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ABSTRACT

We introduce the Little Dorrit Editor Benchmark, a small but challenging multi-
modal evaluation task that tests whether language models can interpret handwrit-
ten editorial corrections in printed literary text. Based on annotated scans of six
pages from Charles Dickens’s Little Dorrit, the benchmark asks models to detect
edits—such as insertions, deletions, and punctuation changes—and output them
in a structured JSON format. Our evaluation framework includes a partial-credit
scoring function and uses nonparametric bootstrapping to estimate confidence in-
tervals around key metrics. Initial results show that even strong models achieve
modest F1 scores, with wide confidence intervals pointing to both model variabil-
ity and dataset sparsity. While limited in size, the benchmark offers a focused,
realistic testbed for document understanding and multimodal reasoning. We hope
future work will expand the dataset and build on these early results.

1 INTRODUCTION

More than 150 years after her quiet rebellion in the Marshalsea, Little Dorrit returns—with red pen
in hand—to evaluate the judgment of modern language models. We introduce the Little Dorrit
Editor Benchmark, a multimodal evaluation task designed to test whether foundation models can
understand handwritten editorial corrections in printed literary text.

The benchmark is constructed from annotated scans of Charles Dickens’ Little Dorrit, featuring re-
alistic editorial marks made by human annotators. These include insertions, deletions, replacements,
punctuation changes, capitalization edits, and text reordering—each mimicking the conventions used
by professional editors. Unlike standard OCR or layout analysis tasks, our benchmark requires fine-
grained interpretation: the model must infer the editor’s intent by integrating both visual and textual
cues within the context of natural language.

Each sample in the benchmark comprises a single scanned page with markup overlaid on printed
text. The task is to detect all editorial changes and output structured JSON entries describing each
edit: its type, location (line number and page), and the original and corrected text. This setting
demands not only visual understanding but linguistic precision and familiarity with editorial norms.

We evaluate a range of state-of-the-art models, including GPT-4o, GPT-4.5 Preview, and smaller
variants such as GPT-4o Mini. Results show a wide performance spread, with even the strongest
model achieving modest F1 scores—highlighting the benchmark’s difficulty and the gap between
human editorial fluency and current model capabilities.

The Little Dorrit Editor Benchmark aims to inspire progress in document understanding, multimodal
reasoning, and human-in-the-loop AI systems that collaborate in the revision and refinement of text.

2 TASK FORMALIZATION AND EVALUATION FRAMEWORK

2.1 DATASET AND GROUND TRUTH ANNOTATIONS

Let P = {p1, . . . , pN} be a set of scanned pages, where each pi is a single page image from a
literary source. Associated with each page is a set of human-annotated editorial corrections, denoted
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Egt
i = {ei1, . . . , eimi

}. Each edit eij represents a structured correction localized to a specific region
of the page.

2.2 EDIT TYPES AND STRUCTURE

Each annotation is a structured edit denoted as a tuple:

e = (type, original text, corrected text, line number, page id)

The task requires identifying all such edits present in a scanned document page and outputting them
individually. Each edit belongs to one of six possible types:

• insertion: New text added to the original.

• deletion: Existing text removed from the original.

• replacement: Substitution of one segment of text with another.

• punctuation: Changes involving punctuation marks (e.g., addition, deletion, or substitu-
tion).

• capitalization: Case corrections (e.g., “hello” to “Hello”).

• italicize: Changing text to italic font style.

Each edit must be recorded as a separate entry, even if multiple edits occur within the same phrase
or sentence. This granular modeling is critical for precise benchmarking.

The fields original text and corrected text should be as minimal as possible—only the
directly affected portion of text is included. Line numbers begin at 1 for the main body of text;
headings and titles are assigned line number 0.

2.3 MODEL PREDICTIONS

Let fθ : P → P(E) be a multimodal language model that maps each page pi to a predicted set
of edits Êi = fθ(pi). The function fθ is stochastic: multiple invocations on the same input may
yield different outputs due to the non-deterministic nature of decoding when using modern inference
APIs.

To account for this, we define K samples per page:

Ê
(1)
i , Ê

(2)
i , . . . , Ê

(K)
i ∼ fθ(pi)

We evaluate each model using 2-shot inference, in which the prompt includes two worked examples
of structured editorial corrections. The same two examples are used for all pages and all models.

2.4 EVALUATION METRICS

Given a predicted edit set Êi and ground truth Egt
i , we define the per-page precision, recall, and F1

score as:

Precisioni =
|Êi ∩ Egt

i |
|Êi|

, Recalli =
|Êi ∩ Egt

i |
|Egt

i |
, F1,i =

2 · Precisioni · Recalli
Precisioni + Recalli

To compute dataset-level scores, we aggregate across all pages:

TP =

∣∣∣∣∣
N⋃
i=1

(
Êi ∩ Egt

i

)∣∣∣∣∣ , FP =

∣∣∣∣∣
N⋃
i=1

Êi

∣∣∣∣∣− TP, FN =

∣∣∣∣∣
N⋃
i=1

Egt
i

∣∣∣∣∣− TP

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

, F1 =
2 · Precision · Recall
Precision + Recall
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2.5 BOOTSTRAPPED CONFIDENCE INTERVALS

To estimate the uncertainty of dataset-level evaluation metrics, we employ a nonparametric boot-
strapping procedure using cached model outputs. This approach provides an efficient and statisti-
cally principled approximation of the sampling distribution of performance metrics, without requir-
ing additional model inference.

For each page pi, we independently generate M samples of predicted edits from the model, de-
noted {Ê(1)

i , Ê
(2)
i , . . . , Ê

(M)
i }. These represent distinct outputs sampled from the model’s inherent

stochasticity.

Then, for each bootstrap replicate b = 1, . . . , B, we:

1. Sample N pages with replacement from the evaluation set.

2. For each sampled page, randomly select one of its M cached model outputs.

3. Compute dataset-level metrics (e.g., precision, recall, and F1) using the adjudication and
scoring procedure described in Section 3.

This produces a set of metric values {Metric(1), . . . ,Metric(B)} for each metric of interest. We
report 95% confidence intervals using the 2.5th and 97.5th percentiles of the resulting distributions.

Discussion. This procedure captures two primary sources of variability:

• Dataset-level variability: Pages are sampled with replacement, so each bootstrap replicate
reflects how performance may vary with different test set compositions.

• Model stochasticity: For each sampled page, one of the M cached model outputs is ran-
domly selected, simulating variation in predictions due to sampling noise, decoding tem-
perature, or other nondeterminism in model generation.

Although this bootstrap does not fully explore the space of possible outputs fθ(pi)—since it is
limited to M samples per page—it offers a practical and conservative estimate of metric uncertainty.
The resulting confidence intervals may slightly underestimate the true variance, especially when M
is small or the model exhibits high variability. Nevertheless, this approach remains a sound and
efficient approximation under realistic computational constraints.

3 SCORING FUNCTION AND MATCHING CRITERIA

To determine whether a predicted edit is correct, we define a two-stage evaluation process involving
(1) a heuristic matcher for identifying candidate alignments between predicted and ground truth
edits, and (2) an LLM-based judgment to confirm correctness.

3.1 EDIT MATCHING HEURISTICS

Each page pi contains a set of ground truth edits Egt
i and a set of predicted edits Êi. We perform

approximate matching using the following rules:

• Textual overlap: The predicted and gold edits must share significant overlap in either
original text or corrected text.

• Line number proximity: The predicted and ground truth edits must occur within ±3 lines
of one another.

Note that we do not require the predicted edit type to match the ground truth type during match-
ing. This allows for flexibility, acknowledging that some edits might be reasonably classified under
different types, and prioritizes the correct identification of the textual change itself.

If these criteria are satisfied, the predicted edit is considered a candidate match and passed to an
LLM for final judgment.
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3.2 LLM ADJUDICATION

We use GPT-4.5 as a judging model to evaluate whether a predicted edit accurately captures the
intent of a ground truth edit, irrespective of the predicted edit type. The prompt (see Appendix A)
presents both the predicted edit and the ground truth edit and asks the LLM to assess whether the
predicted edit accurately captures the essential textual change represented by the ground truth, even
if surrounding context or the exact phrasing differs slightly.

The model returns a JSON response with is correct either true or false and a justification.

3.3 LINE NUMBER PENALTY AND PARTIAL CREDIT

While line numbers are ignored during LLM adjudication, we impose a penalty post hoc to account
for location mismatches. Given the line difference ∆ℓ = |ℓpred − ℓgt|, a quadratic penalty is applied:

penalty = min(1.0, 0.1 ·∆ℓ2)

The final edit score is defined as:

score =

{
1− penalty if LLM deems the edit correct
0 otherwise

An edit is considered a true positive only if its final score is ≥ 0.5. This effectively caps the tolerated
line mismatch at 2 lines. Edits matched by the heuristic but falling below this threshold are treated
as false positives.

3.4 DATASET-LEVEL METRICS

Precision, recall, and F1 are computed using adjudicated scores assigned to each matched edit. Let
S denote the total score across all adjudicated matches, where each score lies in [0, 1] and may be
reduced (e.g., due to line number penalties). Then:

Precision =
S

TP + FP
, Recall =

S

TP + FN
, F1 =

2 · Precision · Recall
Precision + Recall

This formulation preserves theoretical consistency by treating S as a weighted “correctness mass”
and comparing it to the total prediction or ground truth mass. It generalizes classical precision and
recall while accommodating partial credit.

These metrics are computed both globally and separately by edit type.

4 RESULTS

Table 1 summarizes the performance of various models on the Little Dorrit Editor Benchmark. For
each model, we report the F1 score along with its 95% confidence interval (expressed as the upper
and lower margins), as well as the precision and recall. Note that even the top-performing model
achieves a modest F1 score, and the wide confidence intervals suggest considerable variability in
performance.

5 CONCLUSION

We presented the Little Dorrit Editor Benchmark, a challenging multimodal task requiring models
to interpret handwritten editorial corrections in literary text. The leaderboard results show that even
advanced large language models struggle to achieve high F1 scores, highlighting the complexity
and nuance of editorial understanding. Moreover, the relatively wide confidence intervals suggest
that further data and more refined evaluation methods could improve reliability and reduce variance.
Despite these challenges, the benchmark demonstrates promise as a realistic, high-value test of both
document-level vision and linguistic reasoning. We hope this work will spur progress in human-
in-the-loop AI tools, driving future innovations in editorial assistance and multimodal document
processing.

4



PAIR Systems Technical Report

Table 1: Leaderboard Results on the Little Dorrit Editor Benchmark.

Rank Model F1 95% CI Precision Recall

1 GPT-4o (2024-11-20 OR) (2-shot) 0.1998 +0.120 / -0.102 0.2552 0.1642
2 GPT-4o (2-shot) 0.1985 +0.096 / -0.095 0.2421 0.1682
3 ChatGPT-4o (OR) (2-shot) 0.1447 +0.098 / -0.096 0.1710 0.1254
4 GPT-4.5 Preview (OR) (2-shot) 0.1417 +0.128 / -0.113 0.1399 0.1436
5 GPT-4.5 Preview (2-shot) 0.1228 +0.116 / -0.084 0.1212 0.1244
6 GPT-4 Turbo (2-shot) 0.0498 +0.057 / -0.040 0.0640 0.0408
7 Llama 4 Maverick (2-shot) 0.0485 +0.058 / -0.039 0.0525 0.0451
8 Mistral Small 3.1 24B (2-shot) 0.0443 +0.056 / -0.044 0.0511 0.0391
9 GPT-4o (OR) (2-shot) 0.0397 +0.064 / -0.031 0.0496 0.0331
10 Gemma 3 27B (2-shot) 0.0373 +0.039 / -0.037 0.0388 0.0359
11 Qwen VL Max (2-shot) 0.0335 +0.065 / -0.034 0.0434 0.0273
12 Qwen2.5 VL 72B Instruct (2-shot) 0.0284 +0.041 / -0.028 0.0371 0.0230
13 GPT-4o Mini (2-shot) 0.0269 +0.037 / -0.027 0.0283 0.0256
14 Google: Gemini 2.0 Flash (2-shot) 0.0183 +0.050 / -0.018 0.0236 0.0149
15 GPT-4o-mini (OR) (2-shot) 0.0140 +0.041 / -0.014 0.0155 0.0127
16 Llama 4 Scout (2-shot) 0.0120 +0.028 / -0.012 0.0158 0.0096
17 DeepSeek R1 (2-shot) 0.0000 +0.000 / -0.000 0.0000 0.0000
18 DeepSeek V3 0324 (2-shot) 0.0000 +0.000 / -0.000 0.0000 0.0000
19 Gemini 2.5 Pro Preview 3/25 (2-shot) 0.0000 +0.000 / -0.000 0.0000 0.0000
20 Llama 3.2 90B Vision Instruct (2-shot) 0.0000 +0.000 / -0.000 0.0000 0.0000
21 Phi 4 Multimodal Instruct (2-shot) 0.0000 +0.000 / -0.000 0.0000 0.0000
22 Qwen VL Plus (2-shot) 0.0000 +0.000 / -0.000 0.0000 0.0000

6 RESOURCES

For reproducibility and further exploration, we make our code and evaluation framework publicly
available. The following resources are provided:

• GitHub Repository: little-dorrit-editor — Contains the complete codebase for dataset man-
agement, evaluation, and bootstrapping.

• Leaderboard: Little Dorrit Editor Benchmark — A live leaderboard showcasing model
performance on the benchmark.

REFERENCES

A PROMPT TEMPLATE FOR MODEL INSTRUCTIONS

This appendix contains the prompt used in our system to elicit structured editorial corrections from
language models. It defines the task, output format, edit taxonomy, and markup conventions.

A.1 INSTRUCTION PROMPT

You are an expert editor tasked with identifying handwritten editorial corrections on printed text pages.

Your job is to identify all handwritten markups and corrections on the page and convert them to structured
JSON output.

Create a SEPARATE edit entry for EACH individual correction, even if multiple corrections occur in the same
sentence or phrase. DO NOT combine multiple edits into a single edit entry.
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A.2 CORRECTION FIELDS

For each individual correction, identify:

1. The type of edit (insertion, deletion, replacement, punctuation, capitalization, italicize)

2. The original text being modified (keep this minimal – only include the specific text being changed)

3. The corrected text after applying the edit (only include the specific text affected by this one change)

4. The line number where the edit occurs (line 0 is the title, line 1 is the first full line of body text)

5. The page identifier.

A.3 OUTPUT FORMAT

Structured JSON format:

{
"edits": [
{
"type": "insertion | deletion | replacement

| punctuation | capitalization | italicize",
"original_text": "the text before the edit",
"corrected_text": "the text after the edit",
"line_number": <integer>,
"page": "page_identifier"

},
...

]
}

A.4 EDIT TYPES

Each edit must be categorized into one of the following types:

• insertion: Adding new text

• deletion: Removing text

• replacement: Substituting text with alternatives

• punctuation: Modifying or adding punctuation marks

• capitalization: Changing case (upper/lower)

• italicize: Changing text to italic.

A.5 HANDWRITTEN MARKUP CONVENTIONS

Look for handwritten markups such as:

• Caret marks (ˆ) indicating insertions

• Strikethroughs indicating deletions

• Circled text or underlining indicating replacements

• Added or modified punctuation

• Markup for capitalization changes

A.6 EXAMPLES OF SEPARATED EDITS

Example 1:
Instead of one edit:
"My dog ran fast and barked"→ "My dog ran fast, and barked."

Create two edits:

• "fast and"→ "fast, and" (punctuation)
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• "barked"→ "barked." (punctuation)

Be precise about line numbers. Count full body lines starting from 1. Titles and headings are line 0.
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