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Abstract

Memes have emerged as a fast and influential
way to share information online, particularly
during major public health events like COVID-
19 vaccination. While they can support aware-
ness and encourage positive behavior, they are
also widely used to spread misinformation and
vaccine-critical views. These messages are
often expressed through sarcasm and implicit
meaning, which makes automatic detection dif-
ficult. To tackle this problem, EEUCA 2026
introduces a shared task based on the VaxMeme
dataset for multimodal vaccine critical meme
detection. The task encourages us to design
models that can jointly understand both image
and text, capturing the underlying context more
effectively. In this work, we present our ap-
proach to this task by proposing a two-stage
early fusion framework that integrates multi-
ple transformer-based encoders. We train our
model using focal loss to give more attention
to difficult samples. Our experimental results
show that our method performs competitively
in the shared task, demonstrating its effective-
ness for this problem.

1 Introduction

The rapid growth of social media has transformed
how information is created, shared, and consumed,
with memes emerging as one of the most influen-
tial forms of communication. Memes, which typi-
cally combine images and short textual elements,
are highly engaging due to their humorous, sarcas-
tic, and easily shareable nature (Pramanick et al.,
2021a).

However, this same virality makes them a pow-
erful vehicle for spreading misleading or harmful
narratives (Wang et al., 2020). In the context of
public health, vaccine-critical memes have become
particularly concerning, as they can promote mis-
information, reinforce vaccine hesitancy, and neg-
atively influence public perception toward immu-
nization efforts. Given the demonstrated relation-

ship between online exposure and real-world at-
titudes, the automatic detection of such content
is crucial for enabling timely interventions and
supporting public awareness campaigns (Wang
et al., 2020). The organizer of EEUCA 2026 (Hür-
riyetoğlu et al., 2026) proposes a shared task to
support multimodal vaccine-critical meme detec-
tion (Thapa et al., 2026b). The task allows par-
ticipants to develop models that jointly leverage
both visual and textual representations to capture
the global and local contextual cues embedded in
memes.

Early research in this domain has predominantly
focused on text-based analysis of social media con-
tent (Zhang et al., 2020; Naseem et al., 2021).
These approaches leverage traditional machine
learning models and, more recently, transformer-
based architectures such as BERT (Devlin et al.,
2019) to classify vaccine-related opinions and senti-
ments. While these methods have shown promising
results, they are inherently limited in their ability
to capture the full meaning of memes. To address
these shortcomings, recent studies have explored
multimodal approaches that jointly analyze textual
and visual information (Pramanick et al., 2021b;
Volkova et al., 2019). These methods have demon-
strated improved performance across various tasks,
including fake news detection, hateful meme iden-
tification, and misinformation analysis. Many mod-
els focus primarily on either global or local fea-
ture representations, without effectively combining
both. Another critical limitation is the scarcity
of publicly available, well-annotated multimodal
datasets for vaccine critical content detection.

Our submitted system, CSECU-Learners ad-
dresses this challenge through a multi-encoder
two-stage early fusion architecture. Specifically,
we employ a Twitter-domain RoBERTa (Barbi-
eri et al., 2020) to encode the textual content of
each post, a Vision Transformer (ViT) (Dosovit-
skiy et al., 2020) to capture visual features from the
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meme image, and a Vision-and-Language Trans-
former (ViLT) (Kim et al., 2021) to obtain joint
cross-modal representations. In Stage 1, the pooler
outputs of RoBERTa and ViT are combined via
performance-weighted summation. In Stage 2,
this visual contextualized representation is concate-
nated with the ViLT pooler output that is passed to
a linear classification layer. To mitigate the effect
of class imbalance in the training corpus, we adopt
Focal Loss (Lin et al., 2017).

We structure the remainder of this paper as fol-
lows. Section 2 introduces the proposed approach
for the EEUCA-2026 multimodal vaccine-critical
meme detection task. Section 3 outlines the exper-
imental design, including implementation details
and parameter settings. The results and their analy-
sis are presented in Section 4. Finally, we conclude
the paper by highlighting future research directions
in Section 5, followed by a discussion of the limi-
tations of the proposed method.

2 System Overview

This section provides an overview of our proposed
system for the shared task on multimodal identifi-
cation of vaccine critical content on social media
at EEUCA 2026. Figure 1 presents a high-level
illustration of our proposed system.
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Figure 1: Overview diagram of our proposed system for
EEUCA 2026: the shared task on multimodal identifica-
tion of vaccine critical content on social media.

A social media post typically consists of two dis-
tinct information sources: the accompanying cap-
tion (post text) and the text embedded within the
image itself (image text), the latter of which is re-
covered via Optical Character Recognition (OCR).

We design a multi-encoder fusion architecture that
jointly processes the visual and textual signals ex-
tracted from each post.

At the encoder stage, three pre-trained
transformer-based models operate in parallel.
Vision-and-Language Transformer (ViLT) (Kim
et al., 2021) processes the raw image alongside
its associated textual content, leveraging its na-
tive cross-modal attention to learn joint image–text
representations. Vision Transformer (ViT) (Doso-
vitskiy et al., 2020), by contrast, focuses exclu-
sively on the visual content of the post, while the
Robustly Optimized BERT Pretraining Approach
(RoBERTa) (Liu et al., 2019) handles the purely
linguistic dimensions of the task.

We subsequently consolidate the representations
produced by these three encoders through a two-
stage fusion strategy. In the first fusion stage, the
contextualized pooler output from ViT and the con-
textualized pooler output from RoBERTa are fused
to form a combined multimodal representation. In
the second fusion stage, this combined represen-
tation is merged with the holistic vision–language
embedding produced by ViLT, yielding a unified
feature vector that integrates all three perspectives.
This final fused representation is passed through
a linear classification layer, which produces log-
its (unnormalized scores) from which our model
derives its final prediction.

2.1 Encoder Models

We fine-tune ViLT to obtain contextualized multi-
modal representations, employ ViT to capture vi-
sual information from the given image, and utilize
RoBERTa to extract contextualized textual feature
representations.

2.1.1 RoBERTa

For text encoding, we employ a RoBERTa-base
model (Liu et al., 2019) fine-tuned on Twitter data1.
It was originally introduced by Barbieri et al. (Bar-
bieri et al., 2020) as part of the TweetEval bench-
mark. Unlike general-domain language models,
this checkpoint was trained on roughly 58 million
tweets, making it particularly sensitive to the in-
formal grammar, hashtags, URLs, and emotion-
ally charged phrasing that characterize vaccine-
related discourse on social media. Given an in-
put sequence, the model produces a contextualized

1https://huggingface.co/cardiffnlp/
twitter-roberta-base
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[CLS] pooler output, which serves as the textual
representation fed into the fusion stage.

2.1.2 ViT
For visual encoding, we adopt the Vision Trans-
former (ViT) (Dosovitskiy et al., 2020) in its base
configuration with 32× 32 patch size, pre-trained
on ImageNet-21k2. ViT treats an input image as
a sequence of fixed-size non-overlapping patches,
projects each patch into a linear embedding, and
processes the resulting sequence through a standard
transformer encoder. The larger patch size reduces
sequence length and computational cost while re-
taining sufficient visual detail for meme-style social
media images. It typically carries meaning through
coarse layout and salient objects rather than fine-
grained texture. The [CLS] pooler output of ViT is
used as the visual representation at the first fusion
stage.

2.1.3 ViLT
To capture cross-modal interactions directly at
the encoder level, we incorporate the Vision-and-
Language Transformer (ViLT) (Kim et al., 2021).
We specifically utilize the base model pre-trained
with masked language modeling on image–text
pairs3. Unlike pipeline approaches that extract vi-
sual features with a separate object detector before
cross-modal fusion, ViLT encodes image patches
and text tokens within a single unified transformer.
This approach enables direct attention between vi-
sual and linguistic elements at every layer. The
model receives the raw post image together with
the text as inputs, and its pooler output provides a
holistic vision–language representation that com-
plements the independently encoded visual and
textual streams at the second fusion stage.

2.2 Two-Stage Early Fusion
Rather than relying on a single encoder to capture
all modality-specific signals, we propose a two-
stage early fusion strategy that progressively con-
solidates the representations from RoBERTa, ViT,
and ViLT into a unified feature vector for down-
stream classification.

2.2.1 Stage 1: Weighted Fusion of Visual and
Textual Representations

In the first stage, we combine the pooler outputs of
RoBERTa and ViT through a performance-aware

2https://huggingface.co/google/
vit-base-patch32-224-in21k

3https://huggingface.co/dandelin/vilt-b32-mlm

weighted summation followed by a tanh activation.
Let pR ∈ R768 and pV ∈ R768 denote the pooler
outputs of RoBERTa and ViT, respectively.

To determine the fusion weights, we rank the
two encoders by their individual performance on
the validation set, assigning an order number k to
each model such that the better-performing model
receives k = 1 (Du et al., 2022). Since RoBERTa
outperforms ViT on the validation set, RoBERTa is
assigned kR = 1 and ViT is assigned kV = 2. The
weight for each encoder is then computed as:

wk =
1√
k
, k ∈ {1, 2} (1)

This yields wR = 1/
√
1 = 1.000 for RoBERTa

and wV = 1/
√
2 ≈ 0.707 for ViT. The weighted

sum is then computed as:

f1 = wR pR + wV pV (2)

where f1 ∈ R768 is the resulting visual-
contextualized representation that jointly encodes
textual semantics and visual content while preserv-
ing the relative contribution of each encoder ac-
cording to its predictive capability.

2.2.2 Stage 2: Fusion with Cross-Modal ViLT
Representation

In the second stage, we incorporate the joint
image–text representation produced by ViLT. Let
pL ∈ R768 denote the pooler output of ViLT. A
key limitation of ViLT is that it accepts a maxi-
mum input sequence length of 40 tokens. How-
ever, vaccine-critical content on social media is
often considerably longer. Specifically, in the
VaxMeme training set, approximately 63% of non-
empty image texts and 72% of non-empty post
texts exceed this 40-token limit when tokenized us-
ing the cardiffnlp/twitter-roberta-base to-
kenizer. Consequently, ViLT alone cannot fully en-
code the linguistic content of such posts, whereas
the Stage 1 fusion — which employs RoBERTa —
does not suffer from this constraint.

To complement the full-sequence textual encod-
ing from Stage 1 with the cross-modal attention
capability of ViLT, we concatenate f1 and pL as
follows:

f2 = Concat(f1, pL) (3)

where f2 ∈ R1536 is the final fused representation
obtained by concatenating the 768-dimensional
visual-contextualized output from Stage 1 with the
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768-dimensional ViLT pooler output. This unified
representation is subsequently passed to the linear
classification layer for prediction.

2.3 Classification

The unified representation f2 ∈ R1536 obtained
from Stage 2 fusion is fed into a single linear feed-
forward layer that maps the fused embedding to
the output space. Formally, the unnormalized class
scores (logits) are computed as:

ŷ = f2W
⊤ + b (4)

where W ∈ Rn×d is the weight matrix and b ∈ Rn

is the bias vector of the linear layer, with d = 1536
being the dimensionality of the fused representa-
tion from Stage 2 and n denoting the number of
target classes. The final predicted class label ŷ is
determined by selecting the class corresponding to
the maximum logit.

2.4 Focal Loss

Training on real-world social media datasets often
involves skewed class distributions, where certain
categories are substantially under-represented rela-
tive to others. Standard cross-entropy loss (Zhang
and Sabuncu, 2018) tends to be dominated by the
more frequent, easily classified examples, which
can impede the model from learning discrimina-
tive patterns for minority or harder instances. To
address this, we adopt Focal Loss (Lin et al., 2017).

Let t denote the index of the ground-truth class
for a given input sample, and let ŷ ∈ Rn be the
logit vector. The predicted probability for the true
class pt is obtained via the softmax function. Focal
loss addresses limitation of cross-entropy loss by
augmenting the cross-entropy term with a modulat-
ing factor (1− pt)

γ :

LFL(pt) = −(1− pt)
γ log(pt) (5)

where γ ≥ 0 is the focusing parameter that gov-
erns the rate at which well-classified examples are
down-weighted. When pt → 1, the modulating
factor (1 − pt)

γ → 0, effectively reducing the
loss contribution of confidently correct predictions.
Conversely, when the model misclassifies a sample
and pt remains small, the factor approaches unity,
preserving the full loss signal for that instance.

3 Experimental setup

3.1 Dataset Overview
To evaluate our proposed framework on the shared
task on multimodal identification of vaccine critical
content on social media at EEUCA 2026, we use
the annotated benchmark dataset provided by the
task organizers (Thapa et al., 2026a). The dataset
builds upon the VaxMeme corpus (Naseem et al.,
2023), with an annotation schema shared with Cri-
sisHateMM (Bhandari et al., 2023). Each instance
in the dataset includes three components: the im-
age, the text extracted from the image using OCR,
and the accompanying post caption. In our ap-
proach, we utilize the image and the post text, while
excluding the OCR-extracted image text, as it is
often empty for most samples and its incorporation
with the post text leads to performance degradation
on the validation set. Each sample is assigned one
of three class labels: Vaccine Critical, Neutral, or
Pro-vaccine. The distribution of samples across the
training, validation, and test splits is summarized
in Table 1.

Class Label Train Validation Test

Vaccine Critical 2,535 308 314
Neutral 2,461 327 316
Pro-vaccine 3,199 389 395

Total 8,195 1,024 1,025

Table 1: Distribution of data samples across splits in the
shared task dataset.

The training set comprises 8,195 samples in to-
tal, with Pro-vaccine being the most frequent class
at 3,199 instances (39.03%), followed by Vaccine
Critical at 2,535 instances (30.93%) and Neutral
at 2,461 instances (30.03%). A similar trend is ob-
served in the validation set of 1,024 samples, where
Pro-vaccine again constitutes the largest proportion
at 389 instances (37.99%), with Neutral and Vac-
cine Critical accounting for 31.93% (327 instances)
and 30.08% (308 instances), respectively. The test
set contains 1,025 samples.

Across both the training and validation splits,
the dataset exhibits a moderate degree of class im-
balance. The Pro-vaccine class consistently out-
numbers the other two categories, with a ratio of
approximately 1.30:1 and 1.26:1 relative to Vaccine
Critical and Neutral in the training set, respectively.
While this imbalance is not extreme, it is suffi-
cient to bias a naively trained classifier towards the
majority class, potentially at the expense of cor-
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rectly identifying Vaccine Critical content. This
motivates our adoption of Focal Loss (Section 2.4),
which mitigates the adverse effect of class imbal-
ance by down-weighting the loss contribution of
over-represented, easily classified samples during
training.

3.2 Parameter Settings
This section describes the experimental setup for
our submission to the shared task at EEUCA 2026.
We fine-tune the Twitter-RoBERTa, ViT, and ViLT
models available through the Hugging Face Trans-
formers library (Wolf et al., 2020) using a Kaggle
notebook4 equipped with an NVIDIA Tesla T4
GPU. To ensure reproducibility across experimen-
tal runs, the random seed is fixed at 66 through-
out all experiments. We employ the AdamW opti-
mizer (Loshchilov and Hutter, 2017) for parame-
ter updates, and model selection is performed by
saving the checkpoint that achieves the best macro-
averaged F1 score on the validation set. The opti-
mal hyperparameter values identified through our
experiments are summarized in Table 2. The maxi-
mum input sequence length is set to 256 tokens for
RoBERTa. The focusing parameter of Focal Loss
is set to γ = 1, which provides a mild emphasis on
harder, misclassified samples.

Hyperparameter Optimal Value

Train batch size 8
Test batch size 8
Learning rate 3e-5
Random seed 66
Max sequence length 256
Dropout probability 0.3
Number of train epochs 3
Focusing parameter (γ) 1

Table 2: Optimal hyperparameter configuration used in
our experiments.

3.3 Evaluation Measures
To assess the effectiveness of the systems pro-
posed by participants, the organizers use the macro-
averaged F1 score (Sokolova and Lapalme, 2009)
as the primary evaluation metric. This evaluation
metric is well-suited for datasets with long-tail
class distributions, as it treats all classes equally.
By taking the harmonic mean of precision and re-
call for each class and then averaging the results,
it offers a balanced view of overall model perfor-
mance.

4https://www.kaggle.com

This formulation ensures that minority classes
such as Vaccine Critical and Neutral contribute
equally to the overall score as the majority Pro-
vaccine class, penalizing systems that achieve high
accuracy by predominantly predicting the dominant
category.

4 Results and Analysis

In this section, we present and analyze the perfor-
mance of our proposed CSECU-Learners system
on the EEUCA 2026 shared task on multimodal
identification of vaccine critical content on social
media. The full training set is used to train our pro-
posed model, while the validation set is reserved
exclusively for hyperparameter tuning. The official
evaluation metric is the macro-averaged F1 score,
as described in the previous section.

4.1 Performance Comparison with
Participating Systems

Table 3 summarizes the performance of our sys-
tem alongside a selection of participating teams.
Our CSECU-Learners system (Codabench user-
name: anchy) achieved a macro-averaged F1 score
of 0.8308 and an accuracy of 0.8341, securing 6th
place among all participating teams. These results
demonstrate that our proposed two-stage early fu-
sion architecture, which consolidates complemen-
tary signals from RoBERTa, ViT, and ViLT, yields
competitive performance on this multimodal classi-
fication task.

Among the top-ranked systems, lili12 attains the
highest macro-F1 of 0.8494, outperforming our sys-
tem by a margin of 0.0186 points. The 2nd and 3rd
ranked systems, TIU-MI and CUET_Synthetica,
achieve macro-F1 scores of 0.8389 and 0.8357, re-
spectively, placing them 0.0081 and 0.0049 points
ahead of our submission. Notably, the performance
gap between the 1st and 6th ranked systems is
relatively narrow at approximately 1.86 percent-
age points, indicating that our framework operates
within a highly competitive performance band at
the upper end of the leaderboard. In contrast, the
lower-ranked systems exhibit considerably weaker
results. The 23rd, 24th, and 25th ranked teams
abs123, thatgrass, and kannanrrk record macro-
F1 scores of 0.7846, 0.7754, and 0.7436, respec-
tively. Our system surpasses these by margins of
0.0462, 0.0554, and 0.0872 points. The ranking is
not unique for each team. On the Codabench test
phase leaderboard, we observe multiple entries un-
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Team Macro-F1 Accuracy Precision Recall Rank

lili12 0.8494 0.8517 0.8494 0.8517 1st
TIU-MI 0.8389 0.8420 0.8386 0.8409 2nd
CUET_Synthetica 0.8357 0.8390 0.8383 0.8359 3rd
alexcristea72 0.8340 0.8380 0.8338 0.8351 4th
CUET_Synthetica 0.8332 0.8361 0.8345 0.8340 5th
CSECU-Learners (Ours) 0.8308 0.8341 0.8309 0.8309 6th
abs123 0.7846 0.7912 0.7868 0.7864 23rd
thatgrass 0.7754 0.7844 0.7858 0.7802 24th
kannanrrk 0.7436 0.7502 0.7435 0.7437 25th

Table 3: Comparative performance of selected systems on the EEUCA 2026 shared task. Our system is highlighted
in bold.

der the same team. For example, CUET_Synthetica
appears in both 3rd and 5th positions on the leader-
board.

4.2 Analysis of Different Modality Baseline
Models

To motivate the design of our proposed multi-
encoder fusion framework, we conduct a system-
atic baseline analysis across three modality cate-
gories: textual, visual, and multimodal. For the
textual baseline, we adopt the Twitter RoBERTa
model, which is particularly well-suited to this task,
given that the underlying data originates from so-
cial media platforms with informal and hashtag-
rich linguistic characteristics. As the visual base-
line, we employ ViT, which has demonstrated
strong performance across a broad range of im-
age classification benchmarks. For the multimodal
baseline, we utilize ViLT, which processes both
image and text modalities within a single unified
transformer, affording equal priority to visual and
linguistic signals through its linear modality inter-
action mechanism. Each baseline model is evalu-
ated independently on the validation set, and the
results are reported in Table 4.

Method Modality Prec. Rec. Macro-F1

Twitter RoBERTa Text 0.8084 0.8100 0.8082
ViT Image 0.6991 0.6993 0.6973
ViLT Multimodal 0.7718 0.7723 0.7716

Table 4: Performance of individual modality baseline
models on the validation set. Here Prec. and Rec. indi-
cate Precision and Recall metrics respectively.

Among the three baselines, Twitter RoBERTa at-
tains the highest macro-F1 score of 0.8082, demon-
strating that the textual content carries the most dis-
criminative signal for identifying vaccine-critical
content. This is consistent with the nature of the
task, where vaccine critical stance is frequently

expressed through explicit linguistic cues such
as hashtags, emotionally charged phrasing, and
misinformation-laden statements. ViT, operating
solely on the visual modality, records the weakest
performance with a macro-F1 of 0.6973, falling
11.09 percentage points below RoBERTa. This
substantial gap suggests that visual features alone
are insufficient for reliable vaccine-critical content
identification.

ViLT, which jointly encodes image and text
within a single transformer through cross-modal
attention, achieves a macro-F1 of 0.7716 — sur-
passing ViT by 7.43 percentage points but falling
3.66 percentage points short of RoBERTa. This in-
termediate performance highlights both the benefit
and the limitation of ViLT in this setting. While
its multimodal design allows it to leverage visual-
textual interactions, its restricted maximum se-
quence length of 40 tokens prevents it from fully en-
coding the often lengthy post captions this dataset,
as discussed in Section 2.2.

4.3 Ablation Study

To quantify the individual contribution of each com-
ponent in our proposed framework, we conduct an
ablation study on the validation set by selectively
disabling one component at a time while keeping
the remaining components. The results are pre-
sented in Table 5.

Our proposed CSECU-Learners system achieves
the highest macro-F1 of 0.8251, confirming that
every component contributes positively to the over-
all performance. Replacing Focal Loss with stan-
dard cross-entropy loss reduces the macro-F1 from
0.8251 to 0.8216, a drop of 0.35 percentage points.
It indicates that the class imbalance present in the
training data, where Pro-vaccine samples consti-
tute approximately 39% of the corpus. Focal Loss
effectively mitigates this by suppressing the gradi-
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Method Macro-F1

CSECU-Learners 0.8251
−Focal Loss 0.8216
−Fusion 2 0.8180
−Fusion 1 0.7716

Table 5: Ablation study results on the validation set.
Each row removes one component from the full sys-
tem. −Focal Loss denotes training with standard cross-
entropy loss; −Fusion 2 removes ViLT and retains only
the weighted RoBERTa–ViT fusion; −Fusion 1 removes
Stage 1 and relies solely on ViLT.

ent contribution of easily classified majority-class
samples.

Disabling Stage 2 fusion, that is, discarding
the ViLT pooler output and relying solely on the
Stage 1 weighted combination of RoBERTa and
ViT, results in a macro-F1 of 0.8180, a decline of
0.71 percentage points relative to the full system.
This indicates that the cross-modal attention mech-
anism of ViLT contributes complementary vision–
language interaction signals that the independently
encoded RoBERTa and ViT representations alone
cannot fully replicate.

The most pronounced degradation occurs when
Stage 1 fusion is removed entirely, reducing the
system to ViLT alone and yielding a macro-F1 of
0.7716, a drop of 5.35 percentage points relative to
the full model. The substantial performance recov-
ery achieved by incorporating Stage 1, which pairs
RoBERTa’s full-sequence textual encoding with
ViT’s visual representation. It addresses the ViLT’s
architectural sequence length limitation and cap-
tures the richer linguistic content present in vaccine-
critical social media posts.

5 Conclusion and Future Direction

In this study, we tackle the problem of detecting
vaccine-critical memes in a multimodal setting as
part of the EEUCA 2026 shared task. We intro-
duce a two-stage early fusion framework built on
multiple transformer-based encoders. In the first
stage, representations from RoBERTa and ViT are
merged using a weighted summation guided by
their relative performance. In the second stage, this
fused representation is further integrated with the
joint image–text embedding generated by ViLT. To
better handle difficult samples and class imbalance
during training, we adopt focal loss as the opti-
mization objective. Experimental findings indicate
that the proposed method achieves strong perfor-

mance, demonstrating its capability in identifying
vaccine-critical memes.

For future work, we plan to investigate advanced
transformer models that are pre-trained on biomed-
ical corpora, as they may provide more domain-
relevant representations. Additionally, we aim to
replace the fixed fusion formulation in Stage 1 with
a learnable scalar or a lightweight attention-based
gating mechanism, allowing the model to adap-
tively weight feature contributions and improve
generalization across diverse datasets.

Limitations

Despite its effectiveness, our approach has sev-
eral limitations. The use of multiple transformer-
based encoders and their fusion increases computa-
tional cost, making the model relatively slow and
resource-intensive. In this work, we rely on base-
sized transformers; however, larger variants are
known to achieve better performance in many tasks,
which we did not investigate here. Moreover, the
performance of the model is influenced by manual
hyperparameter tuning, which may vary across dif-
ferent datasets and may not always generalize well
to real-world applications.
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