explanation of model predictions, we apply the deletion/insertion AUC protocol [11,12] adapted to MMT.
Protocol. For each of 200 sentences sampled from test_2016_flickr, we compute the per-region attention

score from the final reasoning-network layer (mean over heads) and rank the 49 spatial regions by this
score in descending order. The DELETION curve plots BLEU as we progressively zero the top-k regions,
k = 0, 4, 8, . . . , 49; the INSERTION curve plots BLEU as we progressively reintroduce the top-k regions
starting from an all-zero visual map. We compute the area under each curve. As a control, we repeat the
procedure using a random permutation of region indices.

Result. The deletion AUC is 28.58 with attention-based ordering vs. 28.43 with random ordering
(Δ = +0.15). The insertion AUC is 28.57 with attention-based ordering vs. 28.61 with random ordering
(Δ = −0.04). The combined faithfulness score (sum of the two Δ values) is+0.11, statistically indistinguishable
from zero on this subset.

Interpretation. The raw per-region attention weights in the reasoning network do not predict which
visual regions drive the translation any better than a random ordering does. This null result is consistent
with Jain and Wallace [13] on text attention, and with the subsequent debate [33–35]. It does not contradict
the visual modality ablation of Section 5.4: the visual modality is empirically used by the model, but the
channel through which that usage is mediated is not faithfully captured by the raw attention weights
alone. We therefore characterize ARS-MMT’s selectivity as an architectural property whose modality-level
effect is quantified, and explicitly identify perturbation-based or gradient-based attribution methods as a
complementary direction for obtaining per-region faithful explanations (Section 6.3).

5.7 Computational Profile
We report the computational footprint of ARS-MMT for engineering deployment considerations. On

a single GPU, the trained model has 4.33M parameters distributed across the encoder (1.25M), the 1 × 1
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image projection (0.26M), the relation reasoning network (0.92M), and the multimodal decoder (1.89M).
One forward pass at batch size 32 and source length 20 consumes 3.43 GFLOPs. Beam-search decoding at
beam size 12 takes 52 ± 8 ms per sentence, with peak inference GPU memory of 2.2 GiB. The reasoning
network accounts for a 37.7% parameter overhead over an encoder–decoder of equivalent dimensionality. For
applications with strict efficiency constraints this overhead is moderate; for applications where modality-level
inspectability is required it is a controlled cost of the architectural prior.

6 Discussion

6.1 Selective Integration as an Engineering Design Principle
Routing visual information through an explicit, query-conditioned channel—rather than mixing visual

and textual features throughout the network via global fusion—has implications beyond machine translation.
In settings where multimodal AI is deployed under engineering constraints—compact on-device inference,
modular replacement of submodules, ability to audit which modality is influencing a decision—architectures
whose visual channel can be characterized through controlled ablation are easier to certify and debug than
monolithic globally-fused models. The visual modality ablation reported in Section 5.4 is a model-card-style
summary of how strongly the visual channel contributes to the output; analogous summaries are difficult to
produce for end-to-end vision–language models in which visual and textual features are mixed throughout
the network.

We see particular relevance in domains where text alone is sometimes insufficient but visual context
is not always available: technical documentation translation with accompanying diagrams, medical image
reporting where the textual report is the primary artifact, and industrial inspection where visual evidence
supplements a written log. In these settings, an architecture whose visual contribution is measurable and
whose visual pathway can be ablated for fallback operation may be more practical than a single large vision–
language model.

6.2 Trust, Inspection, and Human–AI Collaboration
Visualization of selective attention can support human inspection of model behavior even when those

visualizations are not faithful explanations in the formal sense. Trust calibration—the ability of users to know
when to rely on AI and when to override it—remains a critical challenge as AI capabilities advance [44,45],
with both behavioral and self-reported measures available for empirical assessment [46,47].

We are careful not to overclaim here. Section 5.6 demonstrates that the raw attention weights are not by
themselves a faithful explanation in the deletion/insertion sense, and the literature has shown that perceived
usefulness of attention visualizations depends on visualization design and user expertise [48]. We therefore
do not present per-token attention heatmaps as supporting evidence for any of the claims in this paper. Any
role of attention visualizations in human–AI collaborative use of ARS-MMT would need to be justified by
user studies that we have not conducted; we identify this as future work in Section 6.3.

6.3 Limitations and Future Directions
We identify several limitations that motivate concrete future work:
Faithful per-region attribution. As reported in Section 5.6, raw per-region attention is not a faithful

explanation of model predictions in the deletion/insertion sense. Faithful attribution for the visual side
of MMT likely requires perturbation-based methods such as RISE [11], gradient-based methods such as
integrated gradients [37], or rationale-based protocols such as ERASER [12] adapted to MMT. Systematically
comparing such methods on ARS-MMT and other MMT architectures is a natural next study.
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Validation of contextual entropy against external ambiguity measures. Validating the per-token
contextual entropy quantity against external ambiguity measures is non-trivial in the image-caption domain,
where automated surrogates such as WordNet polysemy counts do not directly correspond to translation-
context ambiguity, and bilingual human annotation across lexical, syntactic, and pragmatic ambiguity
categories requires expert resources beyond the scope of this study. We identify a controlled human-
annotation study, with annotators trained on a category schema and inter-annotator agreement reported, as
a meaningful next step.

Behavioral validation of the cognitive analogy. While the architecture is motivated by human
selective-attention strategies, we do not claim behavioral alignment with human attention. Comparing model
attention with eye-tracking data during translation, and evaluating whether attention visualizations actually
improve user trust calibration and error detection in collaborative translation workflows, requires human
studies we have not conducted. The methodologies developed by Chaspari et al. [46] and McGrath et al. [47]
could inform such studies.

Domain specificity. Our evaluation focuses on image-caption translation. Generalizability of selec-
tive integration benefits to other multimodal tasks (visual question answering, image-guided dialogue,
multimodal summarization) remains to be demonstrated.

Computational overhead. The relation reasoning network adds parameters and computation relative
to simpler fusion approaches (Section 5.7). For applications with strict efficiency constraints, architectural
optimization of the reasoning module is a potential direction.

7 Conclusions
This work reframes the problem of multimodal machine translation as the construction of a compact

architecture in which the visual modality is routed through an explicit, query-conditioned channel rather
than mixed with text through global fusion. We make three contributions: an architectural design that places
visual integration on a separate, conditioned channel; a controlled ablation that quantifies the contribution
of the visual modality to translation quality and finds that the channel operates primarily as a modality-level
anchor (responding to the presence of visual context rather than to image-specific content), together with a
comparison against a contemporary large vision–language model; and an attention-faithfulness analysis that
empirically tests, and ultimately rejects, the assumption that raw per-region attention is by itself a faithful
explanation of model decisions. The combined picture is one in which architectural channel separation is a
useful engineering property whose modality-level effect is measurable, while per-region faithful attribution
and per-region selectivity are identified as targets for complementary explanation methods. We expect this
pattern—measurable modality usage paired with explicit testing of attention faithfulness—to generalize
beyond machine translation to multimodal AI systems for which inspectability is a deployment requirement.
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Appendix A Hyperparameters

Table A1 shows hyperparameters of ARS-MMT.

Table A1: Hyperparameters of ARS-MMT.

Component Parameter Value

Transformer

Model dimension 128
Feed-forward dimension 512

Number of layers 3
Number of heads 4

Dropout 0.1
Label smoothing 0.1

Reasoning Network
Number of layers 4
Attention heads 4

Dropout 0.5

Training

Batch size 32
Optimizer Adam

Warmup steps 4000
Beam size 12
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