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ABSTRACT

The visualization community has invested substantially in deploy-
ing Vision-Language Models (VLMs) for visual analytics. How-
ever, the complementary question of how exactly do these models
reason about visualizations, and how do we know when they are
doing so correctly has received comparatively little rigorous atten-
tion. In this position paper, we argue that the interpretability meth-
ods currently applied to VLMs in the visualization domain inherit a
cascade of structural mismatches. Methods ported from computer
vision assume a crisp notion of objectness, spatial locality, and to a
large extent, context-independence that natural images possess but
data visualizations do not. Human gaze studies, often proposed as
ground truth to compare and contrast interpretability methods, carry
their own fragilities rooted in the reproducibility crisis in perception
research. Finally, and perhaps more importantly, VLMs themselves
are not vision models as their visual inputs merely serve as adaptors
into a language model’s (linguistic) representational space, funda-
mentally altering the notion of what “visual attention” means. To
probe these questions, we introduce a dual causal-chain account
of visualization comprehension, distinguishing the designer’s in-
tended reading path from the reader’s actual comprehension trace,
we propose a set of necessary conditions for valid interpretability
evaluation in this domain. We posit that the visualization commu-
nity is uniquely positioned to develop novel interpretability meth-
ods which can significantly impact both theoretical and empirical
advances in the broad field of visual analytics.

Index Terms: Vision-language models, interpretability, saliency,
referential chain, shortcut learning.

1 INTRODUCTION

There has been a recent surge in an enthusiastic integration of
large language and vision-language models into visualization re-
search and practice. Models are now applied to chart question
answering [28, 30, 19], automated chart captioning [39], visual-
ization design assistance [13, 18], and the broader visual analyt-
ics pipeline [23, 21]. Specialized architectures such as Chart-
Gemma [29] and ChartLlama [17] have been fine-tuned specifically
for visualization tasks, and many contributions leverage such mod-
els to produce new visualization tools and systems [45].

This momentum is indeed necessary as VLMs demonstrate im-
pressive capabilities and their integration into analytical workflows
holds genuine promise. However, given that deploying these mod-
els at scale in high-stakes analytical contexts, where a misread trend
or a confabulated value may have consequential downstream ef-
fects, we must perhaps also ask a harder question: do we under-
stand what these models are actually doing when they interpret a
visualization? We argue that the answer is, at present, no, and that
we currently lack the tools to rigorously answer this question. The
interpretability methods currently applied to VLMs in the visual-
ization domain are borrowed, from computer vision, from natural
language processing, and from human perception research. Each
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borrowing brings productive insights but also structural mismatches
that compound one another. The result is an interpretability appa-
ratus that can produce plausible-looking outputs while measuring
something importantly different from what we need to know.

This paper makes four contributions. First, we characterise the
specific ways in which data visualizations are semiotically distinct
from natural images, and why this distinction undermines the as-
sumptions of standard interpretability methods. Second, we in-
troduce a dual causal-chain account of visualization comprehen-
sion, specifically distinguishing the designer’s intended reading
path from the reader’s actual comprehension trace, and argue that
valid interpretability for VLMs must be able to diagnose the rela-
tionship between these two chains and the model’s actual behaviour.
Third, we discuss the broader landscape of interpretability critiques
across computer vision and NLP, situating our argument within this
wider discourse and identifying what is specifically novel about vi-
sualization in these contexts. Fourth, we derive a set of necessary
conditions for valid interpretability evaluation in this domain and
specify what a next-generation framework satisfying these condi-
tions would require.

Our aim in this paper is to emphasise that the visualization com-
munity possesses exactly the theoretical vocabulary, be it theo-
retical foundations of visual encodings [44, 31], process models
[7, 34], task taxonomies and typologies [1, 6], and empirical study
of human visual cognition for analytical tasks [9], that borrowed
interpretability methods are currently missing. Building these in-
terpretability methods can perhaps help us reflect the fundamental
explanatory causal pathways of both visualization design and com-
prehension, and help in significantly pushing both theoretical and
empirical advances in the field.

2 A CASCADE OF STRUCTURAL MISMATCHES

2.1 A Brief Background

The most widely adopted interpretability approach for vision mod-
els is saliency mapping, which attributes a model’s output to spatial
regions of the input image. Methods range from perturbation-based
approaches such as LIME [32] to to gradient-based techniques in-
cluding Grad-CAM [36] and its broad derivatives. Boggust et al. [4]
provide a systematic characterization of saliency methods across
a range of properties, that includes output type, model access re-
quirements, and human alignment, offering a framework for prin-
cipled method selection. Within the visualization domain, saliency
maps have a parallel tradition grounded in human gaze behaviour.
Eye-tracking studies have produced gaze-based saliency maps for
tasks including chart memorability [5] and question answering [41],
which have been used both to study human cognition and as a ref-
erence for evaluating model attention. Recent work has applied
gradient-based saliency methods directly to VLMs on visualization
tasks [14], and explored alignment between model saliency and hu-
man gaze [35].

These contributions represent genuine progress. But we argue
they inherit, and in some cases compound, a set of structural as-
sumptions that make them inadequate for the specific demands of
visualization interpretability. We develop this argument in the fol-
lowing section. A related but distinct line of work has pursued
concept-based explanation methods, including TCAV [22], network
dissection, and CLIP-based probing approaches, which attribute
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Figure 1: The dual causal chain account. Chain A (blue) represents the designer’s intended reading path, formalized as the referential chain
R(C,Q). Chain B (orange) represents the reader’s actual comprehension trace, which is iterative and involves re-fixation. The VLM trace (red)
follows neither chain faithfully: visual information is projected into a joint embedding space before reasoning occurs in the language backbone,
and parametric shortcuts (dashed arc) allow correct answers to be generated without traversing the referential chain at all. The four necessary
conditions (C1–C4) are annotated at the chain elements they govern.

model behaviour to human-interpretable semantic concepts rather
than pixel regions. These methods represent genuine progress over
pixel-saliency by operating in embedding rather than image space,
and some recent mechanistic interpretability work has begun prob-
ing the internal circuits of transformer models at a fine-grained level
[2]. While we acknowledge important work in this trajectory, these
methods, however, still lack the domain-specific vocabulary needed
to define what concepts are relevant for visualization reading. With-
out a formal ontology, of which the visualization field has many,
there is no principled basis for specifying which concepts should
be probed , what their relationships are, or what joint activation
patterns constitute correct visual grounding for a given visualisa-
tion task. In the following sections, we develop and expand on this
specific characterisation.

2.2 Visualizations are Not Natural Images
The most fundamental mismatch is between the semiotic structure
of data visualizations and the assumptions built into computer vi-
sion interpretability methods. Standard saliency approaches, in-
cluding the more popular Grad-CAM [37] and its variants, were
developed for natural images, where meaning resides in coherent
objects with spatial continuity, texture, and scale invariance. The
implicit notion of objectness, that important image regions corre-
spond to semantically coherent, spatially compact entities, under-
lies how these methods define and evaluate salience.

Data visualizations violate these assumptions systematically. To
see why, it helps to make the formal structure of visualization ex-
plicit. Wilkinson’s grammar of graphics [43], for instance, de-
scribes a visualization as a compositional pipeline:

DATA
TRANS−−−−→ STAT

SCALE−−−−→ COORD
ELEMENT−−−−−−→ MARK+GUIDE

where TRANS applies statistical transformations (aggregation, bin-
ning), SCALE maps data values to visual ranges, COORD estab-
lishes the coordinate system, ELEMENT specifies the mark geom-
etry, and GUIDE provides axes, legends, and labels, the inverse-
mapping infrastructure that makes values recoverable from marks.
Other foundational work into visualisation specifies that each en-
coding channel (position, size, colour hue, shape, orientation) has
distinct perceptual properties such as position is quantitative and
selective, hue is categorical and associative [3, 26, 33]. These prop-
erties determine what data relationships each channel can faithfully
represent.

On the other hand, reading a visualization means traversing this
pipeline in reverse, that is, from perceived mark, through its encod-
ing channel and scale, via the guide infrastructure, back to a data
value. We define the referential chain R(C,Q) for chart type C and
question type Q as the minimal ordered set of ⟨mark, channel, scale,
guide⟩ tuples that must be jointly processed to correctly answer Q
from C. To make this concrete: for a bar chart value retrieval ques-
tion, the grammar yields:

R(bar,value)= ⟨target bar
height∈positiony−−−−−−−−−→ y-scale inverse−−−−→ y-axis tick⟩

The target bar encodes a value via the position retinal variable, the
y-scale maps pixel height to data range, the y-axis tick labels the
inverse. All three elements must be jointly attended to, that is, (and
we emphasise here that attending to the bar alone recovers nothing),
again attending to the axis alone is uninformative without the bar.
This joint necessity is what referential completeness means, and it is
a property that pixel-overlap metrics such as mIoU are structurally
unable to measure.

Drawing on this formalism, and prior research in visualization,
we can characterize visualizations as compositional, relational, and
context-dependent in ways that natural images are usually not (at
least in the framing of usual computer vision tasks):

Meaning is relational. A bar in a bar chart carries no numeri-
cal information in isolation. Its meaning is constituted by its rela-
tionship to the y-axis scale, the relevant gridline or reference, and
the legend if colour encodes a categorical variable [38]. Saliency
over a single mark, evaluated independently, is mostly uninter-
pretable. What matters importantly is whether the full referential
chain R(C,Q) was traversed coherently.

Salient regions are task-relative. What constitutes the impor-
tant region of a visualization is a joint function of the image and
the analytical question being posed. A trend question and a value
retrieval question over the same chart require attention to entirely
different regions and referential chains [1]. Any interpretability
method that evaluates saliency without conditioning on task type
is measuring something undefined.

Visualizations are sparse and symbolic. Unlike natural images
with continuous textures, visualizations frequently encode critical
information in high-frequency, minimal-area elements, such as, a
single data point, the gap between two bars, the crossing of two
lines, or the endpoint of a range mark. Methods that assume spatial
smoothness or that smooth importance scores across regions will
systematically miss these elements [8].



Reading a chart is iterative and recursive not a unique single
recognition event. Natural image recognition approximates a sin-
gle forward inference, say for example the scene contains a cat. Vi-
sualization understanding is on the other hand a process where the
reader scans for structure, identifies a legend, forms a hypothesis,
re-examines an axis, revises the interpretation [34]. This iterative,
multi-fixation process cannot be captured by a single saliency map
over a single forward pass.

2.3 On Objectivity in Human Gaze studies
A natural response to the limitations of model-derived saliency is
to turn to human gaze data as a reference. Eye-tracking studies
of chart reading provide empirical maps of where human readers
attend, and several works have used these as targets against which
to evaluate VLM attention [41, 35].

This approach is indeed valuable but, we argue that this car-
ries its own structural fragilities. The reproducibility crisis in psy-
chology and cognitive science [10] has had significant impact on
small-N perceptual studies of exactly the kind that gaze research
on visualizations typically involves. Studies are highly sensitive
to task framing, display conditions, participant expertise, and in-
dividual differences in reading strategy. Expert readers compress
the referential chain, that is, they skip steps that novices must tra-
verse explicitly, meaning that a single gaze map cannot character-
ize “correct” chart reading across populations. Furthermore, re-
cent empirical investigations into perceptual alignment [24] con-
firm that VLMs often exhibit a severe over-reliance on explicit
textual cues, structurally bypassing the visual encodings entirely,
struggling most precisely with the visual encoding types that sit
at the heart of the referential chains we describe. Attempting to
benchmark these models against human perceptual traces when the
underlying mechanisms of extraction are categorically distinct is
therefore a fragile ground truth.

More fundamentally, using human gaze as a ground truth con-
flates two distinct questions of whether a VLM reads a chart as
humans do, and whether it reads it correctly. These indeed are not
the same question. A model might traverse the referential chain cor-
rectly via a path that differs from any human’s gaze trajectory, or
might produce human-like gaze patterns while deriving its answer
from parametric memory rather than visual extraction. Human gaze
alignment is at best a weak proxy for genuine visual grounding.

2.4 VLMs are Not Vision Models
The third and deepest mismatch concerns the architecture of VLMs
themselves. A persistent error in applying vision interpretability
methods to VLMs is treating them as vision models with language
output. They are not, and this distinction and appreciation of mod-
elling choice matters precisely for interpretability.

Consider a representative architecture in the LLaVA family [15],
which underlies many chart-focused models including those eval-
uated on ChartQA. A Vision Transformer encodes the chart image
as a sequence of N patch embeddings {v1, . . . ,vN}. A lightweight
projection layer (typically a two-layer MLP) maps these into the
language model’s token embedding space, producing visual tokens
{v̂1, . . . , v̂N} that are prepended to the text token sequence. From
this point forward, the language model, which is a decoder-only
transformer, processes visual and textual tokens identically. There
is no architectural distinction between attending to a patch embed-
ding and attending to a word embedding as both are vectors in the
same high-dimensional space, routed by the same attention mecha-
nism. The model does not “look at” the chart during answer gener-
ation, instead it routes information already encoded in its residual
stream, in a representational space where the geometric relation-
ship between visual tokens and their original spatial positions in
the image has been substantially distorted by projection and multi-
ple layers of self-attention.

This has several important consequences for interpretability.
First, attention in the language layers is not looking at image re-
gions in any meaningful sense as it is routing information through
a joint embedding space in which visual and textual tokens have
been fused. Standard gradient-based saliency methods applied to
the visual encoder’s outputs are measuring something that precedes
the model’s actual reasoning process, that is they probe the encoder,
not the reasoner.

Second, the debate initiated by Jain and Wallace [20] and con-
tested by Wiegreffe and Pinter [42] on whether attention weights
constitute faithful explanations of model decisions in language
models, this becomes substantially more complex in the cross-
modal setting. In a unimodal language model, attention over tokens
at least operates in a space where tokens have stable semantic iden-
tities. In a VLM, the visual tokens v̂i are projections of patch em-
beddings whose semantic content is not directly interpretable, so a
high attention weight on v̂i does not straightforwardly indicate that
the model is attending to the spatial region of the image that patch i
covered, because the projection layer has mixed spatial and seman-
tic information across the patch neighbourhood. The resolution of
the attention related debates within NLP does not easily transfer to
this setting, even if attention is a faithful explanation in a language
model, it is not a spatially grounded one when the attended tokens
are projected patch embeddings.

Third, there is a practical infrastructure barrier that deserves
more than passing mention. Modern large-scale VLMs are com-
piled and deployed using fused attention kernels, implementations
such as FlashAttention [12] that compute the attention output in a
single hardware-efficient pass without ever materialising the N ×N
attention weight matrix. Extracting attention weights for inter-
pretability therefore requires disabling these optimisations and re-
verting to eager execution mode. The fused and eager implemen-
tations can differ in numerical precision, in which operations are
computed in what order, and for models that use techniques such
as speculative decoding or KV-cache manipulation in the effec-
tive computation graph. The model whose attention weights are
inspected, most commonly, is not identical to the model that is
deployed. Interpretability, under current infrastructure norms, re-
quires breaking the system being interpreted. So almost all inter-
pretation techniques are giving us a very crude notion, sometimes
unhelpful, of the internals of the model behaviour.

3 A DUAL CAUSAL ACCOUNT OF CHART COMPREHENSION

We propose that adequate interpretability for VLMs on visualiza-
tions requires distinguishing two causal chains that govern chart
reading, and diagnosing where a model’s behaviour stands in re-
lation to each. Figure 1 illustrates the three trajectories and the
diagnostic space they define.

Chain A: The designer’s intended reading path. A visualiza-
tion encodes a communicative intent. The designer has selected
data, applied transformations, chosen encoding channels, and ar-
ranged guides (axes, legends, labels) to make a specific analytical
insight perceptually accessible [31]. This intent can be partially for-
malized using the vocabulary of visualization algebra, that is, for a
given chart type and question type, there is a referential chain which
is the minimal ordered set of mark elements, guide elements, and
scale mappings that must be jointly processed to recover the correct
answer.

Chain B: The reader’s actual comprehension trace. Human
readers do not follow the designer’s intended path mechanically.
They are driven by perceptual salience, prior knowledge, task fram-
ing, and cognitive load. Their comprehension is iterative where
fixations cluster on visually prominent elements, hypotheses are
formed and tested, and attention returns to guides when a value
must be resolved. This trace is specialised and individual, variable,
and incompletely captured by gaze studies. But it is systematically



structured, and its systematic deviations from Chain A are the sub-
ject of a substantial visualization perception literature [5].

Readers over-attend to visually salient but informationally re-
dundant elements (prominent marks, large text) and under-attend
to informationally critical but perceptually modest elements (axis
scales, legends). This mismatch between salience and informa-
tional importance is a known failure mode of human chart reading,
and it is precisely the failure mode that VLMs may inherit, amplify,
or circumvent via parametric shortcuts.

This dual-chain account enables three diagnostic questions: a)
Chain A alignment: Does the model attend to the elements of the
referential chain specified by the chart’s encoding grammar?; b)
Chain B alignment: Does the model’s attention trace resemble a
human’s iterative comprehension process? c) Shortcut detection:
Does the model produce correct answers while aligning with the
chain?

We believe the third question to be the most important and hav-
ing a substantial consequence. A model that consistently answers
correctly while attending to neither the referential chain nor any
plausible human reading trajectory is, almost certainly, retrieving
answers via parametric memory, text-based heuristics, or train-
ing data contamination [16, 11]. This vulnerability is specifically
demonstrated by recent hallucination-specific benchmarks such as
ChartHal [40], which reveal a catastrophic collapse in accuracy
when models are confronted with queries that contradict their para-
metric priors or lack explicit text cues, with state-of-the-art pro-
prietary (popularly referred as frontier) models achieving a sub-
stantially lower accuracy on such cases. We emphasise that this is
a diagnosis that standard accuracy metrics cannot naturally make.
More importantly, Chain A can be derived from the visualization’s
encoding grammar without any human data, it is a theory-derived
baseline, not an empirical one, and thus sidesteps the reproducibil-
ity problems of gaze research entirely.

4 NECESSARY CONDITIONS FOR VALID INTERPRETABILITY

We draw from our analyses in the preceding sections and specify
four necessary conditions that any valid interpretability framework
for VLMs on data visualizations must satisfy. Each condition is
motivated by a specific property of the dual causal chain account
or the architectural analysis above. These conditions are intended
as a target for future framework development, and as a diagnostic
test against which existing methods can actually be carefully and
rigorously evaluated.

C1: Context-Relativity. An interpretability measure must be
conditioned on the analytical task and we must not evaluate inde-
pendently of the task itself. A saliency map over a chart is unde-
fined without a question. This condition follows directly from the
task-relativity of Chain A where the referential chain R(C,Q) is a
function of both chart type and question type, so any evaluation that
does not condition on Q is evaluating against an undefined target.
This rules out any image-level saliency metric computed indepen-
dently of task type, including current applications of mIoU and the
pointing game metric to chart interpretability.

C2: Referential Completeness. An interpretability method
must be able to assess whether the full referential chain R(C,Q)
was traversed (or what the information flow was). This condition
is the operationalisation of Chain A on attending to a bar in iso-
lation is not equivalent to attending to a bar in relation to its axis,

because the chain ⟨bar
positiony−−−−−→ y-scale inverse−−−−→ axis⟩ requires joint

co-attention across all three elements. Region-level metrics usually
only measure elements where as C2 requires chain-level evaluation.

C3: Process Sensitivity. In an autoregressive model, correct
visual grounding may occur at different points in the generation
process, during prompt processing, during intermediate token gen-
eration, or at the moment of answer token production. This condi-
tion is motivated by the architectural analysis of Section 2 where

the decoupling of visual encoding from answer generation in LLM-
backbone VLMs means that a model may “solve” a chart query
in early layers during prompt processing, caching the result in its
residual stream, and generate the correct answer token without any
active attention to the visualization at generation time. An inter-
pretability method must therefore be sensitive to when and in what
sequence attention was allocated

C4: Architectural Relevance. Any framework must specify
what it is measuring given the model’s actual architecture. For
VLMs, this means stating explicitly which layer’s attention is be-
ing inspected or what the relationship is between that attention and
the joint visual-textual embedding space described in Section 2 or
whether the inspection mode (eager vs. optimised execution) al-
ters model behaviour and whether attention weights over projected
patch tokens constitute spatial grounding in the original image.
Frameworks that apply saliency vocabulary which were perhaps
well suited in the context of convolutional neural networks to trans-
former architectures [8] or that inspect the visual encoder while the
reasoning occurs in the language backbone perhaps violate this con-
dition by failing to declare what they are actually measuring.

No current method satisfies all four conditions. Gradient-based
saliency methods fail C1, C2, C3, and C4. Human gaze alignment
fails C3 and provides only partial satisfaction of C2. Attention-
guided methods of the kind proposed for ViTs [8] make progress
on C4 but do not address C1 or C2. There seems to be a structural
gap in the field’s interpretability vocabulary.

5 DISCUSSION AND CALL TO THE COMMUNITY

The necessary conditions we have articulated that include context-
relativity, referential completeness, process sensitivity, and archi-
tectural relevance require two important ingredients: a formal the-
ory of how visualizations encode meaning, and a rigorous empiri-
cal tradition of studying how humans read them. This very com-
munity is perhaps the best suited as the community has both, in
the form of visualization algebra and the perception literature. The
AI interpretability community has made significant strides toward
more structured accounts, such as mechanistic interpretability and
concept-based methods [22]. These represent genuine efforts to
move beyond pixel attribution, but indeed lack the domain-specific
vocabulary to define what semantic concepts are relevant for chart
reading, what their causal relationships are, or what joint activa-
tion patterns constitute correct visual grounding. We believe that
the vocabulary is explicitly grounded in visualization theory and
is situated precisely in the visualization community. As VLMs
are increasingly deployed in analytical contexts where the stakes
of misinterpretation are high, the absence of valid interpretability
methods to probe, understand and fix is of utmost urgency. The
community that studies how meaning is encoded in visualizations
is perhaps the community best positioned to specify what it means
for a model to read one correctly. In this paper, we have made an
effort to present three components that a potential framework (the-
oretical or empirical) would require where we present a chart-type
and task-type taxonomy of referential chains derived from previ-
ous prominent work by the community. VLMs also provide some-
thing that prior visualization research has rarely had access to, in
the form a large-scale, systematically probed computational system
whose successes and failures in chart reading and interpreting can
be interrogated across tens of thousands of chart-question pairs and
diverse encoding conditions. Cognitive science has used compu-
tational models as theoretical probes [27] where a model that fails
in the same ways as humans under similar conditions provides ev-
idence for shared computational structure, while a model that fails
differently sharpens the account of what makes human cognition
distinctive [25].



REFERENCES

[1] R. Amar, J. Eagan, and J. Stasko. Low-level components of analytic
activity in information visualization. In INFOVIS, pp. 111–117, Oct.
2005. doi: 10.1109/INFVIS.2005.1532136 1, 2

[2] E. Ameisen et al. Circuit Tracing: Revealing Computational Graphs
in Language Models, 2025. 2

[3] J. Bertin. Semiology of Graphics: Diagrams, Networks, Maps. ESRI
Press, 2011. 2

[4] A. Boggust, H. Suresh, H. Strobelt, J. Guttag, and A. Satyanarayan.
Saliency Cards: A Framework to Characterize and Compare Saliency
Methods. In FAaCT 2023, FAccT ’23, pp. 285–296. ACM, New York,
NY, USA, June 2023. doi: 10.1145/3593013.3593997 1

[5] M. A. Borkin, Z. Bylinskii, N. W. Kim, C. M. Bainbridge, C. S. Yeh,
D. Borkin, H. Pfister, and A. Oliva. Beyond memorability: Visualiza-
tion recognition and recall. TVCG, 22(1):519–528, 2015. 1, 4

[6] M. Brehmer and T. Munzner. A Multi-Level Typology of Abstract
Visualization Tasks. TVCG, 19(12):2376–2385, Dec. 2013. doi: 10.
1109/TVCG.2013.124 1

[7] S. K. Card, J. D. Mackinlay, and B. Shneiderman. Readings in Infor-
mation Visualization: Using Vision to Think. The Morgan Kaufmann
series in interactive technologies. Morgan Kaufmann Publishers, San
Francisco, Calif, 1999. 1

[8] H. Chefer, S. Gur, and L. Wolf. Transformer interpretability beyond
attention visualization. In CVPR, pp. 782–791, 2021. doi: 10.1109/
CVPR46437.2021.00084 2, 4

[9] W. S. Cleveland, , and R. McGill. Graphical Perception: The-
ory, Experimentation, and Application to the Development of Graph-
ical Methods. Journal of the American Statistical Association,
79(387):531–554, Sept. 1984. doi: 10.1080/01621459.1984.10478080 1

[10] O. S. Collaboration. Estimating the reproducibility of psychological
science. Science, 349(6251):aac4716, 2015. 3

[11] C. Dancette, R. Cadene, D. Teney, and M. Cord. Beyond Question-
Based Biases: Assessing Multimodal Shortcut Learning in Visual
Question Answering, Sept. 2021. doi: 10.48550/arXiv.2104.03149 4

[12] T. Dao, D. Fu, S. Ermon, A. Rudra, and C. Ré. Flashattention: Fast
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