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Abstract

Formula recognition presents significant challenges due to

the complicated structure and varied notation of mathemat-

ical expressions. Despite continuous advancements in for-

mula recognition models, the evaluation metrics employed

by these models, such as BLEU and Edit Distance, still ex-

hibit notable limitations. They overlook the fact that the

same formula has diverse representations and is highly sen-

sitive to the distribution of training data, thereby caus-

ing unfairness in formula recognition evaluation. To this

end, we propose a Character Detection Matching (CDM)

metric, ensuring the evaluation objectivity by designing an

image-level rather than a LaTeX-level metric score. Specif-

ically, CDM renders both the model-predicted LaTeX and

the ground-truth LaTeX formulas into image-formatted for-

mulas, then employs visual feature extraction and local-

ization techniques for precise character-level matching, in-

corporating spatial position information. Such a spatially-

aware and character-matching method offers a more ac-

curate and equitable evaluation compared with previous

BLEU and Edit Distance metrics that rely solely on text-

based character matching. Experimentally, we evaluated

various formula recognition models using CDM, BLEU,

and ExpRate metrics. Their results demonstrate that the

CDM aligns more closely with human evaluation standards

and provides a fairer comparison across different models by

eliminating discrepancies caused by diverse formula rep-

resentations. Code is available at https://github.
com/opendatalab/UniMERNet/tree/main/cdm

1. Introduction
Mathematical formula recognition is crucial in document
analysis as it directly impacts the scientific rigor and ac-
curacy of the document content [7, 19, 31, 37]. Unlike

*Equal contribution. †Corresponding author: heconghui@pjlab.org.cn

standard Optical Character Recognition (OCR) technique,
formula recognition presents unique challenges. Formulas
often encompass multi-level symbols, subscripts, fractions,
and other complicated structures, requiring models to com-
prehend spatial and structural relationships rather than just
linear, sequential text [14, 19]. Besides, formulas exhibit
representational diversity, meaning that the same formula
can be expressed in multiple valid ways.

In recent years, significant advancements in formula
recognition [4, 8, 20, 28, 39, 41, 42] have been primar-
ily driven by the continuous development of artificial in-
telligence technique [5, 35, 40]. Besides, commercial for-
mula recognition software like Mathpix1 and the recently
proposed UniMERNet [30] model have achieved impres-
sive results in diverse real-world settings. Despite these
advancements, the existing evaluation metrics [17, 27] for
formula recognition still face some challenges. Commonly-
used metrics such as BLEU [27] and Edit Distance [17] pri-
marily rely on text-based character matching, which intro-
duces several limitations as follows:
(1) Low Metric Reliability. BLEU and Edit Distance are
reliable for evaluating the quality of text-level similarity.
However, the diversity in formula representations makes
these text-level evaluation metrics inadequate for precisely
reflecting formula recognition quality. For example, as
shown in Figure 1 (Case 1), a model’s prediction might ren-
der an image identical to the ground truth formula. How-
ever, due to the variations in formula expression styles, the
evaluation results obtained using the ExpRate [8], BLEU,
and Edit Distance may be somewhat misleading.
(2) Unfair Model Comparison. Current metrics may be
susceptible to discrepancies between the distributions of
training and testing data. As illustrated in Figure 1 (Case
1 and Case 2), a model may produce a correct prediction
but score poorly due to representational differences from
the ground truth, while an incorrect prediction might score
higher if its representation aligns more closely with the test

1
https://mathpix.com/equation-to-latex
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Figure 1. Illustration of the limitations of the existing metrics (ExpRate [8], BLEU [27], and Edit Distance [17]) and the advantages of the
proposed CDM. Case 1: Due to different expression styles, the model prediction and Ground Truth (GT) may appear visually similar, but
they receive low scores when evaluated using traditional metrics such as BLEU. Case 2: Errors in numeric predictions within formulas
are essentially prediction errors. However, when evaluated using BLEU, such errors may receive higher metric scores due to the model
predicting an expression style close to the GT. Case 3: Model predictions that are visually obviously incorrect may receive high scores
using BLEU metric, which is inconsistent with human judgment standards.

data distribution.
(3) Lack of Intuitive Scoring. There can be a significant
discrepancy between BLEU scores and human perception.
For instance, in Figure 1 (Case 3), a model’s prediction con-
tains many errors, yet the BLEU score is as high as 0.907,
which does not align with human judgment.

To address these issues, we propose a novel evaluation
metric for formula recognition: Character Detection Match-
ing (CDM). The proposed CDM regards the formula recog-
nition evaluation as an image-based object detection task,
by converting both the predicted LaTeX and the ground-
truth LaTeX formulas into the image-formatted formulas
and treating each character as an independent target. This
approach overcomes the challenges posed by the diverse ex-
pression styles of formulas and aligns more closely with
human subjective evaluation standards. CDM offers the ad-
vantages as follows: 1) Accuracy and Reliable. By calcu-
lating metrics in the image space, CDM eliminates issues
caused by different valid representations of the same for-
mula, directly reflecting recognition accuracy and aligning
more closely with human intuitive perception. 2) Fairness.
CDM removes the high dependency on consistent data dis-
tribution between training and evaluation task, allowing for
a fair comparison of different models based on their true
recognition capabilities. Our contributions can be summa-
rized as follows:
• We perform a detailed analysis of the existing formula

recognition evaluation metrics, highlighting the limita-
tions of ExpRate and BLEU and their unreliability specif-
ically for evaluating formula recognition tasks.

• We introduce a novel evaluation metric, CDM, which as-
sesses formula recognition quality by performing visual
character matching between rendered images of predicted
and ground-truth formulas, providing an intuitive and fair
evaluation standard.

• We validate CDM’s effectiveness through extensive ex-
periments on various mainstream models and datasets,
demonstrating its superiority over traditional metrics like
BLEU in assessing formula recognition performance.

2. Related Work
2.1. Formula Recognition Algorithms
Initially, researchers employ specific grammar rules to rep-
resent the spatial structure of formulas, including graph
grammars [15], relational grammars [22], and probabilis-
tic grammars [1, 2]. Besides, the CROHME competi-
tions [16, 23–26] have promoted the development of hand-
written formula recognition by incorporating deep learning
algorithms. Key contributions include a neural encoder-
decoder model with coarse-to-fine attention [8], a tree-
structured decoder [42], and the Counting-Aware Net-
work [18], which integrates a weakly-supervised counting
module. The ABM network [3] employs mutual distillation
and an Attention Aggregation Module, while a transformer-
based decoder [43] simplifies model architecture. The
Syntax-Aware Network (SAN) [41] models recognition as a
tree traversal process, significantly improving accuracy for
complex expressions. Overall, these models employ Ex-
pRate [8] for formula recognition evaluation.
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In document information extraction [18, 29, 37, 38],
Donut [12] directly converts input documents into struc-
tured outputs without using traditional OCR tools. Tex-
ify [28] and UniMERNet [30] are designed using
Donut [12], utilizing more diverse datasets and data aug-
mentation operations. Nougat [5] is designed to con-
vert PDF documents from screenshot to Markdown format,
making the document content (e.g. table and formula) eas-
ier to edit. These methods use BLEU [27] and Edit Dis-
tance [17] metrics for formula recognition evaluation.

2.2. Formula Recognition Evaluation Metrics
BLEU is initially proposed for machine translation tasks,
matching standard and machine-translated texts using N-
grams (sequences of N words) between the generated and
the reference texts. It applies a brevity penalty factor to
produce the final BLEU score [27]:

BLEU = BP · exp
(

N∑

n=1

wn log pn

)
, (1)

where BP is the brevity penalty factor, and pn is the N-gram
match result, with n ranging from 1 to 4.
Edit Distance is also commonly-used metric to assess the
similarity between the generated and the reference texts.
It measures the number of insertions, deletions, or substi-
tutions needed to transform one text into another, with a
smaller Edit Distance indicating higher similarity [17].
ExpRate refers to the proportion of samples where the texts
are exactly matched out of the total number of samples.
Compared to BLEU and Edit Distance, ExpRate is coarser
and more stringent in evaluation [18].

The above three metrics can effectively evaluate the tex-
tual differences between ground truth and reference, mak-
ing them suitable for tasks requiring strict matches. BLEU
and Edit Distance, in particular, provide a finer evaluation
of text recognition capabilities compared to ExpRate, mak-
ing them widely used in extensive text recognition tasks
such as document recognition [5, 11]. These metrics are
also applied to formula recognition, with most open-source
models, such as Pix2Tex [4] and Texify, adopting them for
evaluation and comparison.

In addition to text-based metrics, image edit distance has
been explored to measure the accuracy of predicted for-
mulas [32]. Image processing metrics like MSE (Mean
Squared Error) and SSIM [33] have also been consid-
ered. Structuring Chart-oriented Representation Metric
(SCRM) [36] is designed to comprehensively evaluate the
information represented by structured triplet representa-
tions. However, these metrics are better suited for natu-
ral images. For document images such as formula images,
even slight character misalignments can result in significant
penalties, making these metrics less suitable for formula
recognition.

3. Limitations of Current Metrics
Although ExpRate, BLEU, and Edit Distance are widely
used in formula evaluation tasks, they exhibit significant
limitations in accurately reflecting formula recognition per-
formance, particularly in scenarios where there are domain
gaps between training and testing data distributions. The
main reason is that a single formula can have multiple valid
LaTeX representations, making the Ground Truth (GT) La-
TeX non-unique, which introduces inherent flaws for the
formula evaluation.

As illustrated in Case 1 of Figure 1 earlier, the formula
(x+y)+z = x+(y+z) corresponds to the GT annotation
"\left(x+y\right)+z=x+\left(y+z\right)".
When the model’s prediction is "(x+y)+z=x+(y+z)",
the prediction is correct because the rendered formula im-
age matches the GT image, despite different LaTeX syntax.
Theoretically, the ExpRate/BLEU/Edit Distance results
should be 1/1/0, indicating a correct instance. However, in
practice, ExpRate is 0, BLEU is 0.449, and Edit Distance is
0.571, failing to accurately assess the formula’s quality.

The aforementioned issues make it challenging to objec-
tively evaluate the performance of different formula recog-
nition models. For instance, as illustrated in Case 2 of Fig-
ure 1, one character "z" is misrecognized as "2". The pre-
diction is incorrect, and the ExpRate, BLEU, and Edit Dis-
tance metrics reflect this error. However, when compared to
Case 1 where the model prediction is correct, the BLEU and
Edit Distance metrics for the incorrect prediction in Case 2
are better than those for the correct prediction in Case 1.

A LaTeX regularization method, which abstracts La-
TeX code into a tree structure and standardizes elements,
addresses LaTeX syntax diversity [8]. Pix2tex [4], Tex-
ify [28], and UniMERNet [30] use such regularization
method as a preprocessing step before evaluation, which
can solve part of the syntax inconsistency issue. For in-
stance, "xˆb a", "xˆ{b} {a}", and "x {a}ˆ{b}" all
compile to xb

a. Directly calculating BLEU scores would not
correctly assess the model’s prediction quality. Regularized
code unifies these into a consistent format, such as always
adding curly braces and arranging superscripts before sub-
scripts, contributing to the fairness of subsequent metric cal-
culations. However, regularization does not solve all LaTeX
syntax diversity issues. Some symbols have multiple repre-
sentations, such as "\leq" and "\le" both representing
→. Exhaustively listing these representations is challeng-
ing due to the huge LaTeX symbol library and many addi-
tional symbols provided by extension packages (e.g., ams-
math, amssymb).

Overall, while regularization mitigates some issues, it
does not fully address the inherent limitations of cur-
rent metrics in evaluating formula recognition performance.
This highlights the need for a more robust and comprehen-
sive evaluation metric that can accurately reflect the quality
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Figure 2. Overview of the Character Detection Matching (CDM), consisting of four main stages. (1) Element Localization, where bounding
boxes of individual elements are extracted. (2) Element Region Matching, which employs a bipartite graph matching method to pair pre-
diction with ground truth elements. (3) Invalid Match Elimination, where inconsistent matches are discarded through token and positional
relationship checks. (4) Metric Calculation, where matching accuracy is evaluated using the F1-Score and ExpRate@CDM.

of formula recognition across diverse representations.

4. Character Detection Matching
Due to the diversity of LaTeX expressions, text-based
character-matching methods are unreliable for formula
recognition evaluation. The basic idea of CDM is to com-
pare the rendered images from LaTex text. If the image ren-
dered from the predicted LaTeX source code matches the
image rendered from the ground truth LaTeX source code,
the formula is considered entirely correct. However, di-
rectly comparing the pixel values of the original and pre-
dicted formulas is not ideal. Any error or extra/missing
character in the prediction can cause subsequent characters
to be mismatched. Additionally, two similar formulas might
have different layouts, with one being a single-line formula
and the other a multi-line formula due to line breaks. There-
fore, a more robust algorithm is needed to calculate the
match between the predicted result and the ground truth im-
age.

To this end, we propose a metric that incorporates a bi-
partite matching step for element-level matching in images,

providing a more intuitive assessment. As shown in Fig-
ure 2, the algorithm consists of four stages as follows.

4.1. Element Localization
First, the bounding boxes (bboxes) of each individual ele-
ment in the rendered image are extracted, followed by the
subsequent steps:
LaTeX Source Normalization. LaTeX source codes of
both the ground truth and predicted formulas are normal-
ized, breaking them down into individual tokens such as
"2", "a", "A", "\alpha", "\sin". Composite
elements are decomposed into individual characters, e.g.,
"\frac ab" is decomposed into "\frac {a} {b}".
Element Region Localization. To accurately detect
character positions, we render each token in a unique
color. We construct an RGB color list with a fixed
interval of 15, creating a sequence from (0, 0, 15) to
(255, 255, 255). This generates (255/15 + 1)3 = 5832
distinct colors, sufficient for complex formulas. Each to-
ken is assigned a unique color using the LaTeX command
"\mathcolor[RGB]{r,g,b}". After rendering, we
apply image processing techniques to identify pixels match-
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ing each color, thereby determining the exact coordinates of
each token.

4.2. Element Region Matching
In this stage, a bipartite matching method pairs the pre-
dicted elements with the corresponding ground truth ele-
ments. Based on the element localization, two sets are ob-
tained for each formula: one for the ground truth indepen-
dent elements y and one for the predicted independent ele-
ments ŷ. The number of independent elements in each set
is Ny and Nŷ , respectively, with N = min(Ny, Nŷ) being
the number of elements in the smaller set.

To measure the similarity between y and ŷ, we match
elements in the two sets by identifying the corresponding
ground truth element for each predicted element. We use the
bipartite matching Hungarian algorithm [13], as described
in DETR [6], to find a permutation ω̂ that minimizes the
total matching cost:

ω̂ = arg min
ω→SN

N∑

i=1

Lmatch(yi, ŷω(i)), (2)

Lmatch = Wt ↑ Lt +Wp ↑ Lp +Wo ↑ Lo, (3)

where the matching cost Lmatch is defined as a weighted
sum of three components as introduced as follows:
• Token Matching Cost Lt: This component measures

whether the tokens corresponding to two bounding boxes
are the same. If they are identical, the cost is 0; if they
are different, the cost is 1. For tokens that render iden-
tically but are different, such as "(", "\left(", and
"\big(", the cost is 0.05, which can be formulated as
follows:

Lt =






0, if ti = t̂ω(i);

0.05, if ti ↓ t̂ω(i);

1, otherwise;
(4)

where ↓ denotes tokens that differ but render identically.
• Positional Proximity Cost Lp: This component mea-

sures the proximity of the two bounding boxes’ positions
using the L1 norm of their coordinates, which can be for-
mulated as follows:

Lp =
1

Db
↑ ↔bi ↗ b̂ω(i)↔1, (5)

where b = [x1, y1, x2, y2], and Db is the dimension of the
bounding box coordinates.

• Order Similarity Cost Lo: This measures the similarity
of the token order in the original LaTeX source (an ap-
proximation of reading order). The order is normalized
to the range [0, 1], and the L1 norm can be calculated as
follows:

Lo =
1

Do
↑ ↔oi ↗ ôω(i)↔1, (6)

where oi means order of i-th token, with dimension Do.

Overall, the weights Wt,Wp,Wo are used to balance the
contributions of the three components. By employing this
comprehensive matching strategy, we ensure a more accu-
rate and robust evaluation of the correspondence between
the predicted and ground truth elements, thereby improving
the overall assessment of formula recognition quality.

4.3. Invalid Match Elimination
After pairing the individual elements of the predicted result
with the ground truth using the Hungarian matching algo-
rithm, we need to verify these pairs and eliminate invalid
matches. This process involves two steps:
Token Consistency Check. Check whether the elements in
each matched pair are consistent in terms of characters. If
they are inconsistent, discard the match.
Position Relationship Consistency Check. The relative
positions of elements in mathematical formulas are crucial.
For instance, in the expressions 23 and 32, bipartite match-
ing might pair 2 with 2 and 3 with 3, but their meanings
and visual representations are entirely different. Thus, we
need to check the consistency of the positional relationships
within the matched pairs. We treat each element in the
matched pair as a bounding box and analyze their relative
positions. Specifically, we assume an affine transformation
between the ground truth and predicted elements:

b̂ω(i) = A(bi), (7)

where A is the affine transformation matrix. To identify
inconsistent match pairs, we detect pairs that do not con-
form to this transformation relationship. We employ the
RANSAC algorithm [9] for this purpose. RANSAC can
determine the optimal transformation matrix A in the pres-
ence of noise. Given that formulas are usually horizontally
arranged during rendering, we fix the rotation angle in the
transformation matrix to 0, considering only translation and
scaling. This approach not only improves the convergence
speed of the RANSAC algorithm but also enhances the final
matching accuracy.

To account for line-breaking effects in formulas, we per-
form multiple rounds of RANSAC iterations to ensure that
as many matched pairs as possible conform to the transfor-
mation relationship. After several iterations, matched pairs
that still do not conform to the transformation relationship
are considered incorrect and are eliminated.

The above two steps effectively eliminate invalid match
pairs, ensuring more accurate final matching results.

4.4. Metric Calculation
We use the F1-Score as the default metric for evaluating
CDM (Character Detection Metric), defined as:

CDM =
2↑ TP

2↑ TP + FP + FN
, (8)
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Figure 3. CDM Score Distribution and Example Analysis. (a) CDM score distribution for Mathpix, UniMERNet, Texify, and Pix2Tex on
the UniMER-Test dataset. (b) Example analysis of Pix2Tex predictions across different CDM score ranges.

where TP denotes true positives, FP denotes false posi-
tives, and FN denotes false negatives.

To further evaluate the accuracy of formula recognition,
we introduce the ExpRate@CDM metric , defined as:

ExpRate@CDM =

∑N
i=1 I(CDMi = 1)

N
, (9)

where I is the indicator function that equals 1 if CDMi = 1
and 0 otherwise, and N is the total number of formulas.
This metric represents the proportion of formulas for which
the model’s prediction results are perfectly matched. Essen-
tially, ExpRate@CDM serves as a precise version of the
ExpRate metric specifically for formula recognition.

5. Experiments
5.1. Models and Data
We validate the CDM metric by evaluating several main-
stream formula recognition models using both subjective
impressions and objective metrics. The models include
open-source UniMERNet [30], Texify [28], Pix2tex [4], and
the commercial Mathpix API, all tested on the UniMER-
Test dataset. Besides, we evaluate document-level mod-
els, such as the open-source Nougat [5] and the commercial
GPT-4o [10]. Vary [34] and StrucTexTv3 [21] are excluded
as they are currently unavailable.
UniMER-Test Dataset. The dataset includes 23,757 for-
mula samples, categorized into Simple Printed Expressions
(SPE), Complex Printed Expressions (CPE), Screenshot
Expressions (SCE), and Handwritten Expressions (HWE).
We use these categories to conduct the model evaluation.
Tiny-Doc-Math Dataset. To evaluate document-level
recognition, we construct the Tiny-Doc-Math dataset, con-
sisting of arXiv papers in mathematics and computer sci-
ence, published after June 2024, to ensure that they are not

in the training data of the compared models. We obtain La-
TeX code and corresponding PDFs, match displayed equa-
tions using regular expressions, and manually verify them.
Overall, the dataset includes 12 PDFs, totaling 196 pages
and 437 formulas.

This validation set includes both formula-level and
document-level evaluations:
• Formula-level: Using single rendered formula images as

input, we evaluate Mathpix, Pix2Tex, and UniMERNet.
These models accept cropped formula images as input,
and we compare the model outputs with the ground truth
to compute relevant metrics.

• Document-level: Using PDFs or images as input, we
evaluate Nougat, GPT-4o, and Mathpix, which can con-
vert entire PDF pages into Markdown format. We match
the displayed equations in the model outputs using regu-
lar expressions and compare them with the ground truth
LaTeX formulas to compute relevant metrics.

5.2. Credibility Assessment of CDM
5.2.1. Rendering Success Rate
The CDM metric relies on the successful rendering of for-
mula images. For models that fail to render images, we
assign a CDM score of 0, as rendering failures indicate
that the predicted LaTeX code lacks critical elements. The
rendering success rates on the UniMER-Test dataset for
Pix2tex, Texify, UniMERNet, and Mathpix are 96.63%,
94.77%, 99.71%, and 97.82%, respectively, ensuring the
applicability and reliability of the CDM metric.

5.2.2. User Preference Evaluation
We analyze the distribution of CDM scores for four models
on the UniMER-Test dataset. As shown in Figure 3a, Math-
pix and UniMERNet perform well in terms of CDM scores.
We conduct a detailed analysis of the Pix2Tex model by
randomly selecting samples from different score ranges to
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Figure 4. Human evaluation and metric comparison. (a) Distribution of human preferences. (b) Distribution of cases preferring BLEU or
CDM across different score ranges. (c) Impact of formula writing styles on BLEU, ExpRate and CDM scores.

Figure 5. Annotation interface for evaluating user preferences be-
tween CDM and BLEU scores. Annotators chose from four op-
tions: “Score A is better”, “Score B is better”, “Both scores are
equally good”, or “Neither score is good”.

evaluate if the prediction quality corresponds to the CDM
scores. The analysis in Figure 3b shows that the CDM
scores effectively reflect formula quality, with higher scores
indicating fewer errors.

To verify the consistency between the CDM metric
and human evaluation, we select 1,008 CDM scores from
Pix2Tex predictions, ensuring a balanced score distribu-
tion. We design an annotation interface (shown in Figure 5),
displaying a ground truth label and the corresponding pre-
dicted LaTeX rendered image. Annotators choose between
ScoreA, ScoreB, Both (credible), and Neither (credible).
ScoreA and ScoreB correspond to the BLEU and CDM
scores, respectively, but their order is randomized. For more
details, please refer to the supplementary materials.

The results in Figure 4a show that 64% of participants
prefer the CDM metric, and 32% consider both metrics
good. This indicates a 96% consistency between the CDM
metric and human evaluation, demonstrating its reliability.

Model ExpRate ExpRate@CDM BLEU CDM
Pix2tex 0.1237 0.2910 0.4080 0.6360
Texify 0.2288 0.4950 0.5890 0.7550
Mathpix 0.2610 0.5000 0.8067 0.9510
UniMERNet 0.4799 0.8110 0.8425 0.9680

Table 1. UniMER-Test evaluation results. Comparison of main-
stream models using different metrics.

Figure 4b compares the number of cases where BLEU or
CDM is preferred across different score ranges, showing
that CDM consistently outperforms BLEU.

5.2.3. Objective Stability Assessment
To evaluate the impact of formula writing styles on the
CDM and BLEU metrics, we randomly select 50 formu-
las with LaTeX source code and rewrite each formula five
times using GPT-4, generating 250 additional formulas. We
manually verify these formulas to ensure their rendered re-
sults are identical to the original 50 formulas. Using the
initial LaTeX source code as the ground truth, we analyze
the score distribution of the BLEU and CDM metrics. As
shown in Figure 4c, the CDM metric is unaffected by style
changes, with all samples scoring 1. In contrast, the BLEU
metric’s scores are dispersed, making it unsuitable for for-
mula evaluation. The CDM metric remains robust and reli-
able despite formatting changes.

5.3. Evaluation of Mainstream Models
We conduct a detailed evaluation of mainstream models us-
ing both the CDM and BLEU metric. Note that all BLEU
metric in this paper have been normalized [4, 8]. However,
as discussed in the limitation section, normalization opera-
tions cannot address all issues, which will be evident in the
following experiments.

5.3.1. UniMER-Test Evaluation
As shown in Table 1, the evaluation results of the four mod-
els on the UniMER-Test dataset indicate that the quality
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Method SPE CPE HWE SCE
BLEU ↘ CDM ↘ BLEU ↘ CDM ↘ BLEU ↘ CDM ↘ BLEU ↘ CDM ↘

Pix2tex [4] 0.8730 0.9619 0.6550 0.6489 0.0120 0.2453 0.0920 0.6762
Texify [28] 0.9060 0.9852 0.6900 0.7041 0.3410 0.5269 0.4200 0.7932
Mathpix 0.7920 0.9729 0.8061 0.9671 0.8060 0.9318 0.8182 0.9238
UniMERNet [30] 0.9170 0.9946 0.9160 0.9707 0.9210 0.9530 0.6160 0.9461

Table 2. UniMER-Test subset evaluation results. Analysis of anomalies in BLEU and CDM metrics across different subsets.

Image Type Model BLEU CDM ExpRate@CDM

Formula

Pix2tex 0.4648 0.74440 0.3684
GPT-4o 0.6431 0.7330 0.4324
UniMERNet 0.6056 0.9396 0.6887
Mathpix 0.6112 0.9480 0.2105

Document
GPT-4o 0.3411 0.6502 0.1670
Nougat 0.5897 0.8326 0.6086
Mathpix 0.5939 0.9567 0.6292

Table 3. Tiny-Doc-Math Evaluation Results. Performance of
mainstream models on cropped formula inputs and document-level
screenshots using BLEU and CDM metrics.

ranges from low to high as follows: Pix2Tex, Texify, Math-
pix, and UniMERNet, based on both BLEU and CDM met-
rics. ExpRate@CDM clearly shows the proportion of com-
pletely correct predictions for each model, indicating that
the text character-based ExpRate is unreliable.

From the results in Table 1, it appears that the trends of
the BLEU and CDM metrics are consistent. To verify the
reliability of using the BLEU metric for model compari-
son, we further present evaluation results on the UniMER-
Test subsets. As shown in Table 2, we observe two notable
anomalies: Firstly, in the SCE subset, when comparing the
quality of the Mathpix and UniMERNet models, the BLEU
and CDM metrics provide opposite conclusions. A detailed
review of the UniMERNet paper reveals that the SCE sub-
set was annotated based on Mathpix and then manually cor-
rected. This means that the expression style of the SCE
formulas is more consistent with Mathpix. Consequently,
even though the CDM metric indicates that UniMERNet has
better actual model quality, the BLEU metric, influenced
by the expression style, suggests that Mathpix is superior.
Secondly, for the Pix2Tex model, the BLEU metric is very
low on the HWE and SCE subsets but performs well on
the SPE and CPE subsets. This discrepancy arises because
the Pix2Tex training set includes a large number of printed
formulas from arXiv and lacks data in the HWE and SCE
styles.

These anomalies clearly illustrate the limitations of the
BLEU metric in evaluating the quality of formula recogni-
tion models. In contrast, the CDM metric proposed in this
paper is fair and intuitive.

5.3.2. Tiny-Doc-Math Evaluation

The evaluation results of Tiny-Doc-Math are shown in Ta-
ble 3. For cropped formula inputs (formula-level), all four
models perform reasonably well, with CDM scores above
0.7. Notably, the current leading multimodal large model
GPT-4o has the highest BLEU score among the four mod-
els but the lowest CDM score. This discrepancy indicates
that the BLEU metric may not be reliable, suggesting that
the formula recognition accuracy of GPT-4o still has room
for improvement, lagging behind traditional SOTA mod-
els. Additionally, although Mathpix has the highest CDM
score, only 21.05% of the formulas are completely accu-
rate. Manual verification revealed that many formulas are
missing commas or periods at the end.

When the input is document-level screenshots, the mod-
els output the recognition results for the entire document
(not just the formulas). Evaluation is conducted by match-
ing the recognized block formulas. In this scenario, it can
be observed that the accuracy of GPT-4o further decreases.
In contrast, Mathpix and Nougat perform better, but even
the document multimodal large model Nougat only achieves
a CDM score of 0.8326. This indicates that there is still
significant room for improvement in document-level recog-
nition models. Mathpix remains the best performer, with
a fully correct formula rate of 62.92%. The accuracy of
document-level recognition is crucial for advanced docu-
ment understanding tasks like scientific knowledge Q&A,
and CDM provides an excellent standard for selecting for-
mula models and offers direction for improving formula
recognition.

6. Conclusion

In this paper, we introduced Character Detection Match-
ing (CDM), a novel evaluation metric for formula recogni-
tion task. CDM addresses the shortcomings of the existing
metrics in formula recognition by utilizing spatial character
matching, overcoming the challenges posed by diverse for-
mula representations. Comprehensive evaluations on differ-
ent models and datasets demonstrate CDM’s superiority in
precisely reflecting recognition quality, showing more intu-
itive assessment and paving the way for future research and
improvements in the formula recognition field.
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