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Abstract

Recent advances in Multimodal Large Language Models
(MLLMs) have enabled joint reasoning over financial tex-
tual and visual inputs. However, they still struggle with fi-
nancial terminology, logical consistency, and numerical com-
putations. Moreover, while commercial large models perform
well on reasoning tasks, their high inference costs limit their
scalable usage in real world financial applications. We thus
propose a cost-effective framework, CLER, that combines
contrastive retrieval with step-wise reflection to improve rea-
soning performance. Also, the reasoning cost is only gener-
ated in the test stage when using commercial large models.
CLER leverages FinErrorSet, a dataset of 8,000+ mistake-
correction pairs from diverse open-source MLLMs. A fine-
grained retriever is trained to identify structurally relevant er-
rors for self-correction through individual reflection. Experi-
ments on three benchmarks show that CLER consistently out-
performs other baselines. To our knowledge, CLER is the first
framework to use cross-model errors for financial reasoning.

Code — https://github.com/Jennie-Deng/CLER

Introduction
A smart man learns from his own mistakes,

a wise man learns from the mistakes of others.
— Otto von Bismarck

Financial reasoning improves the accuracy and interpretabil-
ity of financial analysis by providing a structured and trans-
parent thinking process. Large Language Models (LLMs)
have demonstrated strong performance on financial reason-
ing tasks (Zhu et al. 2021; Zhao et al. 2024b; Du et al.
2025a). However, the knowledge-intensive and multimodal
nature of financial data makes the domain particularly suit-
able for Multimodal LLMs (MLLMs). Applications like re-
port analysis (Zhao et al. 2024a), risk forecasting (Sawh-
ney et al. 2020), and market analysis (Liu et al. 2024) par-
ticularly benefit from models capable of jointly processing
text and visual data. However, recent benchmarks (Luo et al.
2025; Rangapur et al. 2025a; Gan et al. 2024; Xue et al.
2024; Deng et al. 2025) reveal that mainstream MLLMs
(e.g., GPT-4o, Claude-3.5) still perform poorly on financial

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

reasoning, with accuracy often below 60%. These evalua-
tions highlight persistent challenges in contextual integra-
tion, logical reasoning, and numerical computation. More-
over, closed-source models, despite generally exhibiting
stronger performance, incur high inference costs due to
the token explosion that occurs during image processing.
Specifically, as the image resolution increases, the number
of vision tokens rises quadratically, significantly escalating
computational complexity and inference latency (Zhao et al.
2025; Li et al. 2024b; Guo et al. 2024).

Learning from mistakes, particularly those made by oth-
ers, is a cognitively grounded and empirically supported
strategy for improving reasoning (Mao et al. 2024). Social
Cognitive Theory (Bandura 1977) suggests that individu-
als effectively acquire knowledge and behavioral strategies
by observing others, a process known as vicarious learn-
ing. Learning from others’ mistakes is also a smarter strat-
egy for mitigating the risk of significant losses. Studies on
erroneous example-based learning (Van Gog and Rummel
2010; Durkin and Rittle-Johnson 2012) further support this
view, showing that exposure to incorrect examples promotes
deeper understanding by prompting learners to reflect, diag-
nose, and revise errors. This aligns with the notion of neg-
ative knowledge (Tulis 2013), which emphasizes learning
what not to do in complex tasks. Recent studies show that
negative examples can guide LLMs to reflect and avoid pre-
vious errors (An et al. 2024; Tong et al. 2024; Zhou et al.
2024; Zhang et al. 2024; Ranga et al. 2024).

Inspired by these cognitive foundations, we investigate
whether MLLMs can enhance financial reasoning by learn-
ing from one another’s mistakes. Specifically, we examine
how open-source MLLMs can provide informative negative
examples to help closed-source models enhance both accu-
racy and efficiency in financial multimodal tasks. This raises
our central question: To what extent can MLLMs benefit from
cross-model error reflection compared to naive reasoning?

However, applying the principle of learning from mis-
takes across different MLLMs presents several non-trivial
challenges. First, identifying and extracting meaningful er-
ror instances from model-generated reasoning processes is
challenging due to the knowledge-intensive and multimodal
nature of financial reasoning tasks, which involve advanced
financial concepts, intricate logical and numerical reasoning,
and high context dependency. Second, transferring negative
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Figure 1: An illustrative example of financial multimodal reasoning via CoT and CLER.

knowledge between heterogeneous MLLMs is non-trivial
because their reasoning styles often differ substantially,
making direct reuse of error patterns ineffective. Third, in
multi-step reasoning tasks, general errors (e.g., applying in-
correct formulas or misinterpreting financial logic) are often
overly broad and nonspecific, offering little actionable guid-
ance for targeted model improvement.

To address these challenges, we propose Contrastive
Learning for Error Retrieval (CLER) – the first framework
that systematically leverages cross-model errors from cost-
effective open-source MLLMs to conduct reflection, ulti-
mately enhancing financial multimodal reasoning (Figure
1). CLER addresses these challenges by: (1) training a con-
trastive retrieval model that captures both semantic and
structural similarities between reasoning steps to identify
meaningful, task-specific error instances; (2) enabling indi-
vidualized reflection by allowing each MLLM to adapt re-
trieved errors to its own reasoning style rather than directly
transferring generalized error rules; and (3) retrieving fine-
grained, step-level mistake-correction pairs, enabling tar-
geted recognition of context-dependent errors (e.g., misap-
plying a formula at step 3 or omitting a negative sign at step
4). This fine-grained, context-aware error reflection facili-
tates more precise self-correction and robust improvements
in multimodal financial reasoning.

The contributions are summarized as follows: 1) We pro-
pose CLER, a novel framework, which systematically lever-

ages reasoning errors made by cost-effective open-source
MLLMs to enhance the reasoning performance of closed-
source MLLMs. Extensive experiments demonstrate that
CLER consistently outperforms baselines, achieving higher
accuracy improvement. 2) We introduce and publicly release
FinErrorSet, the first large-scale financial reasoning error
dataset, consisting of over 8,000 mistake-correction pairs at
the reasoning-step level. 3) We train a contrastive retrieval
model on FinErrorSet to enable accurate retrieval of simi-
lar error patterns from different MLLMs, which can effec-
tively retrieve semantically and structurally similar wrong
steps from an external mistake database.

Related Work
Financial Multimodal Reasoning
In the financial sector, characterized by intricate decision-
making processes, domain-specific expertise, and sophisti-
cated analysis, LLMs have demonstrated substantial poten-
tial in enhancing financial reasoning and analytical tasks,
such as investment decision-making (Chen et al. 2021; Wu
et al. 2023; Zhang and Yang 2023; Yang, Liu, and Wang
2023; Xie et al. 2023; Zhao et al. 2023, 2024c; Du et al.
2024). Notably, recent evaluations indicate that advanced
LLMs now surpass human performance on established fi-
nancial reasoning datasets, including TAT-QA (Zhu et al.
2021), TabMWP (Zhu et al. 2021), FinQA (Chen et al.
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2021), and DocMath (Zhao et al. 2023). Beyond text-based
analysis, financial multimodal reasoning introduces addi-
tional complexity and potential for innovation. Generally,
financial multimodal reasoning tasks can be categorized
into two types: knowledge-driven reasoning and perception-
driven reasoning. Knowledge-driven reasoning (Deng et al.
2025; Gan et al. 2024; Xue et al. 2024; Du et al. 2025b) re-
quires MLLMs to leverage deep financial expertise, handle
advanced financial terminologies, interpret nuanced contex-
tual information, and analyze complex financial visual data
such as charts, graphs, and tables. In contrast, perception-
driven reasoning (Luo et al. 2025; Rangapur et al. 2025b;
Gan et al. 2024; Bhatia et al. 2024) mainly assesses basic
visual capabilities, requiring interpretation of simpler visual
elements without extensive integration of textual context.

Despite the expectation that MLLMs approach human-
level reasoning performance on multimodal tasks, empiri-
cal evaluations on financial multimodal benchmarks, such as
FinMR (Deng et al. 2025), FAMMA (Xue et al. 2025), and
FinMME (Luo et al. 2025), consistently demonstrate perfor-
mance below 60%, indicating significant limitations. These
findings highlight persistent challenges faced by MLLMs in
effectively integrating complex textual and visual financial
data, underscoring the critical need for further advancement
in multimodal financial reasoning methodologies.

Learning from Mistakes

Researchers have recently proposed various methods for in-
tegrating negative or erroneous examples to enhance the per-
formance of LLMs (An et al. 2024; Tong et al. 2024; Li
et al. 2024a; Wang et al. 2024; Zhang et al. 2024; Sun et al.
2024; Jin et al. 2025). One prominent approach involves
fine-tuning LLMs with negative data to guide them away
from common errors (Mao et al. 2024). However, this strat-
egy is impractical for closed-source models (e.g., GPT series
and major MLLMs). An alternative to fine-tuning is to store
historical mistakes in external databases and retrieve these
examples dynamically to inform model reasoning. Methods
such as Contrastive Chain-of-Thought (Chia et al. 2023),
which explicitly provide both positive and negative reason-
ing examples within prompts, have been proposed. Addi-
tionally, recent techniques like LEAP (Zhang et al. 2024)
and RICP (Sun et al. 2024) utilize generalized insights and
principles derived from past errors to guide LLM reasoning.

However, directly applying these methods to multimodal
financial reasoning tasks incurs prohibitively high token-
processing costs due to the complexity and size of mul-
timodal data. Consequently, a more cost-effective strategy
involves learning from errors generated by open-source
models, avoiding the resource-intensive demands of closed-
source multimodal models. Moreover, rather than generaliz-
ing principles broadly, adopting a step-level individualized
error learning mechanism could yield more precise and ef-
fective corrections tailored to each reasoning scenario.

CLER for Multimodal Financial Reasoning
Task Definition
We define multimodal financial reasoning as a structured
reasoning task that requires the joint integration of textual
and visual financial information. Formally, each instance
is represented as: X = (c, q, I, O), where c denotes the
textual financial context, q is the reasoning question, I =
{i1, . . . , is} represents the associated visual inputs (e.g.,
stock charts or financial tables), and O = {o1, . . . , on} is
the set of candidate answers, with exactly one correct an-
swer A∗ ∈ O. Given an input instance X , the model is
required to generate a step-wise reasoning trajectory R̂ =
{r̂1, r̂2, . . . , r̂T } that leads causally and interpretably to a
predicted answer Â, with each step r̂t grounded in the pro-
vided evidence. The optimization objective is to accurately
predict the ground-truth answer A∗ by minimizing the pre-
diction error between Â and A∗, while producing coher-
ent reasoning trajectories that align with financial evidence,
thereby ensuring both accuracy and interpretability.

CLER Framework Overview
Motivated by the principle of learning from others’ mis-
takes, CLER aims to enhance the performance of financial
multimodal reasoning tasks by enabling models to reflect
on errors made by other models. As illustrated in Figure 2,
CLER consists of three key stages: 1) constructing an er-
ror database (FinErrorSet) that records erroneous reasoning
steps along with their corresponding corrections, 2) train-
ing a contrastive retriever that identifies semantically and
structurally similar errors, and 3) facilitating model-specific
reflection to promote effective self-correction. We will de-
scribe each module in detail below.

Error Database Construction
To facilitate fine-grained learning from diverse errors, we
construct an error database D, referred to as FinErrorSet
(see Figure 2(a)). To be specific, we employ multiple open-
source MLLMs, including DeepSeek-VL-2 (Wu et al. 2024),
Qwen-VL-2.5 (QwenTeam 2025), and InternVL-3 (Chen
et al. 2024), to generate reasoning chains R based on the
FinMR (Deng et al. 2025) and FAMMA (Xue et al. 2024)
training datasets. The corresponding reasoning chains are
generated using the following prompt:

[System Input]: You are a financial expert and are sup-
posed to answer the given questions with options, context
information, and images. Put the correct option (A, B, C,
or D) in []. e.g. Therefore, the correct option is [B].
[User Input]: Context: {context}; Question: {question};
Images: {images}; Options: {options}
Let’s think step by step to answer the given question.

Each generated reasoning chain R consists of multiple in-
termediate steps (ri,j), where i denotes the step index and
j represents the question index. Each step is then indepen-
dently evaluated by the same models acting as step checkers,
which compare each generated step against ground-truth an-
notations, in Figure 2(a). Once an erroneous step r′i,j is iden-
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Figure 2: The framework of CLER includes: (a) Error Database Construction: all three open-source models are used to solve
multimodal financial problems step by step, (b) A pretrained retriever via contrastive learning method, (c) Reflection and
Correction: proprietary models firstly generate reasoning chains, then use pretrained retriever to find top-1 similar wrong step
and correct step for each step form other models, finally refect whether they have same problems and conduct self-correction.

tified, it is revised to obtain the corrected version r∗i,j , form-
ing an error-correction pair (r′i,j , r

∗
i,j).

[System Input]: You are a step checker, you compare
your wrong reasoning steps and correct explanations.
Accordingly, revise your wrong reasoning steps.
[User Input]: Context: {context}; Question: {question};
Images: {images}; Options: {options}; a set of
wrong steps: {wrong steps} and correct explanations:
{explanations}.

Number Ratio
Total Questions 3258 –
Total Wrong Steps 8852 –
Reasoning Type

* Expertise Reasoning 5138 58.0%
* Math Reasoning 3714 42.0%

Source Models
* DeepSeek-VL-2 2668 30.1%
* InternVL-3 2689 30.4%
* Qwen-VL-2.5 3495 39.5%

Table 1. Statistics of the Error Database: FinErrorSet.

Formally, the final database can be represented as: D ={
(r′1,1, r

∗
1,1), ..., (r

′
i,j , r

∗
i,j)

}
. Table 1 shows the statistics of

FinErrorSet. It captures a diverse set of error types produced
by different MLLMs, including numerical miscalculations,
financial logic misunderstandings, and incorrect multimodal

integration. This structured error database serves as the ba-
sis for our retrieval model, supporting fine-grained reflection
and correction for other models.

Contrastive Learning for Error Retrieval
Different models exhibit distinct reasoning styles due to
variations in their architectures, training datasets, internal
mechanisms, and development methodologies. To robustly
identify and retrieve meaningful reasoning errors from the
meticulously constructed error database D (FinErrorSet),
we employ a contrastive learning approach. Specifically, we
train a contrastive retrieval model designed to accurately
capture and retrieve reasoning errors that are semantically
and structurally similar in nature. Figure 2(b) outlines our
training approach, with detailed parameter settings provided
in Algorithm 1. As previously noted, Figure 1 illustrates an
example where the retriever successfully identifies a relevant
erroneous reasoning step along with its corresponding cor-
rection, demonstrating the retriever’s effectiveness in captur-
ing fine-grained reasoning similarities.

Step-level Error Reflection and Correction
When presented with the same error cases, individuals of-
ten exhibit diverse interpretations and reasoning paths. Sim-
ilarly, different LLMs demonstrate varying reflective be-
haviors when addressing the same erroneous reasoning.
To avoid ineffective guidance resulting from the homoge-
nization of principles, we propose a model-specific reflec-
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Algorithm 1: Retriever Training via Contrastive Learning
Input: Error database D = {(r′i,j , r∗i,j)}, batch size B = 128,
epochs E = 5, temperature τ = 0.07, encoder En(·): Sup-
SimCSE
Output: Trained encoder En(·)
1: Initialize encoder En(·)
2: for epoch e = 1, 2, . . . , E do
3: Shuffle error database D
4: for each batch {(r′i, r∗i )}Bi=1 ⊆ D do
5: Encode anchor and positive ei = En(r′i), e

+
i = En(r∗i )

6: Lbatch ← 0
7: for i = 1, . . . , B do
8: sim+

i =
ei·e

+
i

∥ei∥∥e
+
i ∥

9: Ni ←
{
En(r′a,b) | (a, b) ̸= (i, j)

}
10: Compute sim−

i =
{
cos(ei, e

−) | e− ∈ Ni

}
11: denomi = exp(sim+

i /τ) +
∑

sim∈sim−
i
exp(sim/τ)

12: Li = − log
exp(sim+

i /τ)

denomi

13: Lbatch ← Lbatch + Li

14: end for
15: Lbatch ← Lbatch/B
16: Update En(·) via gradient descent on Lbatch
17: end for
18: end for
19: return trained encoder En(·)

tion strategy. In particular, we encourage models to en-
gage in individual reflection, guided by referenced error
cases, enabling them to autonomously refine their reason-
ing chains and improve their answers. In the inference stage,
the MLLM generates a multi-step reasoning chain R =
{r1, r2, . . . , rT }. For each reasoning step rt ∈ R, the re-
trieval model queries the constructed error database D to
identify the top-1 semantically and structurally similar er-
roneous step r′i,j and its corresponding correction r∗i,j .

The MLLM then performs error reflection by analyzing
and summarizing these retrieved pairs and generating a cor-
rective insight I(rt, r′i,j , r∗i,j). This insight is applied to re-
vise the current reasoning step via a reflection function:
r̂t = Self-correction(rt, I(rt, r′i,j , r∗i,j)), yielding the re-
fined reasoning chain R̂ = {r̂1, r̂2, . . . , r̂T }. This reflection
mechanism enables step-wise self-correction, allowing the
MLLM to iteratively revise flawed reasoning steps and im-
prove accuracy. Below is the reflection prompt template.

[System Input]: You are given a set of wrong steps: wrong
steps and correct steps: correct steps from other models,
and reflect on how to avoid those mistakes. Then revise
your reasoning steps: reasoning steps
[User Input]: Context: {context}; Question: {question};
Images: {images}; Options: {options}.

Experiments
Experimental Setup
Benchmarks We evaluate our approach on three financial
multimodal reasoning benchmarks, each requiring integra-
tion of domain-specific knowledge, textual comprehension,

and visual perception, such as tables and charts: 1) FinMR
(Deng et al. 2025): An expert-level benchmark with 3,200
questions that require complex financial reasoning. Each in-
stance includes detailed textual context, one or more finan-
cial images, and expert-annotated explanations. 2) FAMMA
(Xue et al. 2024): A multilingual financial multimodal rea-
soning benchmark designed to reflect college-level exper-
tise. Each financial question is paired with one or more
relevant images, requiring advanced domain knowledge to
support sophisticated reasoning. 3) MMMU-Finance (Yue
et al. 2024): A specialized subset of the open-domain Multi-
discipline Multimodal Understanding benchmark, compris-
ing 1,110 samples selected from Finance, Economics, and
Accounting domains1. Notably, 95% of the visual inputs in
this subset are financial tables.

Baselines We consider the following baseline methods: 1)
CoT (Wei et al. 2022): A method that instructs LLMs to
generate intermediate reasoning steps (i.e., Let’s Think Step
by Step) before producing the final answer. 2) LEAP (Zhang
et al. 2024): This method first generates incorrect reasoning
samples using zero-shot CoT responses, then derives explicit
guiding principles from them alongside the correct answers.
During inference, the model leverages both the learned prin-
ciples and provided examples to improve answer accuracy.
3) RICP (Sun et al. 2024): This method employs a teacher-
student framework, where the teacher model identifies and
analyzes the student’s mistakes. During inference, relevant
error cases are dynamically retrieved to construct question-
specific principles for targeted guidance.

Implementation Details We construct the error database
using open-source models: Qwen2.5-VL-72B-Instruct
(QwenTeam 2025), DeepSeek-VL-2 (Wu et al. 2024),
InternVL-3-78B (Chen et al. 2024). All experiments are
conducted using four NVIDIA A100 GPUs. For closed-
source models: GPT-4o (OpenAI 2024), Gemini-2.0-flash
(DeepMind 2024), Claude-4-sonnet (Anthropic 2025), we
set the temperature parameter to 0.7.

Main Results
As shown in Table 2, CLER consistently outperforms all
baselines across all datasets. Notably, CLER’s substantial
improvement over the CoT baseline highlights the effec-
tiveness of fine-grained contrastive learning combined with
error reflection. On FinMR (Expertise), CLER achieves
65.90% accuracy with GPT-4o, representing a notable
8.83% gain over CoT. Both LEAP and RICP generally out-
perform the CoT baseline, confirming their effectiveness in
improving model performance through explicit error analy-
sis and retrieved contextual principles. Nevertheless, CLER
consistently outperforms these methods, demonstrating su-
perior capability in detailed error reflection and robustness.

When applying LEAP, we also observe several perfor-
mance drops (indicated with underlines), such as GPT-4o on
FinMR Math subset (-6.43%), Gemini-2.0-flash on FinMR

1In the broader domain of Finance, topics such as Economics
and Accounting are two closely related subfields that underpin ad-
vanced financial reasoning tasks.
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Model Method FinMR(Acc%) FAMMA(Acc%) MMMU-Finance(Acc%)

ALL Math(37.8%) Expertise(62.2%) ALL Math(50%) Expertise(50%) Math

GPT-4o

CoT 54.17 49.40 57.07 54.50 53.00 56.00 62.77
LEAP 57.66 (↑3.49) 42.97 (↓6.43) 66.59 (↑9.52) 54.50 (-) 49.00 (↓4.00) 60.00 (↑4.00) 63.56 (↑0.79)
RICP 58.12 (↑3.95) 51.00 (↑1.60) 62.44 (↑5.37) 58.00 (↑3.50) 55.00 (↑2.00) 61.00 (↑5.00) 63.99 (↑1.22)
CLER(ours) 61.18 (↑7.01) 53.41 (↑4.01) 65.90 (↑8.83) 60.00 (↑5.50) 56.00 (↑3.00) 64.00 (↑8.00) 66.78 (↑4.01)

Gemini-2.0-flash

CoT 56.15 50.20 59.76 56.50 53.00 60.00 56.85
LEAP 57.81 (↑1.66) 49.80 (↓0.40) 62.68 (↑2.92) 61.00 (↑4.50) 58.00 (↑5.00) 64.00 (↑4.00) 58.03 (↑1.18)
RICP 59.64 (↑3.49) 52.61 (↑2.41) 63.90 (↑4.14) 62.50 (↑6.00) 60.00 (↑7.00) 65.00 (↑5.00) 59.77 (↑2.92)
CLER(ours) 62.12 (↑5.97) 57.03 (↑6.83) 65.21 (↑5.45) 65.00 (↑8.50) 64.00 (↑11.00) 66.00 (↑6.00) 60.66 (↑3.81)

Claude-4-sonnet

CoT 57.36 48.59 62.28 60.00 59.00 61.00 63.78
LEAP 60.89 (↑3.53) 52.21 (↑3.62) 66.10 (↑3.82) 61.00 (↑1.00) 57.00 (↓2.00) 65.00 (↑4.00) 65.72 (↑1.94)
RICP 61.91 (↑4.55) 53.41 (↑4.82) 67.07 (↑4.79) 64.00 (↑4.00) 62.00 (↑3.00) 66.00 (↑5.00) 66.66 (↑2.88)
CLER(ours) 65.10 (↑7.74) 56.63 (↑8.04) 70.24 (↑7.96) 67.00 (↑7.00) 65.00 (↑6.00) 69.00 (↑8.00) 68.77 (↑4.99)

Table 2. Result comparison of different models and methods across all datasets. MMMU-Finance consists of math reasoning
questions. ↑ for increase, ↓ for decrease. Bold indicates the best result in each column. Underlined values indicate a drop.

Math (-0.40%), and Claude-4-sonnet on FAMMA Math (-
2.00%). These drops typically occur when retrieved er-
ror cases lack structural similarity to the current reason-
ing step, resulting in misleading principles. Such issues are
common in baseline methods, underscoring the limitations
of surface-level textual similarity when it is not incorpo-
rated with deeper logical structures. In contrast, CLER cap-
tures structural-semantic similarity, effectively mitigating
misleading retrieval.

The MMMU-Finance dataset, which is primarily com-
posed of math-based reasoning tasks, exhibits a slightly
higher baseline accuracy. Nevertheless, CLER achieves
meaningful gains, such as a 4.01% improvement over CoT
with GPT-4o, showcasing the adaptability and robustness of
our approach even in homogeneous, math-intensive reason-
ing settings. On datasets requiring substantial financial ex-
pertise (e.g., FinMR and FAMMA’s expertise categories),
CLER demonstrates particularly strong gains, underscoring
the benefits of incorporating a detailed, fine-grained error
reflection in complex multimodal reasoning tasks.

Claude-4-sonnet outperforms other models, indicating
strong intrinsic reasoning capabilities in financial multi-
modal tasks. Despite this intrinsic strength, CLER further
boosts performance, demonstrating the universal applicabil-
ity and effectiveness of our method across diverse model ar-
chitectures and reasoning capabilities.

Ablation Study
To assess the contribution of each module in CLER, we con-
duct an ablation study across all financial reasoning datasets
using GPT-4o. 1) w/o CL Retriever & Reflection: the CoT
baseline without retrieval or reflection; 2)w/o Reflection:
step-level retrieval is performed, but MLLMs do not reflect
on the retrieved information; 3) w/o CL Retriever: reflec-
tion is retained, but the retriever is replaced by a semantic
similarity-based one; 4) CLER: the full method combining
contrastive retrieval with step-level reflection.

Table 3 reports the performance of four configurations
across all datasets. We observe consistent performance
gains as more components of CLER are activated. Specif-
ically, FinMR-All improves from 54.17% to 61.18%, while
FinMR-Math increases from 49.40% to 53.41%. Similar
trends are observed on FAMMA and MMMU-Finance, with

gains up to +3.78% over the baseline on math-heavy subsets
(e.g., 66.78% on MMMU-Math vs. 62.77%).

These results reveal three key insights: 1) Reflection is
essential, as removing it results in significant drops across
all subsets (e.g., FinMR-Expertise: 65.90% → 60.33%), 2)
The contrastive retriever consistently outperforms semantic-
based retrieval, underscoring the value of structural align-
ment in retrieving relevant error patterns, and 3) Gains are
particularly evident in math-heavy subsets, such as FinMR-
Math (49.40% → 53.41%) and MMMU-Math (62.77% →
66.78%), indicating that CLER is especially effective in cor-
recting step-level numerical reasoning errors. These tasks
often involve formula misapplication, incorrect intermediate
steps, or numerical condition confusion – error types that
benefit most from fine-grained structural retrieval and tar-
geted insights. Overall, this ablation confirms that both mod-
ules—contrastive retrieval and reflection—are indispensable
and synergistic within CLER.

Further Analysis and Discussion
We now delve deeper into our framework, CLER, to better
understand why it achieves its improvements.

Individualized Insights of Reflection

Figure 3: Performance Difference between General Princi-
ples and Individualized Insights on FinMR.

In the final stage of CLER, although error-correction pairs
are retrieved from FinErrorSet, the model does not directly
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Method FinMR-All FinMR-Math FinMR-Exp FAMMA-All FAMMA-Math FAMMA-Exp MMMU-Math

w/o CL + Ref 54.17 49.40 57.07 54.50 53.00 56.00 62.77
w/o Reflection 56.78 (+2.61) 50.93 (+1.53) 60.33 (+3.26) 55.50 (+1.00) 54.00 (+1.00) 57.00 (+1.00) 62.99 (+0.22)
w/o CL Retriever 58.52 (+4.35) 51.03 (+1.63) 63.07 (+6.00) 58.00 (+3.50) 54.00 (+1.00) 62.00 (+6.00) 63.00 (+0.23)
CLER 61.18 (+7.01) 53.41 (+4.01) 65.90 (+8.83) 60.00 (+5.50) 56.00 (+3.00) 64.00 (+8.00) 66.78 (+4.01)

Table 3. Ablation study results on GPT-4o across FinMR, FAMMA, and MMMU-Finance.

Dataset v3.7 v4.0 Gain
FinMR 62.85 65.10 +2.25
FinMR-Math 54.21 56.63 +2.42
FinMR-Expertise 68.10 70.24 +2.14
FAMMA 65.50 67.00 +1.50
FAMMA-Math 64.00 65.00 +1.00
FAMMA-Expertise 67.00 69.00 +2.00
MMMU-Finance 67.72 68.77 +1.05

Table 4. Improvements from Claude-3.7-sonnet to Claude-
4.0-sonnet across financial datasets.

adopt the principles generated by others. Instead, our frame-
work encourages models to reflect independently on each
retrieved pair. By comparing each retrieved erroneous and
corrected step to its current reasoning, the model generates
insights tailored to its own reasoning trajectory. This design
enables the model to generate context-sensitive corrections
aligned with its own reasoning structure.

To assess the impact of this design, we compare gen-
eral principles (pre-generated by open-source models before
testing) with individualized insights (generated by closed-
source models dynamically at test time). As shown in Fig-
ure 3, tailored insights consistently improve performance
across all models, with gains of 3.0% for GPT-4o, 3.04%
for Gemini-2.0-flash, and 3.02% for Claude-4-sonnet. This
confirms that individualized reflection is more effective than
merely borrowing fixed principles from others.

Impact of Using Different Versions of MLLMs
To examine the effect of model version, we compare Claude
3.7-sonnet and Claude 4.0-sonnet, two successive releases
from the same model family. As shown in Table 4, Claude
4.0 consistently outperforms Claude 3.7 across all evaluated
benchmarks. Specifically, on FinMR overall, Claude 4.0
achieves 65.10% accuracy compared to 62.85% for Claude
3.7, reflecting a 2.25% absolute improvement. Performance
gains are also evident in both FinMR-Math (2.42%) and
FinMR-Expertise (2.14%), indicating improved capability
in numerical and domain-specific reasoning. The improve-
ments are consistent and robust, confirming that continual
advancements in model training can synergize effectively
with correction frameworks such as CLER.

Benefit of Error Database Size
To evaluate the impact of error database size on retrieval-
augmented reasoning, we vary the size of the error database
used in the CLER framework. Specifically, we construct

Figure 4: Effect of error database size on accuracy across
FinMR, FAMMA, and MMMU-Finance.

three versions of the database containing 100%, 80%, and
50% of the original error instances. In each setting, we ran-
domly subsample the database while preserving the origi-
nal error-type distribution to ensure fairness. As shown in
Figure 4, reducing the size of the error database results in a
clear and consistent decline in performance across all bench-
marks. These results show that database scale is critical for
effective retrieval and correction. A larger database not only
increases the likelihood of retrieving highly relevant errors
but also offers more diverse and informative counterexam-
ples, thereby enhancing model reflection and learning.

Conclusion
We introduce CLER, a novel framework that enhances mul-
timodal financial reasoning by reflecting cross-model errors.
CLER retrieves step-level mistake–correction pairs from a
curated error database and prompts model-specific reflec-
tion, enabling robust and context-aware reasoning. Addi-
tionally, CLER generates the FinErrorSet used by free open-
source models, resulting in a lower cost compared to us-
ing commercial MLLMs to prepare an error dataset. Ex-
periments on financial benchmarks show that CLER con-
sistently outperforms strong baselines in both math and ex-
pertise reasoning tasks, with ablation studies confirming the
complementary roles of contrastive retrieval and structured
reflection. Limitations: CLER’s performance depends on
the quality and diversity of the error database, which may
limit generalization to novel error types. It also focuses on
step-level reflection, potentially overlooking cross-step or
higher-order reasoning patterns.
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