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Abstract

Long-context financial document understand-
ing and reasoning pose significant challenges
for small language models (SLMs). In this pa-
per, we scale the financial long-context reason-
ing capability of SLMs through reinforcement
learning. Specifically, we propose an efficient
curriculum reinforcement learning recipe that
features staged training across context lengths
and difficulty-aware data sampling. To support
our curriculum recipe, we curate Fin-Ladder,
a difficulty-graded financial corpus spanning
diverse datasets and context lengths. We ap-
ply the proposed corpus and recipe to train
Financial Long-Context Reasoner (FinLCR), a
4-billion parameter model with enhanced fi-
nancial reasoning capabilities. Experiments
demonstrate that our curriculum learning recipe
yields superior performance on financial numer-
ical reasoning benchmarks.

1 Introduction

Financial document understanding is critical for
investment analysis, corporate governance, and reg-
ulatory compliance. However, financial texts, such
as SEC filings and analyst reports, typically span
hundreds of pages and require simultaneous long-
context retrieval and multi-step numerical reason-
ing. While small language models offer significant
efficiency gains over frontier models, they empiri-
cally struggle with long-context reasoning, present-
ing a fundamental cost-performance trade-off in
financial applications.

Existing approaches to enhancing financial rea-
soning have primarily focused on short-context
tasks (Qian et al., 2025; Liu et al., 2025). How-
ever, reasoning in a long context poses significant
challenges that cannot be generalized from short-
context reasoning training; we observe at most a

"Work done during author’s internship at Amazon.
“Equal contribution.
#Corresponding author: yonxie@amazon.com

34% performance gap from mainstream LMs be-
tween FinQA (Chen et al., 2021) and DocFinQA
(Reddy et al., 2024) despite that the latter consists
of the same question sets. Besides, the gap widens
from small language models compared with their
large counterparts. Enhancement of reasoning ca-
pability on long-context tasks becomes critical for
the adoption of small language models in the finan-
cial domain.

In this paper, we propose a curriculum reinforce-
ment learning recipe to scale the reasoning capa-
bility of small language models on long-context
financial tasks. Our recipe features a progressive
two-stage short-to-long training framework rein-
forced by difficulty-aware sampling. We structure
the curriculum to advance from short-context exam-
ples, establishing core reasoning patterns, to long-
context scenarios that require complex information
retrieval and integration. Unlike unstable online
filtering methods, our approach utilizes an offline
difficulty-aware strategy to identify and prioritize
"learnable" data points—those that are challeng-
ing yet achievable—thereby optimizing training
stability and efficiency.

To facilitate the recipe, we curate Fin-Ladder,
a composite dataset characterized by graded dif-
ficulty and varying context lengths derived from
diverse financial benchmarks. We instantiate the
proposed corpus and recipe to train a Financial
Long-Context Reasoner (FinLCR-4B), a 4-billion pa-
rameter model based on Qwen3 (Zhao et al., 2025)
with enhanced financial reasoning capabilities.

We evaluate FinLCR-4B on both short- and long-
context financial reasoning tasks. On DocFinQA
(128K context), it achieves 47.29% accuracy, out-
performing its base model (42.52%), Qwen3-30B
(42.41%), DeepSeek-R1 (31.02%), and Claude
Haiku 4.5 (42.30%). We further validate the recipe
against alternative RL approaches including DAPO
(Yu et al., 2025) and SEC (Chen et al., 2025),
demonstrating superior performance. Ablation



studies confirm that neither staged training nor
difficulty-aware sampling suffices alone. Further
analysis shows that the two stages target comple-
mentary capabilities, i.e., reasoning and retrieval,
respectively.

2 Method

2.1 Reinforcement Learning

We scale financial long-context reasoning through
reinforcement learning, where the policy 7y is opti-
mized to maximize the expected correctness of gen-
erated responses. We employ Grouped Sequence
Policy Optimization (GSPO) as our primary al-
gorithm, a variant of Group Relative Policy Op-
timization (GRPO) designed to mitigate training
instability (Zheng et al., 2025; Shao et al., 2024).
Besides, we adopt an outcome reward model based
on rules or LLM-as-a-judge depending on the task
nature, assigning a binary reward r(y, y) = 1 if the
response § is correct and O otherwise.

2.2 Curriculum Learning Recipe

Two-Stage Short-to-Long Curriculum. Rea-
soning in long financial documents requires two dis-
tinct capabilities: numerical reasoning and informa-
tion retrieval. To disentangle these challenges, we
adopt a two-stage training strategy. Stage 1 trains
on short-context data to establish robust numeri-
cal reasoning and answer formatting skills. Stage
2 extends training to long-context documents, ini-
tializing from the best Stage 1 checkpoint. This
progression is motivated by the intuition that rea-
soning patterns, e.g., formula application and table
interpretation, transfer directly from short to long
contexts. By mastering these skills in Stage 1, the
model can focus on the skill of long-context re-
trieval in Stage 2, stabilizing the learning process
on complex long-context questions.

Difficulty-Aware Offline Sampling.  To ensure
data efficiency, we employ an offline sampling strat-
egy that prioritizes samples within the model’s
"learnable zone." Standard random sampling of-
ten includes "over-easy" examples (which provide
minimal policy gradient signal) or "over-hard" ex-
amples (which yield zero rewards, destabilizing
RL). Inspired by curriculum learning principles
(Bengio et al., 2009), we estimate the difficulty of
each sample using the pass rate of the base model:
PassRate(x) = %Zle r(y,9;). We steer the
training by retaining and sampling only the data
with PassRate in the intermediate learnable range

[77,7]. The offline approach eliminates repeated
inference overhead and prevents distribution shifts
during training, ensuring a consistent and high-
quality signal for policy optimization while reduc-
ing the sample size and training cost.

2.3 Dataset Curation: Fin-Ladder

To facilitate our curriculum recipe, we construct
Fin-Ladder, a composite dataset with graded dif-
ficulty and varying context lengths. We aggregate
high-quality financial benchmarks and stratify them
into two categories based on context length.

Short-Context Datasets (Stage 1). We source
data from FinQA (Chen et al., 2021), ConvFinQA
(Chen et al., 2022), BizBench (Krumdick et al.,
2024), and FinCoT (Qian et al., 2025). These
datasets primarily feature context lengths of 2K-8K
tokens and focus on multi-step numerical reason-
ing over financial tables and text. They serve as the
foundation for learning arithmetic operations, table
lookups, and financial logic.

Long-Context Datasets (Stage 2). For the sec-
ond stage, we utilize DocFinQA (Reddy et al.,
2024), which comprises real-world annual reports
and SEC filings. These documents range from 32K
to 128K tokens, requiring the model to retrieve
evidence across widely separated pages before per-
forming reasoning. This split ensures a diverse
distribution of reasoning types while rigorously
testing long-context capabilities.

We apply the difficulty-aware sampling strategy
to the raw data sources to maximize training effi-
ciency and stabilize the training signal. Using the
base model as the actor and the reward model for
verification, we compute pass rates for all candi-
date samples. We strictly retain only those falling
within the [0.2, 0.8] pass rate interval, effectively
pruning samples that are either already mastered
(PassRate > 0.8) or currently provide sparse re-
ward signal (PassRate < 0.2). Furthermore, to
account for varying complexity levels and distinct
difficulty distributions across datasets, we employ
targeted down-sampling or up-sampling to ensure
a balanced distribution. This curation results in
a high-quality subset concentrated in the optimal
learning zone with average pass rates of 58% for
the short stage and 57% for the long stage. We
defer more analysis on the dataset to Appendix B.



DocMathEval

Size FinQA DocFinQA Avgl Avg
CL CS SL SS

(Curriculum) Reinforcement Learning
Qwen3-4B-Thinking-2507 4B 67.79 42.52 28.82 7550 50.00 6850 4045 55.52
GSPO 4B 71.26 44.36 31.60 7450 42.00 6850 39.32 55.37
DAPO 4B 69.31 43.71 30.56 7550 47.00 67.00 4042 55.51
SEC (GSPO) 4B 70.93 44 .47 3093 7850 49.00 69.00 41.46 57.13
FinLCR-4B 4B 68.87 47.29 30.56 77.50 50.00 72.00 42.62 57.70
Frontier Models
Qwen3-30B-A3B-Thinking-2507 30B  67.57 42.41 3194 77.00 52.00 73.00 42.12 57.32
Qwen3-235B-A22B-Instruct 235B  63.02 35.45 37.11 79.00 52.00 73.50 41.52 56.68
DeepSeek-R1 671B  65.29 31.02 37.80 7550 51.00 73.00 39.94 55.60
Claude Haiku 4.5 - 63.99 42.30 3471 7200 54.00 76.00 43.67 57.17
Claude Sonnet 4.5 - 72,67 55.75 40.55 81.50 61.00 80.00 5243 65.24
Claude Opus 4.5 - 73.86 56.29 39.18 8550 62.00 80.00 52.49 66.14

Table 1: Accuracy on financial reasoning benchmarks (in percentage). CL/CS/SL/SS denote complex-long, complex-
short, simple-long, simple-short splits of DocMathEval benchmark. Avg’ denotes average accuracy over long-
context benchmark. Avg denotes overall average accuracy. SEC is applied to GSPO for fair comparison.

3 Experiments

We conduct intensive experiments on applying
our curriculum reinforcement learning recipe and
Fin-Ladder to train SLMs. Models are evaluated
on diverse financial benchmarks to answer 3 key re-
search questions: (RQ1) Does RL upon our recipe
and dataset improve SLM’s long-context reason-
ing capability? (RQ2) How is our recipe com-
pared with other curriculum learning approaches?
(RQ3) What are the benefits of staged training and
difficulty-aware sampling in our recipe?

Backbone. We utilize Qwen3-4B-Thinking-2507
from the Qwen series (Zhao et al., 2025) as our
backbone. It is a SOTA small reasoning model with
native support for the context length of 262,144.
We use it due to its strong inherent reasoning capa-
bilities and long-context performance, serving as an
ideal testbed for enhancing domain-specific long-
context reasoning. We name the resulting model as
Financial Long-Context Reasoner (FinLCR-4B).

Benchmarks. We use three financial benchmarks
covering diverse context lengths and task types.
FinQA (Chen et al., 2021) contains financial ques-
tions requiring multi-step numerical reasoning over
tables and text. DocFinQA (Reddy et al., 2024) ex-
tends FinQA to long documents representing real
financial reports, allowing us to assess length gen-
eralization capabilities. Specifically, we test on a
128K context length. DocMathEval (Zhao et al.,
2024), consisting of 4 subsets, i.e., simple-short,
simple-long, complex-short, complex-long, tests
mathematical reasoning on documents with vary-

ing lengths and complexity. We report accuracy
calculated upon rule-based numerical equivalence.

Baselines. We compare FinLCR-4B against two
distinct categories of baselines to validate both its
absolute performance and the efficacy of our train-
ing recipe. First, we evaluate against frontier mod-
els, including SOTA proprietary and open-weight
models such as the Claude 4.5 series, Qwen3-30B-
A3B, Qwen3-235B-A22B (Zhao et al., 2025), and
DeepSeek-R1 (DeepSeek-Al, 2025).

Second, to demonstrate the specific efficacy of
the curriculum learning recipe, we compare it
against alternative approaches. These includes na-
tive GSPO, Decoupled Clip Dynamic Sampling
Policy Optimization (DAPO), which filters train-
ing samples dynamically based on real-time pass
rates (Yu et al., 2025), and Self-Evolving Curricu-
lum (SEC), which constructs curriculum through
a non-stationary multi-armed bandit (Chen et al.,
2025). We deploy the baseline approaches on the
mixture of raw data sources without staged training
and difficulty-aware sampling.

3.1 Main Results

Table 1 presents the main results. Specifically,
FinLCR-4B achieves a significant performance leap
over its backbone model. On the critical long-
context benchmark DocFinQA, our model im-
proves accuracy by 4.77%. Furthermore, for the
average accuracy over long-context benchmarks
(Ang ), which includes DocFinQA and the long-
context splits of DocMathEval, FinLCR-4B scores
42.62%, markedly outperforming the base model.
This confirms that our specialized RL recipe suc-



Avg’ Avgl Avg

Short Only 70.44 41.81 56.13
Long Only 70.29 40.06 55.18
Naive GSPO 71.42 39.32 55.37
+ S2L 68.57 40.48 54.52

+ DAS 67.97 38.71 53.33
+Both 72.79 42.62 57.70
7=[0.2,0.7] 73.57 43.90 58.74
7=[0.3,0.8] 73.01 44.39 58.70

Table 2: Ablation on curriculum components and DAS
threshold sensitivity. Short/Long train on short- or long-
context data only. Bottom rows vary 7=[7;,7;] from the
default [0.2,0.8].

cessfully scales long-context reasoning capabilities
that general-purpose training fails to elicit (RQ1).

Remarkably, FinLCR-4B delivers competitive
performance against generalist models orders of
magnitude larger. On DocFinQA, it outperforms
Qwen3-30B (47.29% vs 42.41%) and surpasses
the very large DeepSeek-R1 (31.02%), suggesting
that general-purpose scaling does not guarantee
domain-specific long-context proficiency. While
the proprietary Claude Sonnet and Opus 4.5 remain
the topline, FinLCR-4B significantly narrows the
gap and performs on par with Haiku 4.5.

Compared to other training recipes, FinLCR-4B
achieves 47.29% on DocFinQA, outperforming
SEC (44.47%) and DAPO (43.71%). We attribute
this to DAPO’s focus on reward stabilization rather
than skill progression, and SEC’s inability to con-
struct an effective context-length curriculum de-
spite accounting for difficulty. In contrast, our
recipe ensures progressive skill acquisition through-
out training, resulting in enhanced long-context
reasoning (RQ2).

3.2 Ablation Study

To answer RQ3, we investigate the individual and
combined contributions of our recipe’s components,
attribute gains to retrieval vs. reasoning, and vali-
date robustness to hyperparameter choices. Table 2
presents the setups and results.

Stage Synergy. The component analysis reveals
a crucial synergy between the short-to-long (S2L)
curriculum and difficulty-aware sampling (DAS).
Results in Table 2 imply that the components in iso-
lation produce trade-offs; for instance, S2L helps
arrest the decline in long-context tasks compared
with Naive GSPO (Avg” recovers to 40.48%) but
causes a regression in short performance (68.57%).

The DAS ensures the curriculum focuses on high-
signal examples, preventing the noisy rewards often
seen during training. Consequently, the combined
approach surpasses all baselines in both regimes,
validating that progressive complexity and data
quality should be optimized jointly.

Retrieval vs. Reasoning Attribution. FinQA
and DocFinQA sharing the same QA pairs but dif-
ferent evidence length provides a natural ablation
to disentangle retrieval and reasoning contributions.
A comparison of accuracy on these matched pairs
isolates the retrieval bottleneck. On FinQA (with
oracle evidence), accuracy is proxy for reasoning
capability, It improves from 68.4% (backbone) to
69.2% (Stage 1) to 69.3% (FinLCR-4B), indicating
Stage 1 captures most reasoning improvement. The
accuracy on DocFinQA (with full documents) rises
from 43.4% to 44.4% to 47.0%, with the larger
jump in Stage 2 confirming it specifically targets
retrieval. Besides, we leverage LLM-as-a-judge to
classify whether models’ thinking references the
gold evidence; we find that retrieval success rate
increases from 75.1% (backbone) to 76.0% after
Stage 1 (+0.9%) and 77.9% after Stage 2 (+1.9%),
confirming that Stage 2 contributes twice the re-
trieval gain of Stage 1. Experiment setup and fur-
ther analysis are deferred to Appendix C.2.

Threshold Robustness. We validate the robust-
ness of DAS by varying the threshold window. We
vary the pass rate threshold by 0.1 as its distribution
is clustered. As seen in the bottom panel of Table 2,
shifting the lower boundary up (7=[0.3,0.8]) or the
upper boundary down (7=[0.2,0.7]) yields Ang
of 44.39% and 43.9% respectively, surpassing all
baselines. The threshold variants also yield leading
results on short-context benchmarks. These vari-
ants retain different subsets of the training data yet
achieve consistent gains, confirming that perfor-
mance stems from the curriculum structure rather
than threshold choices. Additional threshold vari-
ants are deferred to Appendix C.1.

4 Conclusion

In this paper, we propose a novel curriculum
reinforcement learning recipe for financial long-
context reasoning by using difficulty-aware sam-
pling with a two-stage short-to-long context pro-
gression. We curate Fin-Ladder, a comprehen-
sive dataset, and instantiate the recipe to train
Financial Long-Context Reasoner (FinLCR-4B), a



specialized 4B small language model for financial
long-context reasoning. Our experiments demon-
strate that FinLCR-4B not only substantially out-
performs its base model but also achieves parity
with or surpasses generalist models orders of mag-
nitude larger on challenging benchmarks. These
findings validate that structured curriculum learn-
ing and rigorous data curation are critical pathways
for unlocking high-performance reasoning in small
language models.

Limitations. Our work has limitations. First,
our difficulty-aware sampling relies on a single
base model’s performance for difficulty estimation,
which may not perfectly align with other models’
learning curves. Second, our curriculum is coarse-
grained with only two stages; finer-grained pro-
gression might yield further improvements. Third,
our evaluation focuses primarily on numerical rea-
soning tasks; the effectiveness of our approach on
other types of long-context financial understanding
(e.g., summarization) remains to be explored.
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A Related Work

Financial Reasoning. Financial document un-
derstanding requires models to perform complex
numerical reasoning over tables, charts, and text.
FinQA (Chen et al., 2021) introduced the first large-
scale dataset for numerical reasoning over financial
data, focusing on answering questions that require
multi-step calculations. TAT-QA (Zhu et al., 2021)
extended this to more complex table-and-text hy-
brid scenarios. More recently, DocFinQA (Reddy
et al., 2024) and FinanceBench (Islam et al., 2023)
scaled financial QA to long documents (128K to-
kens and more), representing real-world annual
reports and SEC filings.

Several works have explored specialized models
for financial reasoning. Fin-o1 (Qian et al., 2025)
introduced chain-of-thought reasoning dataset
called FinCoT for financial problems. Fin-R1 (Liu
et al., 2025) applied reinforcement learning specif-
ically to financial question answering. However,
these approaches primarily focus on short-context
documents (typically <10K tokens) and have not
systematically explored long-context (>100K to-
kens) scenarios with small models (<10B parame-
ters).

Post-training for LLMs. Post-training tech-
niques have become essential for aligning LLMs
with human preferences and improving their rea-
soning capabilities. Supervised Fine-Tuning (SFT)
(Ouyang et al., 2022b) remains the foundation,
where models learn from human demonstrations.
RLHF (Ouyang et al., 2022a) introduced rein-
forcement learning from human feedback, using
a learned reward model to guide policy optimiza-
tion through PPO (Schulman et al., 2017). More
recent works have explored outcome-based RL ap-
proaches that eliminate the need for separate critic
models. GRPO (Shao et al., 2024) and GSPO
(Zheng et al., 2025) directly optimize policies using
group-relative advantages, making training more
stable and efficient. DPO (Rafailov et al., 2023)
reframes RL as supervised learning on preference
pairs. DAPO (Yu et al., 2025) introduces dynamic
filtering strategies to select training data based on
model performance. Our work builds on GSPO but
introduces a difficulty-aware sampling strategy that
provides stability benefits similar to DAPO while
avoiding the overhead of online policy evaluation
during training.
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Figure 1: Pass-rate distribution by data source. Most samples cluster at the extremes (0.0 or 1.0), confirming the
bimodal structure that motivates difficulty-aware filtering. The retained [0.2, 0.8] interval targets the informative

middle where group-relative advantages are non-trivial.

Long-Context Reasoning. Extending context
windows in LLMs has been an active research area.
Early position encoding schemes like RoPE (Su
et al., 2023) enabled context extension through
interpolation and extrapolation. YaRN (Peng
et al., 2024), ABF (Xiong et al., 2023), and other
methods further improved position encoding for
longer sequences. Evaluation of long-context un-
derstanding has also evolved. The "Needle in a
Haystack" (NIAH) test (Kamradt, 2023) measures
retrieval capabilities across varying context lengths.
RULER (Hsieh et al., 2024) and MRCR (Vodrahalli
et al., 2024) provide more comprehensive evalua-
tions. However, most long-context work focuses
on general-domain tasks. Our work specifically
addresses long-context numerical reasoning in the
financial domain, which poses unique challenges
combining information retrieval and multi-step cal-
culation.

Curriculum Learning. Curriculum Learning
(CL) (Bengio et al., 2009; Soviany et al., 2022) pro-
poses training models on easy examples before pro-
gressively increasing difficulty. Curriculum learn-
ing has been widely studied across various domains,
including computer vision and NLP tasks (Wang
et al., 2021; Giiven et al., 2025). In the context of
LLMs, curriculum strategies have been explored
for data ordering (Liu et al., 2024; Xie et al., 2024),
difficulty-based sampling (Platanios et al., 2019),

and task progression (Xu et al., 2020; Zhang and
Zuo, 2025). Prior work on context extension has
explored position encoding modifications (Press
et al., 2022; Zhu et al., 2024; Shang et al., 2025)
and training strategies. Recently, curriculum rein-
forcement learning has been explored to increase
training efficiency and improve performance (Chen
et al., 2025; Zhang et al., 2025; Wang et al., 2025;
Parashar et al., 2025), but none of them are investi-
gated on long-context reasoning tasks.

B Data Statistics

Figure 1 shows the pass rate distribution across all
data sources used to construct Fin-Ladder. The
distributions are heavily bimodal: the majority
of samples are either trivially solved (pass rate =
1.0) or impossible for the base model (pass rate =
0.0). This confirms that standard random sampling
would be dominated by uninformative extremes
that yield zero policy gradient signal under group-
relative optimization.

The retained [0.2, 0.8] band captures the informa-
tive middle where rollout groups produce diverse
outcomes, enabling meaningful advantage estima-
tion. Short-context sources (BizBench, FinQA,
ConvFinQA, FinCoT) exhibit a strong right skew
resulting in retention rates of 10-15%. In contrast,
DocFinQA shows a more balanced distribution
with substantial mass at both extremes, yielding



DocMathEval

Thresholds Train Size FinQA DocFinQA Avgl Avg
CL CS SL SS

[0.2,0.8] 3,890 68.87 47.29 30.56 77.50 50.00 72.00 42.62 57.70

[0.3,0.7] 2,222 69.96 43.93 3090 7650 48.00 72.50 4094 56.96

[0.1,0.9] 7,310 70.39 44.14 29.20 73.00 51.00 7150 4144 56.53

[0.2,0.7] 2,400 69.20 46.20 29.50 77.00 56.00 74.50 43.90 58.74

[0.3,0.8] 3,712 69.52 46.96 30.20 77.00 56.00 72.50 44.39 58.70

Table 3: Threshold sensitivity analysis. All models trained with the full two-stage recipe (S2L + DAS), varying only
the pass-rate threshold. Train Size = total retained samples (short + long).

a higher retention rate of 23.7%. This difference re-
flects the greater difficulty variance in long-context
documents, where retrieval complexity introduces
a wider range of challenge levels.

C Ablation Analysis

C.1 Threshold Sensitivity Analysis

To validate that our results are not an artifact of a
specific threshold choice, we train four additional
models using the full two-stage recipe while vary-
ing the DAS pass-rate window [7;, 7,]. We test
two symmetric shifts (narrowing to [0.3, 0.7] and
widening to [0.1, 0.9]) and two asymmetric bound-
ary changes ([0.2, 0.7] and [0.3, 0.8]). Table 3
reports the full results.

Narrowing the window to [0.3, 0.7] reduces the
training set by 43% (from 3,890 to 2,222 sam-
ples), while widening to [0.1, 0.9] nearly doubles
it (7,310 samples). Despite this large variation in
data volume, both variants remain within 1-2% of
the default on FinQA and DocMathEval. However,
DocFinQA drops by ~3% under both symmetric
shifts, indicating that the full [0.2, 0.8] band pro-
vides the richest signal for long-context document
QA.

The asymmetric experiments isolate the contri-
bution of each boundary band. Removing only
the upper band ([0.2, 0.7]) or only the lower band
([0.3, 0.8]) yields DocFinQA scores of 46.20% and
46.96% respectively. They are close to the default
(47.29%) and substantially better than removing
both bands simultaneously ([0.3, 0.7] at 43.93%).
This confirms that both the 0.2-0.3 (near-hard) and
0.7-0.8 (medium-easy) samples contribute useful
training signal, and their combined presence is op-
timal.

FinQA accuracy is stable across all variants
(68.9-70.4%), well within confidence intervals.
Short-context numerical reasoning is insensitive
to threshold selection, as expected given the abun-

dance of short-context training data across all con-
figurations. Overall, performance is robust to
threshold perturbations of £0.1, with no variant
significantly degrading results. The default [0.2,
0.8] achieves the best DocFinQA accuracy.

C.2 Retrieval vs. Reasoning Attribution

A key question is whether FinLCR-4B’s gains on
long-context benchmarks stem from improved evi-
dence retrieval, improved numerical reasoning, or
both. We present two complementary analyses
that disentangle these contributions across training
stages.

Oracle-Context Ablation Analysis FinQA and
DocFinQA share 922 identical questions: FinQA
provides only the gold evidence paragraphs and
tables, while DocFinQA embeds the same ev-
idence in the full annual report. Comparing
model accuracy on these matched pairs directly
isolates the retrieval bottleneck—FinQA accuracy
reflects reasoning-only performance, and the gap to
DocFinQA accuracy measures retrieval difficulty.

Table 4 reveals a clear division of labor between
training stages. The retrieval gap shrinks from
25.05% (backbone) to 24.84% after Stage 1, and
then to 22.34% after Stage 2; a 2.5% reduction con-
centrated entirely in the long-context training phase.
Meanwhile, oracle accuracy based on FinQA, a
proxy for reasoning, improves primarily in Stage
1 (+0.76%) with negligible further gain in Stage 2
(+0.11%).

The model agreement distribution reinforces this
interpretation. Oracle-Only Correct—cases where
the model reasons correctly given gold evidence but
fails on the full document—drops from 28.0% to
24.49%, with the majority of the reduction in Stage
2 (27.0% — 24.4%). Conversely, Both Wrong (rea-
soning failures regardless of context) remains fixed
at 28.6% across all stages, confirming that reason-
ing gains are modest and front-loaded in Stage 1.



Backbone Stagel FinLCR-4B

(a) Benchmark Performance

Oracle Acc. (FinQA) 68.44 69.20 69.31

Full Doc Acc. (DocFinQA) 43.38 44.36 46.96

Retrieval Gap (A) 25.05 24.84 22.34
(b) Model Agreement

Both Correct 40.5% 42.2% 44.9%

Oracle-Only Correct 28.0% 27.0% 24.4%

Full-Only Correct 2.9% 2.2% 2.1%

Both Wrong 28.6% 28.6% 28.6%
(c) Retrieval Analysis

Retrieval Rate 75.1% 76.0% 77.9%

Reasoning | Retrieval 57.5% 58.2% 60.0%

Table 4: Retrieval vs. reasoning attribution. (a)
Accuracy on matched FinQA (oracle evidence) and
DocFinQA (full document) pairs; the retrieval gap mea-
sures performance lost to imperfect evidence selection.
(b) Model agreement between oracle and full-document
settings; Oracle-Only Correct indicates retrieval failure.
(c) LLM-as-a-judge analysis of whether the thinking
trace references gold evidence; Reasoning|Retrieval
is accuracy conditioned on successful retrieval.

Retrieval Analysis To corroborate the analysis
with an independent signal, we use Claude Opus
4.5 as a judge to classify whether each model’s
thinking trace references the correct evidence from
the oracle context. For each of the 922 DocFinQA
predictions per model, the judge compares the full
thinking trace against the FinQA gold evidence
and classifies retrieval as retrieved, partially re-
trieved, or not retrieved. Combined with answer
correctness, this yields a retrieval x reasoning de-
composition without relying on paired accuracy
comparisons.

Table 4 confirms the same pattern: retrieval rate
improves by +0.9% in Stage 1 and +1.9% in Stage
2, while reasoning conditioned on retrieval im-
proves more uniformly (+0.7% and +1.8% respec-
tively). The larger retrieval gain in Stage 2 aligns
with our findings and validates that long-context
training specifically enhances evidence localiza-
tion.

Together, both analyses converge on the same
conclusion: the two-stage curriculum targets com-
plementary capabilities, with Stage 1 establishing
numerical reasoning and Stage 2 addressing the
retrieval bottleneck in long documents.

D Qualitative Analysis

D.1 Thinking Patterns

To understand how different training approaches
affect model reasoning, we analyze thinking pat-

Figure 2: Thinking pattern comparison. (a) Qwen3-
4B-Thinking-2507 uses bottom-up reasoning for explo-
ration. (b) After SFT on GPT-40-generated CoT data,
the model adopts top-down decomposition, disrupting
natural thinking patterns and degrading performance.

Let me search through the text to find information
about Brazilian paper sales as a percentage of
printing papers in 2006.

Looking at the text, I see a section on "SALES VOLUMES
BY PRODUCT" with a table showing sales data for 2006,
2005, and 2004.

In the table, there\'s a line item for "BRAZILIAN
PAPER" with sales of $496 million in 2006.

(a) Bottom-Up Reasoning.

Alright, let's figure out what percentage of the total
sales in 2006 was due to Brazilian paper sales. First,
I need to find the total sales for the Printing Papers
segment. According to the data, it's $6,930 million.
Now, I need to see how much of that was specifically
from Brazilian paper. The data says Brazilian paper
sales were $496 million. Okay, so now I need to
calculate what portion of the total sales this
represents. To do that, ...

(b) Top-Down Reasoning

terns of the base model, SFT-trained models, and
FinLCR-4B.

Bottom-Up vs Top-Down Reasoning. We ob-
serve two distinct reasoning patterns in financial
QA. Bottom-up reasoning starts by exploring avail-
able data (e.g., "Let me search through the text...")
before formulating solution steps. Top-down rea-
soning begins with problem decomposition (e.g.,
"First, I need to find...Then, I need to calculate...")
before data retrieval. Figure 2 illustrates represen-
tative examples of both patterns.

Why SFT Disrupts Thinking Patterns. Initial
attempts to improve the base model through super-
vised fine-tuning (SFT) on FinCoT (generated by
GPT-40) (Qian et al., 2025) resulted in performance
degradation. Analysis reveals that this failure stems
from fundamental pattern mismatches: Qwen3-
4B-Thinking-2507 naturally employs bottom-up
reasoning with extensive exploration (avg. 2.5k
tokens), while GPT-40 uses concise top-down de-
composition (avg. 300 tokens) on the FinQA bench-
mark. SFT on GPT-40-generated demonstrations
forced the model to adopt top-down patterns, dis-
rupting its natural reasoning structure and signifi-
cantly reducing thinking length. This mismatch led
to incomplete reasoning and lower accuracy.

RL Preserves Thinking Patterns. In contrast,
our GSPO-based approach optimizes for outcome
correctness without prescribing specific reasoning
paths. Analysis of FinLCR-4B’s outputs shows that



the model retains its natural bottom-up pattern with
appropriate thinking length while improving accu-
racy. This preservation of natural thinking structure
explains why RL succeeds where SFT fails: RL
enhances what the model already does well rather
than replacing it with incompatible patterns.
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