PictureStories: Predicting the Task Adherence of Language Learner
Answers to a Picture-Story-Based Writing Task

Marie Bexte!, Andrew Caines?, Diane Nicholls®, Paula Buttery?, Torsten Zesch'
ICATALPA - Center of Advanced Technology for Assisted Learning and Predictive Analytics,
FernUniversitét in Hagen, Germany
2ALTA Institute & Computer Laboratory, University of Cambridge, United Kingdom
3Cambridge University Press & Assessment, United Kingdom

Correspondence: marie.bexte @fernuni-hagen.de

Abstract

We investigate the automated evaluation of En-
glish language learner answers to writing tasks
featuring picture stories. This is usually lim-
ited to language proficiency only, neglecting
the context of the picture. Instead, our analysis
focuses on task adherence, which for example
allows detection of off-topic answers. Since
there is a lack of suitable training and evalua-
tion data, our first step is to build the PictureSto-
ries dataset. To this end, we develop a marking
rubric that covers task adherence with respect
to both form and content. Six annotators mark
713 learner answers written in response to one
of five picture stories. Having assembled the
dataset, we then explore to what extent task
adherence can be predicted automatically. Our
experiments assume a scenario where no or
just a few labelled answers are available for
the picture story which is being marked. For
form-focused criteria, we find that it is ben-
eficial to finetune models across tasks. With
content-focused criteria, few-shot prompting
Qwen emerges as the best-performing method.
We examine the trade-off between including the
story image vs. example answers in the prompt
and find that examples suffice in many cases.
While for some LLMs, few-shot prompting re-
sults may look promising on the surface, we
demonstrate that a much simpler method can
do just as well when shown the same examples.

1 Introduction

Production is a key part of language learning,
and pictures are elegant cues to test it (Boers,
2018). Their visual nature gives them a language-
independent quality, especially when they are en-
tirely free of text. This removes any priming effect
due to text in the target language.

Figure 1 shows an example: A story is illustrated
in three pictures. Irrespective of their first language,
learners can grasp its content and produce their
version of the story in the target language.

Figure 1: An example picture story from the Write &
Improve platform. This gardening story is one of the
five tasks included in PictureStories.

Many language learning tasks with a pictorial
stimulus judge language quality, e.g. by evaluating
spelling (Laarmann-Quante et al., 2019), assigning
a Common European Framework of Reference for
Languages (CEFR) level (Cambridge Assessment,
2020), or analysing syntactic structures (Kohn and
Ko6hn, 2018). We are also interested in answer
form, but specifically with respect to task adher-
ence. For this, we need to go beyond form and also
cover content, partially for student feedback but
mainly as a form of cheating prevention: A well-
formed, highly proficient answer should not get a
perfect score if it is entirely off-topic (as the learner
may have memorized it (Samant et al., 2025) or
copied it from somewhere instead of producing it
spontaneously in response to the stimulus).

We operationalise task adherence with a 5-item
marking rubric and use it to annotate 713 answers
written by language learners to describe one of five
picture stories. The learners are users of the essay-
writing practice platform Write & Improve!, a free
tool for language learners that is offered by Cam-
bridge University Press & Assessment (CUP&A).
We run scoring experiments on the PictureStories
dataset we collect to test how well the different
criteria can be predicted automatically. We assess a
variety of baselines and compare their performance
to score prediction with a set of open source vision-
and-language LLMs.

"https://writeandimprove.com
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We find that for criteria that are independent of
the content shown in the story image, finetuned
cross-story models do best. Where the context of
the story image does matter, LLLMs are superior.
There is a positive effect of including the story
images in the prompt, pushing performance of the
best LLM to a robust level. However, this zero-
shot prompting without example answers in many
cases does just as well as few-shot prompting, even
without inclusion of the story image.

Beyond this, our contributions are:

¢ We collect the PictureStories dataset, which
consists of 713 learner answers that describe
one of five picture stories.

* All learner answers are reliably marked by six
expert raters for task adherence according to
our five-item rubric.

* The dataset” as well as our experiment code’
are made available for non-commercial use.

2 Related Work

The detection of off-topic answers has received
some attention in purely text-based essay scoring.
There are approaches both for the assignment of
relevance scores to individual sentences (Higgins
et al., 2006) or entire essays (Persing and Ng, 2014;
Cummins et al., 2016). Some interpret relevance
as a binary variable, others distinguish more than
two levels of relevance. More recently, embed-
ding spaces are being used to detect topical outliers
(Huang et al., 2023; Albatarni et al., 2024).

Our study differs from the aforementioned ones,
as the task is based on a picture story. We also
strive for a more fine-grained assessment of task
adherence, rather than just topical answer relevance.
In the following, we describe previous work on the
use of pictures for language learning tasks, espe-
cially with respect to automated evaluation. We
then give an overview of models with vision-and-
language capabilities.

2.1 Evaluating Picture-Based Language
Learning Tasks

While there are corpora that do include pictures,
and even picture stories, as their tasks, the pictures
are often more of a means to constrain answer con-
tent (Kotani et al., 2011; Laarmann-Quante et al.,

2https://englishlanguageitutoring.com/
datasets/picture-stories

3https://github.com/mariebexte/
picture-stories

2019; Wottawa and Adda-Decker, 2016; Kohn and
Kohn, 2018). These corpora are annotated for tar-
get hypotheses or used to determine language qual-
ity in general. They do not account for the align-
ment of learner answers with the images that they
are responses to.

One exception to this is the work by King and
Dickinson (2016, 2018). Their SAILS corpus con-
tains one-sentence descriptions of cartoon images.
Answers are annotated along a rubric that covers
some aspects of task adherence, such as answer
coverage of key elements, or whether an answer is
even an attempt to fulfil the task. King and Dickin-
son (2018) also consider automated evaluation of
picture descriptions, but approach this by using a
pool of answers as the background corpus, i.e. not
through inclusion of the images themselves.

Similarly, there is other work that scores lan-
guage learner responses to picture stimuli, but in-
cludes the content dimension via a textual back-
ground corpus that represents the image (Somasun-
daran and Chodorow, 2014; Somasundaran et al.,
2015) or through an elaborate rubric that spells
out the different content elements that should be
addressed (Baumann et al., 2024).

Rei (2017) is the exception to this and trains a
model that compares photographs to learner de-
scriptions of them. As negative examples, i.e. in-
stances where photograph and description do not
match, descriptions are paired with unrelated pho-
tographs. This take on the task is somewhat similar
to the SNLI-VE dataset (Xie et al., 2019), where
entailment between photographs and descriptive
sentences is evaluated. Other work with a similar
motivation as ours is Tanaka et al. (2022), who col-
lect a dataset of one-sentence learner descriptions
of photographs. It is annotated with corrections
that also fix content errors, but these are not distin-
guished from purely grammatical errors.

A notable difference between the previously de-
scribed work and our is that we are not working
with photographs. PictureStories also has challeng-
ing negative examples that were actually written in
response to a certain picture story, but were found
to fall short of a criterion during manual evaluation.

2.2 Models

In recent times, a variety of models that are capa-
ble of combined processing of image and text have
emerged. CLIP (Radford et al., 2021) and ALIGN
(Jiaet al., 2021) are two examples that embed im-
ages and text into a shared space. This architecture

2399


https://englishlanguageitutoring.com/datasets/picture-stories
https://englishlanguageitutoring.com/datasets/picture-stories
https://github.com/mariebexte/picture-stories
https://github.com/mariebexte/picture-stories

allows for the two modalities to be compared via
cosine similarity and as such facilitates zero-shot
image classification.

With the advent of LLMs, there is a continuous
stream of new models. Increasingly, LLMs also
come with the capability of processing visual con-
tent. Examples are Qwen (Bai et al., 2023), LLaVA
(Liu et al., 2023), InstructBLIP (Dai et al., 2023),
Idefics (Laurengon et al., 2023), vision-capable ver-
sions of Llama (Touvron et al., 2023) and ChatGPT
40 (OpenAl, 2024).

Parallel to the development of different models,
benchmarks have been created to measure and track
their performance over time. In the realm of visio-
linguistic educational applications, EXAMS-V is a
benchmark that consists of multiple choice exam
questions with visual content (Das et al., 2024). Re-
garding picture stories, Woloszyn and Gagl (2025)
test whether GPT-4 can describe picture stories the
way children do. With respect to the evaluation of
learner language, Pack et al. (2024) find promis-
ing results for essay scoring. However, Benedetto
et al. (2024)’s results for essay marking with LLMs
are mixed: while GPT-40-mini performs almost as
well as a feature-based model, other LLMs perform
poorly, even pathologically predicting the same
grade for all essays.

3 PictureStories Dataset

The essays in the PictureStories dataset were col-
lected via Write & Improve, an openly avail-
able platform for language learners. The plat-
form is managed by CUP&A and offers automated
marking and grammatical error feedback, as well
as progress tracking and premium features (Yan-
nakoudakis et al., 2018).

We are using essay answers from five picture
story tasks, where language learners are tasked
to write the story that is shown in the pictures.
Each task features its own cartoon-style black and
white picture story, comprising of three scenes. An
example story image is shown in Figure 1 and the
full set is included in Figure 6 in the Appendix.
Image resolution differs slightly between images,
but is around 1000 x 275 pixels.

We draw a random sample of 575 answers writ-
ten by users of Write & Improve during 2024. We
only select answers which are the first version sub-
mitted by the user for that story, which meet word
limit requirements, and where the user has given
their first language as additional metadata. An ad-
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Figure 2: Number of answers for each picture story.

ditional 145 answers were written apparently in
response to one of the 5 stories, but were marked
as ‘off-topic’ by expert human annotators engaged
by CUP&A. This ensures that we have substantial
representation of negative examples in our dataset.

PictureStories contains answers from learners
with over 40 different L1s.* Answers have an av-
erage length of 72 words, but with a high standard
deviation of 54.5 due to a skewed distribution.> The
average type-token ratio of answers for a picture
story is 0.17. For story-wise statistics, see Table 6
in the Appendix. Seven answers were flagged by
annotators due to profanity or because they con-
tained personally identifiable information. These
were excluded from the dataset, bringing the final
total to 713 answers. For each picture story, there
are between 119 and 177 answers. Exact answer
counts per story are shown in Figure 2.

3.1 Marking Rubric

To cover different dimensions of task adherence,
we define a marking rubric with five binary criteria.
It combines aspects from the Cambridge English
guidelines for teachers (Cambridge Assessment,
2020), specifically regarding the evaluation of an-
swers given in response to picture stories, and the
SAILS (King and Dickinson, 2018) and SNLI-VE
(Xie et al., 2019) corpora.

Table 1 gives an overview of the marking rubric.
Definitions are taken from the marking guidelines
we gave to our human annotators. Rubric criteria
can be grouped according to whether the picture
story itself is required for evaluation: Criteria that
do not depend on the specific story image evaluate
the form of an answer. Criteria that do need the
story image to be evaluated address answer content.
Table 2 shows example answers for the umbrella
story, which we include in Figure 4.

*With a slight dominance of Spanish, but also substantial
presence of Portuguese, Vietnamese, Turkish, Chinese and
Arabic.

3 Answer length visualisation in Figure 7 in the Appendix.
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Criterion | Description Fleiss

Story | The answer includes linguistic features .94
typical of stories, e.g. gives names to
‘characters’, uses narrative tenses, se-
quential adverbs, temporal phrases or

3rd person pronouns (1st person is also
sometimes used).

Visual | One could draw what the learner wrote .74
without having to assume too much.
Attempt | There is some relevance to the task, how- .70
ever tenuous.

— Contra | Does not contradict what we see in the .61
picture.

Complete | Covers the key elements in all 3 pictures .63
(in a reasonable order).

Table 1: Overview of our marking rubric and Fleiss
agreement scores between our six annotators. (— Contra
short for non-contradictory.)

Answer Form A well-written answer can receive
full marks for its form, even if its content is not at
all aligned with the story image.

The task is intended to test production of a spe-
cific kind of text, namely stories. Thus, the story
criterion assesses whether an answer is given in
the form of a story. This is complemented by the
determination if an answer is visual in the sense
that it evokes a clear mental image, irrespective of
the story shown in the pictures.

Answer Content Content-focused criteria eval-
vate alignment with what is shown in the story
image. One criterion for which the image plays
an, albeit superficial, role is whether an answer
makes an attempt to solve the task. An answer
that describes something entirely unrelated to what
is shown would not fulfil this criterion. In a sense,
it can be seen as a generic off-topic detection.

The first of two criteria that require a detailed
comparison to the picture story is whether an an-
swer does not contradict what is shown. By in-
cluding this criterion, we do not desire to punish
creativity. Learners are free in their interpretation
of a story image and may include what could have
happened before or after. Only when there is an
explicit contradiction between an answer and what
is shown will this lead to a negative evaluation. The
final rubric element evaluates whether an answer is
a complete rendition of the picture story. This is
included as learners may stay on task, but neglect
to sufficiently cover all three images of a story.
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Figure 3: Annotation distribution in PictureStories.

3.2 Annotation Process

We first ran a pilot round of annotation to test the
rubric and make refinements where needed. Two
annotators labelled a set of 50 answers which are
not part of the final dataset. Once agreement was
high (>.9 QWK for all variables) we proceeded
with annotation of the answers in PictureStories.

Six annotators each labelled the full dataset. Ta-
ble 1 shows their overall agreement. For detailed,
pairwise agreement see Table 5 in the Appendix.
Roughly, there are three tiers: Agreement for story
is highest (.94 Fleiss), followed by visual and at-
tempt (.74 and .70) and then non-contradictory
and complete (.61 and .63, respectively). For the
non-contradictory annotation, one annotator (12 in
Table 5) tended to be very lenient, which brings
down agreement for this criterion.

3.3 Label Distribution

We derive the ground truth label from the six anno-
tations via majority vote. In case of ties, we assign
the lower rating, i.e. an annotation of 0. Figure 3
shows the story-wise label distribution in the final
dataset. Overall, there is a tendency for criteria to
be met.

4 Experimental Setup

To test how well our rubric criteria can be predicted
automatically, we compare prompting three openly
available LLMs to finetuning different model types.
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Figure 4: Story image in PictureStories for which example answers are shown below.

Variable Positive Example Negative Example

Story One time Carlos was reading his favorite book in the In these pictures we can see a man sits in a chair
park, [...] while he’s reading [...]

Visual [...] Sarah, who was near him, saw the umbrella and [...] that day was so hard with the clim but its okay
decided to carry it to him. when I am reading [...]

Attempt [...] The Sun getting hoter so he move, and he left [...] my faithful friend Bug who help me survive in
his umrella [...] this new world of giant lizards [...]

Non- John went to park and spent a couple of hours reading Rob was reading a book in the park, but the rain

contradictory | a book. It was a great book, [...] started. [...]

Complete There are three pictures, from left to right. A manis In the first pisture, I see a man readin a book while
setting down on a chair and reading a book and an sunbathing in the garden. He looks very confused. In
umbrella is behind him. In the second picture, he is the second picture, the man is walking garden. In the
leaving his place and forget his umbrella. In the third last picture, the man and his friend meet and walk
picture, a girl brign his umbrella and gives it to him. while chatting.

Table 2: Example learner answers for each criterion of our marking rubric, written in response to the umbrella story

shown above.

4.1 Models

Finetuning without images As a reference point,
we fit a logistic regression (LR) classifier (scikit-
learn version 1.6.1). As features we use a CountVec-
torizer with lowercased unigrams and bigrams.
Other than setting max_iter to 1000, all param-
eters are left at their respective default values. To
complement the shallow LR classifier, we run ex-
periments with two deep learning models, BERT
(Devlin et al., 2019) and SBERT (Reimers and
Gurevych, 2019). We finetune BERT (bert-base-
uncased®, transformers version 4.49.0) with a clas-
sification head for 30 epochs using a batch size
of 16. For SBERT (Reimers and Gurevych, 2019)
(all-MiniLM-L6-v2, sentence-transformers version
4.0.1), we follow the setup described in Bexte et al.
(2022). They propose a finetuning of SBERT using
answer pairs built from the pool of training data.
Thereby, the model learns to predict the similar-
ity in the scores of two answers. At inference, a
kNN-like search in the embedding space is used
to compare test answers to training answers. The
score for which training answers are most simi-
lar to the test answer is predicted. We also report
performance of the pretrained model without any

We also tested answerdotai/ModernBERT-base, but found
this model to performe worse.

finetuning, i.e. performing inference directly with
the pretrained SBERT model.

Finetuning with images All previously de-
scribed models are trained exclusively on student
answers, omitting the story image. To test fine-
tuning that includes images, we use ALIGN’
(kakaobrain/align-base). ALIGN embeds image
and text into a shared space. Analogous to fine-
tuning BERT with a classification head, we do the
same with the textual ALIGN embeddings. This
establishes the text-only performance of ALIGN.
To incorporate the images, we test two options:
concatenation and subtraction. In the former, we
concatenate the embedding of the student answer
and the story image.® This is then fed through a
classification head. In subtraction, we embed story
image and answer and then subtract the visual em-
bedding from the textual one. With this, we attempt
to capture the essence of an answer, independent
of the context given by the image. The difference
embedding is then again passed to a classification
head. In both conditions, we train for 30 epochs
with a batch size of 16 and a learning rate of 1e-05.

"We also tested CLIP, but found ALIGN to perform better.
8We also tested embedding the story as three separate
images, but found this to perform slightly worse.
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LLMs We test three vision-and-text LL.Ms that
are openly available via Hugging Face (Wolf et al.,
2020). In a preliminary study, we tested how well
models can grasp the content of the picture sto-
ries in PictureStories, and how strong their concept
of a story is. To this end, we prompted five dif-
ferent vision-and-language LLMs (LLaVA, Qwen,
Idefics, BLIP, Pixtral) to take the role of the lan-
guage learner and write the story that is shown in
the pictures, just like language learners are asked
to. This revealed Qwen and LLaVA to be capa-
ble of producing extensive fairytale-like texts. An-
other model that stood out was Idefics, as it pro-
duced brief, descriptive answers that accurately
represented what is shown in the story images.

Thus, our analysis focuses on LLaVA
(llava-hf/llava-v1.6-vicuna-7b-hf), Qwen
(Owen/Qwen2.5-VL-3B-Instruct) and Idefics
(HuggingFaceM4/ldefics3-8B-Llama3), all of

which are prompted in the default configuration
(transformers version 4.46.0).

Prompt Design For each learner answer and cri-
terion, an individual request is put towards an LLM.
The description of the respective criterion is taken
from our annotation guidelines. All runs are done
twice, once inputting both the learner answer and
the story image and once just the learner answer.
This blind condition enables us to assess the ef-
fect of adding example answers to the prompt vs.
including the story image.

With LLMs, even minor changes in the prompt
can affect results (Sclar et al., 2023). Thus, we
use a modular prompt design that introduces slight
variations, each of which should not influence
the model’s predictions. These modifications are
whether we speak of images or pictures, categories
or criteria that are satisfied or fulfilled and a slight
variation on the statement immediately before pre-
senting the learner answer the model is asked to
make a prediction on. The full prompt design is
included in Figure 9 in the Appendix. In our results,
we report average performance across prompt vari-
ations. Performance ranges are shown in Figure 10
in the Appendix.

4.2 Data Split

From a teacher’s perspective, it is desirable to not
have to manually annotate large quantities of data
whenever a new task (in our case a new picture
story) is introduced. Therefore, our experiments
focus on settings where limited training data is
available for the test story.

For the models we finetune (LR, BERT, SBERT),
Wwe run experiments in a cross-story setup. To split
the data, answers for one picture story are taken as
test data. For each of the other stories, a random
sample of ten percent of the answers is set aside
for validation. The remaining answers are used as
training data. Thus, models will have to abstract
from the four stories present during training to a
previously unseen fifth story at test time.

As a reference point to this cross-story setting,
we also report within-story performance, i.e. fitting
a dedicated model based on the answers for a single
picture story. This scenario allows for the model to
adapt to the content relevant to an individual story,
e.g. that the man forgets his umbrella in the story
depicted in Figure 4. Thus, the image contents will
in large part be covered by the training answers
themselves, which is why we do not include the
image in fitting the model. Instead, we run a sim-
ple leave-one-out cross validation with the logistic
regression model.

We always train dedicated models for each of our
five target labels, just like we always prompt LLMs
to predict just one of our criteria. This tests model
ability to adapt to one specific target concept.

With the LLMs we test, we explore zero-shot
prompting and few-shot prompting. We define one
shot as a pair of one positive and one negative
example, i.e. one example answer that meets the
respective criterion and one that does not. Thus,
when we speak of n-shot prompting we include
n positive and n negative examples in the prompt.
As reference examples we prioritise those that all
annotators agreed upon. We make sure to pair each
learner answer with the same examples in prompt-
ing the different models, so as not to unfairly disad-
vantage a model by an unlucky draw of reference
answers. Regarding the distinction of within-story
or cross-story prediction, the few-shot prompting
is within-story in the sense that the examples that
are included in the prompt belong to the same story
as the answer that should be classified.

Evaluation To account for the label imbalance in
the data, we use macro-averaged F1 to measure per-
formance. We always report average performance
across all five stories. For finetuned models, per-
formance is averaged across five runs. When an
LLM returns an answer that does not contain True

or False, i.e. fails to classify an answer’, we remap

°See Table 7 in the Appendix for an overview of how often
this is the case.
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this as a prediction of the respective incorrect class.
Therefore, it will be interpreted as predicting 1
when the gold label is 0, and vice versa.'?

Infrastructure Experiments ran on an NVIDIA
A100 for a total of around 100 GPU hours.

5 Results

Table 3 gives an overview of our results. Within-
story performance is at a solid level of over .8 F1
for all five criteria. This demonstrates the benefi-
cial effect of having training answers for the same
picture story a model is evaluated on, especially
considering that it uses about 75% less training
data than cross-story scoring.

Finetuned models Models finetuned cross-story
outperform the within-story model for story and
visual. This is in line with our earlier discussion of
the picture story-independent nature of these form-
focused criteria. Results show that it is beneficial to
have more cross-story training data over a smaller
set of within-story answers when evaluating form.
Dependence on the contents of a story image for
the other three criteria is mirrored by a performance
drop of cross-story models over within-story ones.
Especially for complete, performance drops sub-
stantially, from .82 within-story to under .6 cross-
story, underlining the advantage of the within-story
model’s adaptation to the content of a specific story.
Interestingly, comparing the performance of
SBERT with and without finetuning, performance
for story and visual increases after finetuning, but
decreases for the content-focused criteria. Thus,
adapting the model to answers for the other sto-
ries skews it towards them to an extent that harms
performance on answers for the held-out test story.
For the ALIGN model, there is no effect of in-
cluding the story image. This emphasizes the diffi-
culty of our story depictions. They have a relatively
low resolution and do not match the predominantly
photographic training data of ALIGN.

LLMs Other than ALIGN, LLMs benefit from
the additional context given by the story image.
With the exception of LLaVA for story and visual,
there is a consistent performance increase when
the image is included in zero-shot prompting. This
effect is less pronounced in 3-shot prompting, as

19The alternative would be to introduce a third label that is
not present in the gold standard. However, this will lead to the
F1 value for this class to be 0, but still make up a third of the
macro-averaged F1, even if occurs just once.

some of the information included in the image will
be covered by the example answers included in the
prompt.

For the two form-focused criteria story and
visual, LLMs fall short of the cross-story fine-
tuned models. Their strength lies in predicting
the content-focused variables. For these, Qwen
comes close to within-story training. Still, this is
impressive considering that just three examples per
outcome are included in the prompt.

5.1 Prompting with Image vs. Examples

To grasp the effects of including the story image
and/or an increasing number of example answers
in the prompt, we visualise this relation in Figure
5. Noting the relatively good performance of the
SBERT model without any finetuning in our cross-
story scoring, we also include performance of this
model when being fed the same examples.

Comparing the much simpler SBERT model to
the LLMs shows it to outperform LLaVA in almost
all cases. Thus, it should not be underestimated
how informative the few-shot examples included in
a prompt are, even to a much less complex model.

Especially for Qwen, there is an impressive ben-
efit of providing examples. In zero-shot prompting,
including the story image has a substantial positive
effect on performance. With the addition of just
one example per class, performance of prompting
without the image catches up. The only exception
is attempt, but even here there is a pronounced ben-
efit of the added examples. Beyond one answer per
outcome, adding further examples has much less
of an incremental effect on performance.

5.2 Relative Difficulty of Stories

Seeing as previous results reported average perfor-
mance across all five picture stories, we now take
a look at the individual stories. A t-SNE visualisa-
tion of answers embedded with the SBERT model
shows a relatively uniform separation into stories.'!

As Qwen had shown the overall most solid per-
formance, we break down per-story performance
for this model. Table 4 compares the zero-shot
setting with inclusion of the story image to 1-shot
prompting without including the image.

For the zero-shot prompting condition, there is
a relatively clear trend of which story performs
worst/best. For all rubric criteria, it is the wum-
brella story that does worst. For all but the non-

See Figure 8 in the Appendix for this visualisation.
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Model w/Image | Story Visual Attempt - Contra Complete | Avg.
Performance References
Majority Baseline X 43 .46 44 42 37 42
Within-Story (LR) X .83 .83 .91 .87 .82 .85
Cross-Story
LR X .83 .86 .71 .61 .39 .68
BERT X 91 .92 .65 .69 .53 .74
SBERT (no finetuning) X .71 .83 .74 .69 .57 71
SBERT X .89 .92 .69 .64 .50 .73
ALIGN (Text-only) X .88 .89 .78 .70 .58 .76
ALIGN (Concat) v .88 .89 .75 .70 .59 .76
ALIGN (Subtract) v .88 .87 77 .71 .59 77
Zero-Shot
Idefics X .57 .51 .62 .63 .63 .59
Idefics v .62 .68 .82 .78 .71 72
LLaVA X .74 .67 .49 .60 .55 .61
LLaVA v .63 .62 .71 .66 .55 .64
Qwen X .52 .61 .64 .46 .46 .54
Qwen v .67 .78 .89 .78 .70 N
3-Shot
Idefics X .74 .67 .67 .78 .69 .74
Idefics v .74 .71 .80 .72 .73 .74
LLaVA X .59 .56 .50 .54 .43 .52
LLaVA v .52 .69 .52 .68 .60 .60
Qwen X .79 .87 .84 .84 .74 .82
Qwen v .76 .82 .87 .82 .74 .80

Table 3: Macro-averaged F1 performance, grouped by the kind of data predictions are based on. Depending on
the model, scoring is done purely on answers (X) or also incorporates the image (v') (— Contra short for non-
contradictory). Green-blue shading indicates lower-to-higher F1 values.
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Figure 5: Model performance depending on how many examples are incorporated in the prompt (x axis). Dashed

lines indicate that story images were not shown.

contradictory criterion, it is the birthday story that
does best. There is much more variation in relative
story performance for the 1-shot prompting condi-
tion. Depending on the criterion, all but the garden-
ing story are at least once the lowest-performing
one. Similarly, all but the football story are at least
once the best-performing one.

Variation in model performance on the 5 differ-
ent picture stories is explained to some extent by
the quality of examples selected for few-shot learn-
ing. For zero-shot prompting, the model might

have an easier time processing some over other
story images, which would be in line with the
more consistent pattern of which story exhibits the
best/worst performance.

6 Discussion

We publish PictureStories, a dataset of L2 English
learner answers written about image-based nar-
ratives under a custom license that permits non-
commercial use. We develop a marking rubric that
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Picture Story  # shots  w/image Story Visual Attempt — Contra  Complete
. 0 v 74 79 .92 84 72
Birthday 1 X 79 76 86 88 73
0 v 64 7T 87 74 .65
Football 1 X 77 82 84 74 36
Gardenin 0 v 61 75 .92 .85 71
g 1 X 83 85 .84 .86 .75
Summer 0 v .65 .76 .87 .70 72
1 X 73 .85 .70 .80 .66
Umbrella 0 v 57 71 .79 62 .61
1 X il 81 73 67 77

Table 4: Macro-averaged F1 performance of zero-shot prompting Qwen with inclusion of the story image vs. 3-shot
prompting the model without including the image, broken down into stories. (— Contra short for non-contradictory.)

evaluates the task adherence of learner answers,
covering both form and content. Six annotators
rate the entire dataset.

Aiming for a method of automated scoring that
does not rely on extensive amounts of manually
labelled training data for a target story, we compare
different scoring models. Results show cross-story
finetuned models to be the best-performing method
to evaluate answer form. For content-focused crite-
ria, prompting Qwen emerges as a robust method
that comes close to within-story training. For the
other LLMs we test (LLaVA and Idefics), few-shot
performance is often matched by running a simple
inference with a pretrained SBERT model.

When using Qwen to evaluate answers, includ-
ing just one positive and one negative example in
the prompt is in many cases just as helpful as pass-
ing along the story image instead. The condition in
which Qwen gives the overall best performance is
even to use three positive and three negative exam-
ples without inclusion of the story image.

Overall, our results are a reminder that the suit-
ability of a scoring model depends on the target
variable. For LLMs, it is worthwhile to consider
the trade-off between the inclusion of an image
vs. example answers; and even if few-shot perfor-
mance can look promising, a simpler model might
do just as well with the same examples.

Limitations

Even though we do include minor variations in the
prompts we use to score answers with LLMs, there
are many more ways of phrasing this request. As
we are already seeing in our small prompt varia-
tions, this will influence results.

The vast majority of data that visual models are
pretrained on are photographs (Jia et al., 2021;
McKinzie et al., 2025). The images in PictureSto-
ries are black and white cartoon-style illustrations

of a story in three scenes. This makes them un-
usual in the sense that they are a) not photographs
and b) technically three individual images. Thus, it
may be worthwhile to explore preprocessing of the
images into a style that is more familiar to models.
Additionally, one could explicitly point the model
towards the fact that there are three separate scenes
or even present them one by one.

Ethical Considerations

While images are exciting due to their language-
invariance, their interpretation is not free from cul-
tural influence (Masuda and Nisbett, 2001). Not
anticipating this might lead to unexpected answers.
Similarly, learners may come up with creative inter-
pretations of the visually presented story. Overall,
it is advisable to err on the side of leniency when
evaluating content, as not to unnecessarily disad-
vantage such answers. Since the overall aim of the
task is to foster language learning, creative answers
should not be punished, but rather encouraged. If
students are overly concerned with meeting the ex-
pectations of the examiners, this may lead to the
development of test taking strategies to play it safe
(Xu and Wu, 2012), which goes against the aim of
cueing free language production.

Annotations were carried out by 6 expert annota-
tors who are engaged by the dataset providers. The
annotation work was carried out as part of their
contractual roles, and they receive fair remunera-
tion for their work from the dataset providers in
line with UK law and market rates.

In labelling the answers in PictureStories, the
six annotators screened for personally identifiable
information and profanity. Seven answers were
subsequently excluded. Since none of the remain-
ing answers was flagged by any of our annotators,
we are confident that they do not contain ethically
problematic content.
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A Supplementary Material

In this Appendix, we include material and addi-
tional results that are intended to increase trans-
parency.

With respect to the dataset, Figure 6 shows the
full set of story images in PictureStories. Table
5 gives a detailed breakdown of annotator agree-
ment. In Table 6, we show the story-wise label
distribution, average answer length and type-token
ratio. This is complemented by a depiction of an-
swer lengths in Figure 7. Figure 8 gives a t-SNE
overview of answers embedded with the pretrained
SBERT model.

Regarding our experiments, Figure 9 has a
pseudo code representation of the prompt design
we use for score prediction with LLMs. Figure 10
visualises performance variation across the differ-
ent prompt versions. Table 7 lists how often the
individual LLMs failed to produce a response of
True or False.
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(e) Umbrella

Figure 6: Overview of the story images in PictureStories.
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rl | 94 96 93 95 97| .99

r2 - 94 92 93 92| 95

r3 - 92 94 95 .97

rd - 93 93 .94

rs - 93 .96
(a) Attempt

| 2 r3 r4 r5 r6 | vote
rl | .79 .60 .85 .74 .81 .87

r2| - .62 81 .76 .82 | .87

r3 - .63 .67 .64 | .69

r4 - 81 .86 | .89

r5 - 82| .86
(b) Story

| 2 r3 rd r5 16 | vote
rl | 86 .75 .61 .82 .83 92

2| - 70 57 .83 .79 | .89

r3 - 54 72 72| .79

rd - .62 .58 | .66

rs - 79| .89
(c) Visual

| 2 r3 rd r5 16 | vote
rl | 37 81 .84 .68 .88 95

r2 | - 28 27 26 32| 40
r3 - 75 65 .83 | .85
r4 - 59 84| 84
rs - 65| .69

(d) Non-contradictory

| 2 r3 r4 r5 r6 | vote
rl | 81 .56 .66 61 .78 .82

r2 - 58 .63 57 .77 .81

r3 54 60 56| .70

r4 - .60 .73 .76

rs - .60 | .72
(e) Complete

Table 5: Pairwise QWK agreement of the six annotators for the different criteria. The rightmost column (vote)
shows agreement with the adjudicated annotations. Values are highlighted according to the strength of agreement
classification of Landis and Koch (1977) as fair, moderate , substantial or almost perfect agreement.

# Meeting Criterion

Picture Story \ Total # Story Visual Attempt Non-contr. Complete Avg. Length (SD) Type-Token Ratio

Birthday 161 114 108 117 108 97 82.0 (72.8) 18
Football 127 108 119 115 110 102 69.9 (65.0) .16
Gardening 177 112 128 114 105 81 67.2 (48.6) 18
Summer 129 104 116 111 107 86 65.6 (38.8) 18
Umbrella 119 95 112 107 96 84 65.0 (29.0) 15

Table 6: Answer counts, label distribution, average answer length in tokens and type-token ratio, broken down into
the individual stories.
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Figure 7: Density plot of answer lengths for each of the 5 picture stories in PictureStories. The longest answer in
the dataset is 589 words, but we clipped the plot at 400 words since there is relatively low density beyond this point.

Model | 0-shot 1-shot 3-shot 5-shot

Idefics 99 53 44 47
LLaVA 0 0 30 1473
Qwen 0 0 0 0

Table 7: Number of cases where the respective LLM is not conforming to the requested answer of True or False.
This is out of a total of 114080 predictions in each run.
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Figure 8: t-SNE visualisation of the dataset, differentiating the stories in PictureStories: , football, gardening,
summer, and umbrella. Each answer was encoded with the pretrained SBERT model. Black circles signify fulfilment
of the respective criterion. There is a clear separation of answers into the five stories. Negative examples for the
different criteria (white circles) tend to skew towards the middle. Complete had proven to be the most challenging
of the five variables in our experiments. As can be gathered from Figure 3, the proportion of negative examples is
highest for this criterion, and as can be seen here, negative examples cluster closely to positive examples for the
same image.
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for BLIND in [True, False]:
for ELEMENTS in ["images"”, "pictures”]:
for VARIABLE_REF in ["criterion”, "condition"]:
for VARIABLE_OK in ["satisfy"”, "fulfil"]:

for ANSWER in ["This is the learner answer you have to evaluate:\n LEARNER_ANSWER",
"This is the what the learner wrote and must be evaluated:\n LEARNER_ANSWER"]:

IF BLIND:
"A language learner was asked to write the story that is shown in a set of ELEMENTS."

ELSE:
"A language learner was asked to write the story that is shown in these ELEMENTS."

"You are a teacher and have to decide whether their answer VARIABLE_OKs the following
VARIABLE_REF:"

# Answerhood
"It is an attempt to do the task."
"This VARAIABLE_REF is fulfilled if there is some relevance to the task, however tenuous."”

OR # Story

"It is a story (however clumsy) or 'storylike'."”

"This VARIABLE_REF is VARIABLE_OKd if the answer includes linguistic features typical of
stories, e.g. gives names to 'characters', uses narrative tenses, sequential adverbs,
temporal phrases or 3rd person pronouns (1st person is also sometimes used)."

OR # Visual
"It evokes a clear mental image."
"This VARIABLE_REF is VARIABLE_OKd if one could draw what they wrote without having to assume

too much."

OR # Non-contradictory.
"It does not contradict what we see in the ELEMENTS."

OR # Complete
"It covers they key elements in all 3 ELEMENTS (in a reasonable order)."

"Please answer with either 'True' or 'False'.”

IF FEW_SHOT:
"Below are some exemplary answers and whether they VARIABLE_OK the VARIABLE_REF:"

for POS in POS_EXAMPLES:
"'True': POS"

for NEG in NEG_EXAMPLES:
"'False': NEG"

ANSWER

Figure 9: Prompting strategy used for LLM-based evaluation of answers.
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Figure 10: Prediction performance of the LLMs when adding n positive and n negative examples to the prompt
(rows). Right column shows performance when the story image is included in the prompt, left column when it is not.
Each boxplot shows the performance range across our 16 prompt variations. In the main paper, we report average
performance.
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