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Abstract

Handwritten mathematical expression recognition is hin-
dered by a fundamental misalignment between the dual rep-
resentations of LATEX formulas: the symbolic text and the
rendered visual image. This discrepancy means that textu-
ally distinct LATEX sequences can produce visually identical
outputs, while minor textual errors can cause catastrophic
rendering failures. As a result, text-level reward mecha-
nisms cannot perfectly assess the quality of model predic-
tions, failing to effectively guide the model towards opti-
mal performance during training. To overcome this lim-
itation, we introduce the Image Matching Score (IMS),
a lightweight yet effective reward based on the structural
edit distance of column-wise image projections, which ro-
bustly quantifies the visual fidelity between rendered for-
mulas. Leveraging IMS, we then propose Image-Matching
driven Policy Optimization (IMPO), a training framework
built upon Group Relative Policy Optimization (GRPO).
This approach facilitates stable policy learning directly
from our sequence-level visual reward, notably without the
need for a separate value function network. Extensive ex-
periments demonstrate that IMPO yields consistent perfor-
mance gains across various backbone models on the chal-
lenging CROHME, HME100K, and M2E datasets. Our
framework establishes new state-of-the-art results, improv-
ing the Expression Recognition Rate by an average of 1.1%
and up to 1.37% over strong prior methods.

1. Introduction
Handwritten Mathematical Expression Recogni-
tion (HMER) converts handwritten expressions into
LATEX code and underpins applications in document digiti-
zation, office automation, and intelligent education, making
accuracy crucial. Although deep neural networks have
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Figure 1. Misalignment between LATEX syntax and rendered output
clearly reveals the inherent and practical limits of text-based met-
rics. (a) Distinct source codes can yield identical images, causing
false negatives. (b) Minor syntax errors may corrupt rendering but
receive minimal penalties from text-based scores.

advanced HMER, it remains difficult due to structural
complexity, deformations, diverse writing styles, and 2D
symbol arrangements. Existing methods follow two main
directions: tree-based models [26, 31, 37], which explicitly
parse formula structures but offer limited flexibility, and
sequence-based models [2, 4, 40, 41], which treat HMER as
an image-to-sequence task and provide greater adaptability.

However, a key limitation of current HMER methods is
their reliance on optimizing a proxy objective, textual simi-
larity, which often misaligns with the true goal of visual fi-
delity. We define visual fidelity as the structural and sym-
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bolic consistency between the rendered formula and the
original handwritten input. The main goal of HMER is to
generate LATEX code that accurately reproduces the expres-
sion’s visual appearance, rather than matching a reference
string. Text-level metrics (e.g., BLEU [18], ROUGE [11],
exact string match) are inadequate for HMER in two key
ways, as shown in Fig. 1. First, different LATEX syntaxes can
yield identical renderings (Fig. 1a), causing false negatives.
Second, small textual errors, such as a missing brace or
wrong superscript, can severely distort rendering (Fig. 1b)
but incur only mild penalties from character-level metrics,
which ignore structural and visual correctness. This issue
is pronounced in complex expressions, where reliance on
text-based objectives hinders performance.

To address this limitation, we propose IMPO (Image-
Matching driven Policy Optimization), a novel training
paradigm that directly optimizes visual fidelity via image-
level rewards. Central to our approach is the Image
Matching Score (IMS), which quantifies visual similarity
between images rendered from predicted and ground-truth
LATEX code. We incorporate IMS into a reinforcement learn-
ing framework based on Group Relative Policy Optimiza-
tion (GRPO), yielding a model-agnostic method fine-tuning
sequence-based HMER models for visual correctness in-
stead of textual similarity. Our contributions are as follows:

1) New Reward: We propose the Image Matching Score
(IMS), an image-level metric comparing rendered formulas,
addressing text-level limitations and capturing expression
differences more effectively than standard image metrics.

2) New Optimization Paradigm: We present IMPO, a
model-agnostic reinforcement learning framework that op-
timizes models using IMS rewards reflecting the visual fi-
delity of rendered formulas, rather than textual similarity.

3) Proven Efficacy: We demonstrate the effectiveness
and broad applicability of our image-level optimization
paradigm by applying IMPO to several model architectures.
IMPO achieves consistent improvements across multiple
challenging benchmarks, validating that directly optimizing
for visual fidelity is a promising approach for HMER.

2. Related Work
2.1. Handwritten Formula Recognition
The field of Handwritten Mathematical Expression Recog-
nition (HMER) has shifted from traditional grammar-based
methods [1, 6, 23, 32] to end-to-end neural models, which
fall into two categories, tree-based and sequence-based.

2.1.1. Tree-based Methods.
Tree-based methods exploit the hierarchical nature of math-
ematical expressions to parse their structure. Early ap-
proaches such as BLSTM [38] and SRD [36] introduced
tree-structured encoding and relationship decoding. Sub-
sequent models, including TSDNet [42] and DenseWAP-

TD [37], extended this paradigm with Transformer ar-
chitectures, while TDv2 [26] improved generalization by
reducing context dependence. To better capture syntax,
SAN [31] integrated grammatical constraints, and BPD [10]
employed parallel branch decoding to shorten generation.

2.1.2. Sequence-based Methods.
The dominant sequence-based paradigm treats HMER as an
image-to-sequence task, initiated by WYGIWYS [3] and
WAP [33]. Subsequent improvements included stronger
encoders in DenseWAP [34] and online trace parsing in
TAP [35]. Research shifted to enhanced training strate-
gies, such as adversarial learning in PAL [27] and PAL-
v2 [28], and auxiliary symbol prediction in WS-WAP [22].
Contextual modeling advanced through bidirectional Trans-
formers in BTTR [41], mutual learning in ABM [2], and
coverage-adapted attention in CoMER [40], while CAN [9]
added symbol counting. Recent work targets specific chal-
lenges, including multi-line expressions in LAST [29] and
GAP [30]. Other advancements include symbol categoriza-
tion in GCN [39]. The paradigm further diversified with
structural priors in PosFormer [4], non-autoregressive de-
coding in NAMER [12], implicit character modeling in
ICAL [43], tree-aware enhancements in TAMER [44], and
large-scale pre-training in VLPG [5].

2.2. Reinforcement Learning
Reinforcement Learning (RL) methods follow two main
strategies: value-based and policy-based. Value-based ap-
proaches, such as Q-learning [7] and DQN [14], learn value
functions to guide decisions, with extensions like Dueling
DQN [24] and CQL [8] improving stability. Policy-based
methods, including REINFORCE [25] and A3C [15], di-
rectly optimize a policy and suit high-dimensional settings.
Stability was further improved by TRPO [19] and PPO [20].
Our work builds on Group Relative Policy Optimization
(GRPO) [21], a PPO variant that removes the value network
by estimating advantages from group-based reward statis-
tics, reducing computation and simplifying training.

3. Method
In this section, we introduce a training framework that ad-
dresses a central limitation of existing HMER methods.
Conventional approaches, including Maximum Likelihood
Estimation (MLE) and reinforcement learning with text-
level rewards such as BLEU and ROUGE, emphasize string
similarity but cannot guarantee that generated LATEX renders
visually identical to the original expression. We overcome
this limitation by shifting the optimization target from text-
level to image-level supervision. Specifically, we propose
the Image Matching Score (IMS), a fine-grained metric that
measures visual similarity between rendered formulas, and
use it as a reward within a model-agnostic reinforcement
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Figure 2. The IMPO framework, built on GRPO, generates image-level rewards. The old policy πθold produces candidate sequences,
rendered and compared to the target to compute the Image Matching Score (IMS). The normalized IMS yields the advantage, used to
update the policy πθ via a clipped surrogate loss. KL regularization constrains deviations from the πθref , enhancing training stability.

learning framework. This enables direct optimization for
visual fidelity and improves recognition performance.

3.1. Problem Definition
We formalize the HMER task as follows. Given an input im-
age X ∈ RH×W of a handwritten mathematical expression,
the goal is to generate a symbol sequence Y = {y(t)}Tt=1,
where each y(t) belongs to a vocabulary C of LATEX tokens
(e.g., \frac, {, }, \sin, a, b) derived from ground-truth
sequences, and T is the sequence length. The challenge is
converting visual input into symbolic representations while
remaining robust to handwriting and structural variations.

3.2. Image Matching Score
The Image Matching Score (IMS) is an image-level met-
ric that measures the visual fidelity between the rendered
image of a predicted LATEX sequence, Fi, and the ground
truth, Gi. The score ranges from [0, 1], with higher values
indicating closer alignment. The computation is as follows:

1) Image Preprocessing: To enable consistent compar-
ison, the predicted image Fi and ground-truth image Gi

are first padded with white pixels (value 0) to match their
maximum height, with content vertically centered. Both
images are then binarized using a fixed threshold of 128
to separate foreground symbols from the background. Fi-
nally, fully blank columns are removed to eliminate global
horizontal shifts. This normalization allows IMS to com-

Ground Truth

[7,4,2,1,7]

Prediction

IMS = 1 -  1/5 ≈ 0.8

[7,4,5,1,7]

1 1 0 0 1

1 0 1 0 1

1 0 0 1 1

1 1 1 0 1

1 0 0 0 1

1 0 1 1 1

Figure 3. IMS calculation example. A single-character error leads
to one mismatch (column ‘2’ becomes ‘5’) in the encoded column
sequences. This results in an IMS of 1− 1/5 = 0.8.

pare expressions by their relative layout, while reducing re-
dundant computation and suppressing background noise for
more stable, content-focused evaluation.

2) Column-wise Encoding: Each image is transformed
into a sequence of integers. For each column, the vertical bi-
nary vector is treated as a binary string and converted to its
decimal representation. This encoding closely aligns with
the spatial layout of mathematical expressions, which are
typically arranged from left to right. By dividing the im-
age vertically into columns, IMS effectively captures hor-
izontal compositional relationships while preserving fine-
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grained local vertical patterns. It is highly sensitive to local
structural errors such as misplaced superscripts or visually
similar character substitutions (e.g., “V ” and “v”).

3) Similarity Calculation: Similarity is computed us-
ing the standard Levenshtein edit distance Di between the
two integer sequences SP = {s(1)P , . . . , s

(WP )
P } and SG =

{s(1)G , . . . , s
(WG)
G }. The distance is normalized by the length

of the longer sequence, Li = max(|SP |, |SG|), yielding the
final similarity score defined as:

IMS(Fi, Gi) = 1− Di

Li
, IMS ∈ [0, 1]. (1)

3.3. IMPO Framework
IMPO reframes HMER as a reinforcement learning problem
in which the policy network is rewarded for producing vi-
sually faithful LATEX expressions, and builds on Group Rel-
ative Policy Optimization (GRPO) [21]. GRPO streamlines
training and reduces computation by estimating advantages
through reward normalization within sampled groups. This
makes it well suited for image-level IMS rewards, enabling
stable policy learning without a value network. IMPO opti-
mizes the policy through advantage estimation and updates
driven by a tailored loss function.

Advantage Estimation. Given an input image, we sam-
ple a batch of N candidate LATEX sequences using the
current policy πθold . For each candidate Yi, we compute
a sequence-level reward Ri using the IMS score against
ground truth. To stabilize training, rewards are normalized
across the batch, yielding advantage estimate Âi, constant
across all timesteps t in trajectory i. This provides an effec-
tive credit assignment strategy for the entire expression.

Loss Function. The policy is optimized by minimizing
a composite objective that balances the clipped surrogate
loss with a KL regularization term. Specifically, for each
timestep t in trajectory i, the clipped surrogate objective
LCLIP is formulated as:

LCLIP(θ) = min
(
ρi,tÂi, clip(ρi,t, 1± ϵ)Âi

)
, (2)

where ρi,t =
πθ(yi,t|yi,<t)
πθold (yi,t|yi,<t)

denotes the importance ratio.
To maintain training stability, we define the step-wise

joint loss Li,t by incorporating the KL divergence from a
reference policy πθref :

Li,t(θ) = −LCLIP(θ) + β DKL(πθ ∥ πθref). (3)

The final policy loss L(θ) is then computed as the ex-
pectation over the sampled batch of trajectories τi and their
respective timesteps:

L(θ) = Eτi∼πθold

[∑
t
Li,t(θ)

]
. (4)

4. Experiment
In this section, we present comprehensive experiments
to thoroughly evaluate the effectiveness of our proposed
IMPO framework. Our evaluation is carefully designed to
address the following key research questions:
1) RQ1: Does IMPO achieve state-of-the-art performance
on standard HMER benchmarks?
2) RQ2: What advantages does the proposed image-level
reward (IMS) offer over conventional text-level objectives?
3) RQ3: How effectively does the IMPO framework gener-
alize across different model architectures?
4) RQ4: How does IMS compare to other image-level met-
rics (e.g., SSIM) in robustness and effectiveness as reward?

4.1. Experimental Setup
4.1.1. Datasets and Evaluation Metrics.
We evaluate IMPO on three established benchmarks with
diverse challenges. A brief overview is given below:
• CROHME (2014, 2016, 2019) [13, 16, 17]: The primary

benchmark for single-line HMER, comprising 8,836
training images and three distinct test sets.

• HME100K [31]: A large-scale dataset with 74,502 train-
ing and 24,607 test images, featuring real-world writing
styles that challenge model robustness.

• M2E [29]: A multi-line expression benchmark with
79,979 training and 9,985 test images for evaluating com-
plex 2D spatial structure handling.
Following standard HMER practice, we use Expres-

sion Recognition Rate (ExpRate) as the primary evalua-
tion metric. ExpRate denotes the percentage of expressions
whose predicted LaTeX matches the ground truth, serving
as a strict correctness criterion. To provide a broader perfor-
mance view, we also report relaxed metrics allowing up to
one or two errors, denoted as “≤ 1 error” and “≤ 2 errors”.

4.1.2. Implementation Details.
For experiments, we apply IMPO to the state-of-the-art Pos-
Former [4] to showcase its potential. To evaluate general-
izability, we test it on baselines in ablation studies, includ-
ing CoMER [40], BTTR [41], and ABM [2]. Experiments
used NVIDIA RTX 4090 D GPUs. For IMPO, we set the
group size to 16, the PPO clipping ϵ = 0.2 and KL coef-
ficient β = 0.01. A cosine learning rate scheduler is used
with 10% warm-up and a base learning rate of 1.5× 10−5.

4.2. Comparison with SOTA Methods (RQ1)
We first compare the performance of IMPO against existing
state-of-the-art methods on the three benchmark datasets.

Results on CROHME Benchmarks: We evaluate IMPO
on CROHME 2014, 2016, and 2019, standard benchmarks
for handwritten mathematical expression recognition. As
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Table 1. Performance of IMPO on the CROHME2014, 2016, and 2019 datasets, using PosFormer as the base model. “Bold” entries
indicate state-of-the-art results, while “underlined” entries denote sub-optimal performance. The models are categorized into three groups,
listed from top to bottom: RNN-based models, tree-based models, and transformer-based models.

Method CROHME 2014 CROHME 2016 CROHME 2019
ExpRate↑ ≤1↑ ≤2↑ ExpRate↑ ≤1↑ ≤2↑ ExpRate↑ ≤1↑ ≤2↑

WAP [33] 46.55 61.16 65.21 44.55 57.10 61.55 - - -
TAP [35] 48.47 63.28 67.34 44.81 59.72 62.77 - - -
PAL [27] 39.66 56.80 65.11 - - - - - -
PAL-v2 [28] 48.88 64.50 69.78 49.61 64.08 70.27 - - -
DenseWAP [34] 50.1 - - 47.5 - - - - -
DenseWAP-MSA [34] 52.8 68.1 72.0 50.1 63.8 67.4 47.7 59.5 63.3
WS-WAP [22] 53.65 - - 51.96 64.34 70.10 - - -
ABM [2] 56.85 73.73 81.24 52.92 69.66 78.73 53.96 71.06 78.65
CAN-DWAP [9] 57.00 74.21 80.61 56.06 71.49 79.51 54.88 71.98 79.40
CAN-ABM [9] 57.26 74.52 82.03 56.15 72.71 80.30 55.96 72.73 80.57

DenseWAP-TD [37] 49.1 64.2 67.8 48.5 62.3 65.3 51.4 66.1 69.1
TDv2 [26] 53.62 - - 55.18 - - 58.72 - -
SAN [31] 56.2 72.6 79.2 53.6 69.6 76.8 53.5 69.3 70.1

BTTR [41] 53.96 66.02 70.28 52.31 63.90 68.61 52.96 65.97 69.14
GCN [39] 60.00 - - 58.94 - - 61.63 - -
BPD-Coverage [10] 60.65 - - 58.50 - - 61.47 - -
ICAL [43] 60.63 75.99 82.80 58.79 76.06 83.38 60.51 78.00 84.63
NAMER [12] 60.51 75.03 82.25 60.24 73.50 80.21 61.72 75.31 82.07
VLPG [5] 60.41 74.14 78.90 60.51 75.50 79.86 62.34 76.81 81.15
CoMER [40] 59.33 71.70 75.66 59.81 74.37 80.30 62.97 77.40 81.40
TAMER [44] 61.23 76.77 83.25 60.26 76.91 84.05 61.97 78.97 85.80
PosFormer [4] 62.68 79.01 84.69 61.03 77.86 84.74 64.97 82.49 87.24
IMPO 63.89+1.21 80.84+1.83 88.18+3.49 62.04+1.01 80.38+2.52 88.38+3.64 66.34+1.37 85.52+3.03 89.72+2.48

Table 2. Performance on HME100K and M2E.

Dataset Method ExpRate↑ ≤1↑ ≤2↑

HME100K

DenseWAP 61.85 70.63 77.14
ABM 65.93 81.16 87.86
SAN 67.10 - -
CAN-DWAP 67.31 82.93 89.17
CAN-ABM 68.09 83.22 89.91
BTTR 64.10 - -
CoMER 68.12 84.20 89.71
ICAL 69.06 85.16 90.61
NAMER 68.52 83.10 89.30
TAMER 69.50 85.48 90.80
PosFormer 69.51 84.91 90.51
IMPO 70.67+1.16 88.23+2.75 93.54+2.93

M2E

DenseWAP 53.14 70.15 78.34
WS-WAP 55.20 72.13 80.13
ABM 55.48 72.05 80.06
BTTR 55.25 72.09 80.17
CoMER 56.20 73.39 81.11
LAST [29] 56.50 72.80 80.81
PosFormer 58.33 75.58 83.22
IMPO 59.56+1.23 78.22+2.64 86.39+3.17

shown in Tab. 1, IMPO consistently achieves state-of-the-
art performance. On CROHME 2019, it attains an ExpRate
of 66.34%, exceeding PosFormer (64.97%) by 1.37%. Un-
der relaxed evaluation, it improves “≤ 1 error” accuracy
by 3.03 points (from 82.49% to 85.52%), reducing both the
frequency and severity of errors. Gains on CROHME 2014
(+1.21%) and 2016 (+1.01%) further demonstrate IMPO’s
robustness to diverse symbol sets and handwriting styles.

Results on HME100K and M2E: Robust recognition in
unconstrained environments is vital for practical deploy-
ment. To evaluate IMPO’s generalization, we test it on
HME100K and M2E, two real-world datasets with diverse
styles and noise. As shown in Tab. 2, IMPO achieves an
ExpRate of 70.67%, surpassing PosFormer by 1.16%, with
larger gains under fault-tolerant metrics. This confirms that
our image-level reward improves resilience to input vari-
ability. On M2E, which demands complex 2D layout un-
derstanding, IMPO attains 59.56% ExpRate, outperform-
ing prior methods by 1.23%. Consistent gains in relaxed
accuracy underscore IMPO’s advantage in structural pars-
ing, a known limitation of text-level objectives.

These results demonstrate IMPO’s effectiveness across
both standard benchmarks and real-world datasets, with
consistent gains in ExpRate and fault-tolerant metrics vali-
dating the image-level reward approach.

4.3. Ablation Analysis
We conduct ablation studies on all three datasets to assess
the contribution of each IMPO component and identify the
sources of its performance gains.

4.3.1. Effect on Formula Complexity (RQ2)
To assess the benefit of the IMS reward, we compare it with
text-level rewards (BLEU-4, ROUGE-L) and the vanilla
CoMER and BTTR baselines under the GRPO frame-
work, stratifying CROHME 2014 and 2016 test sets by for-
mula length. Figure 4 reports ExpRate for short ([0, 20]),
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Table 3. Performance comparison of different models (ABM, CoMER, PosFormer) under Vanilla and +IMPO settings across datasets.
“N/A” indicates that the corresponding experiment was not conducted.

Dataset Method ABM CoMER PosFormer
ExpRate↑ ≤1↑ ≤2↑ ExpRate↑ ≤1↑ ≤2↑ ExpRate↑ ≤1↑ ≤2↑

CROHME 2014 Vanilla 56.85 73.73 81.24 59.33 71.70 75.66 62.68 79.01 84.69
+IMPO 57.98+1.13 75.89+2.16 83.61+2.37 60.72+1.39 76.17+4.47 83.21+7.55 63.89+1.21 80.84+1.83 88.18+3.49

CROHME 2016 Vanilla 52.92 69.66 78.73 59.81 74.37 80.30 61.03 77.86 84.74
+IMPO 53.78+0.86 72.49+2.83 79.06+0.33 60.97+1.16 77.69+3.32 85.33+5.03 62.04+1.01 80.38+2.52 88.38+3.64

CROHME 2019 Vanilla 53.96 71.06 78.65 62.97 77.40 81.40 64.97 82.49 87.24
+IMPO 54.64+0.68 72.49+1.43 80.26+1.61 63.98+1.01 80.12+2.72 85.65+4.25 66.34+1.37 85.52+3.03 89.72+2.48

HME100K Vanilla 65.93 81.16 87.86 68.12 84.20 89.71 69.51 84.91 90.51
+IMPO N/A N/A N/A 69.33+1.21 85.48+1.28 91.18+1.47 70.67+1.16 88.23+3.32 93.54+3.03

M2E Vanilla 55.48 72.05 80.06 56.20 73.39 81.11 58.33 75.58 83.22
+IMPO N/A N/A N/A 57.76+1.56 75.21+1.82 81.87+0.76 59.56+1.23 78.22+2.64 86.39+3.17
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Figure 4. Accuracy comparison between CoMER, BTTR, and
reward-based variants on the CROHME 2014 and CROHME 2016
datasets across different formula lengths.

medium ([20, 40]), and long (40+) formulas. In the
CoMER–CROHME 2014 setting, BLEU-4 and ROUGE-L
yield minimal gains, whereas IMS consistently outperforms
all baselines across lengths, reaching 66.36% on short and
27.65% on long formulas, with improvements 1.3% and
2.17%. This pattern holds across backbones (BTTR) and
datasets (CROHME 2014 and 2016), demonstrating the ro-
bustness of IMS. Overall, the results show that text-level
rewards fail to capture structural correctness as complex-
ity grows, while IMS effectively promotes global layout fi-
delity and accurate modeling of complex expressions.

4.3.2. Generalization Across Architectures (RQ3)
A key advantage of our framework is its model-agnostic
design. To address RQ3, we evaluate IMPO across ABM,
CoMER, and PosFormer. As shown in Tab. 3, IMPO con-

sistently delivers ExpRate gains across models and datasets
(e.g., ABM: 1.13%; CoMER: 1.39%). This generality
holds in real-world settings, with similar improvements on
HME100K and M2E. Consistency across different architec-
tures indicates that IMPO addresses optimization misalign-
ment rather than architecture-specific properties, confirm-
ing its broad applicability as an effective enhancement for
sequence-based HMER systems.

4.3.3. Ablation of Key Components (RQ4)
We justify our design choices through ablation studies on
the CoMER backbone across the CROHME datasets, with
results shown in Table 5. We compare different RL frame-
works and reward variants, where REIN-b denotes REIN-
FORCE with baseline, IMSHDiv applies horizontal image
division, and IMSKBC retains blank columns.

RL Framework Ablation: We compare optimization
strategies to assess the general applicability of the IMS re-
ward. As shown in Table 5, integrating IMS yields consis-
tent gains across RL frameworks. With REINFORCE (IMS
& REIN-b), the ExpRate on CROHME 2014 increases from
59.33 to 59.77, and with GRPO (IMS & GRPO), it rises to
60.72. All frameworks exhibit clear improvements, demon-
strating that the image-level reward enhances performance
across standard policy optimization algorithms.

IMS vs. IMSKBC and IMSHDiv: We analyze the IMS
design by comparing it with its variants in Table 5. The
IMSHDiv variant yields only a marginal gain (59.68 on
CROHME 2014) relative to standard IMS (60.72), confirm-
ing the importance of column-wise processing over hor-
izontal slicing. The IMSKBC variant performs similarly
(60.36), indicating that removing blank columns provides a
small but consistent advantage. Penalizing horizontal shifts
yields limited gains, as such misalignments are rare with
our fixed renderer.
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Table 4. Analysis of the robustness of IMS and SSIM to DPI
changes under different formula lengths.

Metric Coefficient of Variation (%) across Length Bins
all (0, 10] (10, 20] (20, 30] (30, 40] (40, 50] 50+

IMS 0.62 0.61 0.89 0.18 0.78 0.48 1.34
SSIM 1.21 0.64 1.02 1.82 2.71 5.32 7.03

Table 5. Performance of different training methods on the CoMER
backbone across CROHME datasets. IMS reward variants include
HDiv (Horizontal Division) and KBC (Keep Blank Columns).
The RL method variant REIN-b denotes REINFORCE with base-
line. “N/A” in the Reward and RL Method columns indicates that
no reward or RL method is used in the vanilla setting.

Dataset Reward RL Method ExpRate↑ ≤1↑ ≤2↑

CROHME 2014

N/A N/A 59.33 71.70 75.66
SSIM GRPO 60.11 73.84 79.13
IMS REIN-b 59.77 73.53 78.11
IMSHDiv GRPO 59.68 73.22 77.84
IMSKBC GRPO 60.36 75.85 81.78
IMS GRPO 60.72 76.17 83.21

CROHME 2016

N/A N/A 59.81 74.37 80.30
SSIM GRPO 60.44 76.91 83.16
IMS REIN-b 60.34 76.39 83.08
IMSHDiv GRPO 60.28 76.18 82.83
IMSKBC GRPO 60.59 77.26 84.36
IMS GRPO 60.97 77.69 85.33

CROHME 2019

N/A N/A 62.97 77.40 81.40
SSIM GRPO 63.69 79.43 84.02
IMS REIN-b 63.55 79.36 83.97
IMSHDiv GRPO 63.39 78.95 83.75
IMSKBC GRPO 63.80 79.81 84.98
IMS GRPO 63.98 80.12 85.65

IMS vs. SSIM: To evaluate stability of IMS and SSIM
under varying image clarity, we partition the CROHME
2014 test set by formula length (step size 10). For each
group, we render ground-truth formulas and CoMER pre-
dictions at a fixed font size of 10, increasing DPI from
150 to 300 in increments of 25. We compute IMS and
SSIM across settings and report their Coefficients of Varia-
tion. As shown in Tab. 4, IMS is more robust to resolution
changes, with a variation of 0.62% versus 1.21% for SSIM.
While both metrics behave similarly for short formulas ([0,
10]), SSIM becomes increasingly unstable with length (up
to 7.03% for 50+), whereas IMS remains stable. This ro-
bustness improves downstream performance: in Table 5,
IMS as a GRPO reward consistently outperforms SSIM. On
CROHME 2014, IMS & GRPO achieves 60.72 vs. 60.11
for SSIM & GRPO, with similar gains on CROHME 2016
(60.97 vs. 60.44) and CROHME 2019 (63.98 vs. 63.69).
Results show IMS is more stable under resolution shifts and
more effective for optimizing visual fidelity.

4.4. Case Study: IMPO Framework Performance
To qualitatively assess IMPO, we conduct case studies on
three benchmarks: CROHME2014, HME100K, and M2E,

Target:  x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

CoMER: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOBLEU: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOIMS: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

Target:  \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

CoMER: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOBLEU: \int\limits_{-d}\int\limits_{d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOIMS: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

Target :  \sqrt{2(2+\sqrt{2})}

CoMER :  \sqrt{2(2+\sqrt{e})}

+IMPOBLEU : \sqrt{2(2+\sqrt{2}})}

+IMPOIMS : \sqrt{2(2+\sqrt{2})}

Target :  -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

CoMER :  -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

+IMPOBLEU : -\frac{8}{\sqrt{1}}\leq c_{1}\leq 0

+IMPOIMS : -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

Target :  e^{-\alpha\sqrt{1-e^{2}}x^{0}}

CoMER :   e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOBLEU : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOIMS : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

Target :   \log_{b}b^{x}=X

CoMER :  \log_{b}b^{x}=x

+IMPOBLEU :  \log_{b}b^{x}=x

+IMPOIMS : \log_{b}b^{x}=X

 
Target :    V_{t}=V_{s}=0

CoMER :   V_{t}=v_{s}=0

+IMPOBLEU :   v_{t}=v_{s}=0

+IMPOIMS : V_{t}=V_{s}=0

Target :   2\pi\sin\alpha

CoMER :  2\pi\sin a

+IMPOBLEU :  2\pi\sin a

+IMPOIMS : 2\pi\sin\alpha

Target :    \sin(nz)

CoMER :   \sin(n2)

+IMPOBLEU :   \sin(n2)

+IMPOIMS : \sin(nz)

Target :  \sqrt{2(2+\sqrt{2})}

CoMER :  \sqrt{2(2+\sqrt{e})}

+IMPOBLEU : \sqrt{2(2+\sqrt{2}})}

+IMPOIMS : \sqrt{2(2+\sqrt{2})}

Target :  e^{-\alpha\sqrt{1-e^{2}}x^{0}}

CoMER :   e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOBLEU : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOIMS : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

Target:  x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

CoMER: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOBLEU: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOIMS: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

Target:  \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

CoMER: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOBLEU: \int\limits_{-d}\int\limits_{d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOIMS: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

Target :   \log_{b}b^{x}=X

CoMER :  \log_{b}b^{x}=x

+IMPOBLEU :  \log_{b}b^{x}=x

+IMPOIMS : \log_{b}b^{x}=X

Target :    V_{t}=V_{s}=0

CoMER :   V_{t}=v_{s}=0

+IMPOBLEU :   v_{t}=v_{s}=0

+IMPOIMS : V_{t}=V_{s}=0

Target :   2\pi\sin\alpha

CoMER :  2\pi\sin a

+IMPOBLEU :  2\pi\sin a

+IMPOIMS : 2\pi\sin\alpha

Target :    \sin(nz)

CoMER :   \sin(n2)

+IMPOBLEU :   \sin(n2)

+IMPOIMS : \sin(nz)

(a)

Target:  x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

CoMER: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOBLEU: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOIMS: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

Target:  \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

CoMER: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOBLEU: \int\limits_{-d}\int\limits_{d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOIMS: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

Target :  \sqrt{2(2+\sqrt{2})}

CoMER :  \sqrt{2(2+\sqrt{e})}

+IMPOBLEU : \sqrt{2(2+\sqrt{2}})}

+IMPOIMS : \sqrt{2(2+\sqrt{2})}

Target :  -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

CoMER :  -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

+IMPOBLEU : -\frac{8}{\sqrt{1}}\leq c_{1}\leq 0

+IMPOIMS : -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

Target :  e^{-\alpha\sqrt{1-e^{2}}x^{0}}

CoMER :   e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOBLEU : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOIMS : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

Target :   \log_{b}b^{x}=X

CoMER :  \log_{b}b^{x}=x

+IMPOBLEU :  \log_{b}b^{x}=x

+IMPOIMS : \log_{b}b^{x}=X

 
Target :    V_{t}=V_{s}=0

CoMER :   V_{t}=v_{s}=0

+IMPOBLEU :   v_{t}=v_{s}=0

+IMPOIMS : V_{t}=V_{s}=0

Target :   2\pi\sin\alpha

CoMER :  2\pi\sin a

+IMPOBLEU :  2\pi\sin a

+IMPOIMS : 2\pi\sin\alpha

Target :    \sin(nz)

CoMER :   \sin(n2)

+IMPOBLEU :   \sin(n2)

+IMPOIMS : \sin(nz)

Target :  \sqrt{2(2+\sqrt{2})}

CoMER :  \sqrt{2(2+\sqrt{e})}

+IMPOBLEU : \sqrt{2(2+\sqrt{2}})}

+IMPOIMS : \sqrt{2(2+\sqrt{2})}

Target :  e^{-\alpha\sqrt{1-e^{2}}x^{0}}

CoMER :   e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOBLEU : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOIMS : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

Target:  x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

CoMER: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOBLEU: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOIMS: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

Target:  \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

CoMER: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOBLEU: \int\limits_{-d}\int\limits_{d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOIMS: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

Target :   \log_{b}b^{x}=X

CoMER :  \log_{b}b^{x}=x

+IMPOBLEU :  \log_{b}b^{x}=x

+IMPOIMS : \log_{b}b^{x}=X

Target :    V_{t}=V_{s}=0

CoMER :   V_{t}=v_{s}=0

+IMPOBLEU :   v_{t}=v_{s}=0

+IMPOIMS : V_{t}=V_{s}=0

Target :   2\pi\sin\alpha

CoMER :  2\pi\sin a

+IMPOBLEU :  2\pi\sin a

+IMPOIMS : 2\pi\sin\alpha

Target :    \sin(nz)

CoMER :   \sin(n2)

+IMPOBLEU :   \sin(n2)

+IMPOIMS : \sin(nz)

(b)

Target:  x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

CoMER: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOBLEU: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOIMS: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

Target:  \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

CoMER: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOBLEU: \int\limits_{-d}\int\limits_{d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOIMS: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

Target :  \sqrt{2(2+\sqrt{2})}

CoMER :  \sqrt{2(2+\sqrt{e})}

+IMPOBLEU : \sqrt{2(2+\sqrt{2}})}

+IMPOIMS : \sqrt{2(2+\sqrt{2})}

Target :  -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

CoMER :  -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

+IMPOBLEU : -\frac{8}{\sqrt{1}}\leq c_{1}\leq 0

+IMPOIMS : -\frac{8}{\sqrt{7}}\leq c_{1}\leq 0

Target :  e^{-\alpha\sqrt{1-e^{2}}x^{0}}

CoMER :   e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOBLEU : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOIMS : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

Target :   \log_{b}b^{x}=X

CoMER :  \log_{b}b^{x}=x

+IMPOBLEU :  \log_{b}b^{x}=x

+IMPOIMS : \log_{b}b^{x}=X

 
Target :    V_{t}=V_{s}=0

CoMER :   V_{t}=v_{s}=0

+IMPOBLEU :   v_{t}=v_{s}=0

+IMPOIMS : V_{t}=V_{s}=0

Target :   2\pi\sin\alpha

CoMER :  2\pi\sin a

+IMPOBLEU :  2\pi\sin a

+IMPOIMS : 2\pi\sin\alpha

Target :    \sin(nz)

CoMER :   \sin(n2)

+IMPOBLEU :   \sin(n2)

+IMPOIMS : \sin(nz)

Target :  \sqrt{2(2+\sqrt{2})}

CoMER :  \sqrt{2(2+\sqrt{e})}

+IMPOBLEU : \sqrt{2(2+\sqrt{2}})}

+IMPOIMS : \sqrt{2(2+\sqrt{2})}

Target :  e^{-\alpha\sqrt{1-e^{2}}x^{0}}

CoMER :   e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOBLEU : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

+IMPOIMS : e^{-\alpha\sqrt{1-e^{2}}x^{0}}

Target:  x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

CoMER: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOBLEU: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

+IMPOIMS: x^{2}-y^{2}=x^{2}+2xy+y^{2}-2xy–2y^{2}

Target:  \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

CoMER: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOBLEU: \int\limits_{-d}\int\limits_{d}^{d}dx^{11}=2\int\limits_{0}^{d}dz^{11}

+IMPOIMS: \int\limits_{-d}^{d}dx^{11}=2\int\limits_{0}^{d}dx^{11}

Target :   \log_{b}b^{x}=X

CoMER :  \log_{b}b^{x}=x

+IMPOBLEU :  \log_{b}b^{x}=x

+IMPOIMS : \log_{b}b^{x}=X

Target :    V_{t}=V_{s}=0

CoMER :   V_{t}=v_{s}=0

+IMPOBLEU :   v_{t}=v_{s}=0

+IMPOIMS : V_{t}=V_{s}=0

Target :   2\pi\sin\alpha

CoMER :  2\pi\sin a

+IMPOBLEU :  2\pi\sin a

+IMPOIMS : 2\pi\sin\alpha

Target :    \sin(nz)

CoMER :   \sin(n2)

+IMPOBLEU :   \sin(n2)

+IMPOIMS : \sin(nz)

(c)

Figure 5. Case studies on CROHME 2014 using CoMER. (a)
IMPO improves discrimination of visually similar characters. (b)
IMPO preserves delimiters, enhancing syntactic correctness. (c)
IMPO increases robustness on structurally complex expressions.

comparing the baseline CoMER with its IMPO-enhanced
variants using BLEU or IMS as rewards. The analysis
targets three main challenges: (i) symbol-level ambigui-
ties, (ii) structural consistency, and (iii) accuracy of oper-
ators/relations and expression completeness.

(a) Sensitivity to Visually Similar Characters. Fig-
ure 5a highlights the limitations of CoMER and IMPOBLEU
in distinguishing visually similar characters such as X , z,
V , and α. These models frequently confuse these char-
acters with similar-looking ones, producing substitutions
like X to x, z to 2, V to v, and α to a. These substitu-
tions lead to semantic misinterpretations in mathematical
contexts. IMPOIMS mitigates this by leveraging pixel-level
alignment and structural visual cues, enabling better symbol
disambiguation and more accurate predictions.

(b) Syntax Preservation via Delimiter Recognition.
Figure 5b demonstrates failure cases involving delimiters
such as braces and brackets. Both CoMER and IMPOBLEU
frequently omit critical syntax elements like “{” and “}”,
which are essential for semantic correctness and visual lay-
out in LaTeX-rendered formulas. In contrast, IMPOIMS
benefits from a built-in syntax consistency signal within
IMS, enabling the model to recognize and correctly place
these elements. As a result, the outputs retain grammatical
validity and layout fidelity.

(c) Structural Robustness on Complex Expressions.
Figure 5c presents complex multi-component expressions
that challenge sequence modeling and layout alignment.
CoMER and IMPOBLEU often fail to capture long-range de-
pendencies or nested structure, leading to incomplete or
misaligned predictions. IMPOIMS consistently produces
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Figure 6. Case studies illustrating the limitations of SSIM and
IMS variants (IMSHDiv, IMSKBC). (a) Comparison with SSIM
and IMSHDiv, showing SSIM’s weak semantic discrimination and
a blind spot in IMSHDiv when handling horizontal structures. (b)
Comparison with IMSKBC, showing that retaining blank columns
reduces error sensitivity in longer expressions.

accurate representations by evaluating structural integrity
through rendered visual forms, demonstrating its robustness
in complex recognition scenarios.

4.5. Case Study: IMS Metric Design
To justify our design choices for IMS, we conduct qualita-
tive case studies in Fig. 6, comparing our method against
SSIM and two key variants (IMSHDiv and IMSKBC). All
LaTeX expressions for these comparisons are rendered us-
ing ‘KaTeX‘ with the default 12pt Computer Modern font.
The output images are generated at 200 DPI and tightly
cropped to remove surrounding white padding.

Limitations of SSIM and IMSHDiv: Figure 6a illus-
trates limitations of SSIM. Designed for natural images,
SSIM emphasizes luminance and texture over symbolic
semantics, making it ineffective at distinguishing visually
similar but semantically different symbols. In the horizontal
example, SSIM fails to differentiate substitutions between
‘a’ and ‘α’, and between ‘c’ and ‘C’. Prediction 2, with
one error (substituting ‘a’ with ‘α’), scores 0.54, whereas
Prediction 1, which also replaces ‘c’ with ‘C’, scores 0.42,
showing only a small decrease despite an additional error.
In the matrix example, Prediction 1 (replacing ‘1’ with ‘i’)
scores 0.98, and Prediction 2 (further substituting ‘2’ with
‘z’) still scores 0.94. These small differences (0.54 vs. 0.42,
0.98 vs. 0.94) indicate that SSIM does not adequately pe-
nalize semantic errors between visually similar symbols be-
cause it relies heavily on local texture correlations, which
often remain highly consistent even when the underlying
symbolic intent differs substantially.

The case study highlights the weakness of IMSHDiv,
which partitions images horizontally. As mathematical for-
mulas are mainly arranged in this direction, small symbol

errors can affect many partitions, creating an evaluation
blind spot. In the first example, IMSHDiv assigns the same
score (0.07) to “α + b = C” and “α + b = c”, despite
differing error severities. For vertically structured expres-
sions like matrices, both IMS and IMSHDiv differentiate er-
rors effectively (e.g., IMSHDiv: 0.83 vs. 0.15; IMS: 0.87 vs.
0.45). This shows that IMS is robust across layouts, while
IMSHDiv struggles with horizontal arrangements. By en-
coding structural alignment, IMS produces scores that bet-
ter reflect error severity.

Limitations of IMSKBC: To analyze the behavior of
IMS variants, Fig. 6b presents examples illustrating the lim-
itations of IMSKBC, which retains all blank columns dur-
ing comparison. In Example 1, a short expression, both
IMSKBC and IMS distinguish the severity between Predic-
tion 1 (two errors, “yz0 = i”) and Prediction 2 (one error,
“yz0 = 1”), with score gaps of 0.28 (0.91− 0.63) and 0.39
(0.86 − 0.47). In Example 2, where the same errors occur
in a longer expression, many blank columns significantly
inflate the sequence length used for normalization. This
reduces the sensitivity of IMSKBC, compressing the score
difference to 0.07 (0.94 − 0.87). In contrast, IMS, which
removes blank columns, maintains a clear margin of 0.46
(0.91 − 0.45). These results show that IMSKBC becomes
less sensitive as formula length increases and blank regions
dominate the comparison.

A second limitation of IMSKBC is its susceptibility
to evaluation bias from horizontal shifts. Because blank
columns are preserved, IMSKBC would incorrectly penalize
two identical formulas if one is rendered with a horizontal
shift (e.g., comparing “E = mc2” and “E = mc2”). This
misalignment would result in a score less than 1.0, whereas
IMS, by removing leading/trailing blank columns, remains
invariant and correctly scores 1.0. Although this specific
scenario will not occur during training due to fixed render-
ing settings, it highlights an inherent weakness of IMSKBC.

5. Conclusion

In this paper, we propose Image-Matching driven Policy
Optimization (IMPO) for Handwritten Mathematical Ex-
pression Recognition (HMER), which optimizes alignment
between predicted and target rendered formula images via
the Image Matching Score (IMS). Our method improves
recognition, especially for complex structures. Experiments
on CROHME, HME100K, and M2E show consistent gains
in accuracy and fault tolerance, surpassing state-of-the-art
methods. Powered by IMS, IMPO provides a flexible,
model-agnostic training framework for sequence-based ar-
chitectures, advancing HMER and guiding future research.
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