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Abstract. Post-training via Supervised Fine-Tuning (SFT) and Rein-
forcement Learning (RL) is crucial for enhancing reasoning in Multi-
modal Large Language Models (MLLMs), yet existing paradigms of-
ten reach a performance bottleneck due to the limitations of static
data. While current methods leverage self-reflection or self-evolution to
push these boundaries, they still suffer from cognitive drift and hallu-
cinated reasoning paths caused by low-quality synthetic data. To ad-
dress these challenges, we propose Anchor Evolution (AnE), a new
paradigm that integrates truth-anchored data curation and model evo-
lution, achieving faithful and steady performance gains at the reason-
ing frontier. Specifically, we propose Truth Anchor Expansion, which
pinpoints the model failing frontier via trajectory rollouts and lever-
ages ground-truth databases to retrieve high-fidelity anchors for faithful
data curation. Subsequently, we introduce the Scaffold-Stripping Mech-
anism to internalize reasoning capabilities. This mechanism first an-
chors reasoning paths via scaffold-augmented supervision to mitigate
the learning complexity and distribution drift of direct SFT on raw
data, then leverages RL to strip the scaffold template, thereby effec-
tively transitioning the reasoning paths into intrinsic model capabilities.
Experimental results on multimodal reasoning benchmarks show that
our method substantially advances the model performance frontier, im-
proving the base model by 10.3% across eight multimodal benchmarks
and achieving state-of-the-art results. The code will be publicly available
at https://github.com/wangzehao0704/AnE.

Keywords: Multimodal Large Language Model - Multimodal Reason-
ing - Post-training

1 Introduction

Post-training methods, particularly Supervised Fine-Tuning (SFT) and Rein-
forcement Learning (RL), have become the dominant strategies for developing
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Fig.1: (a-c) Comparisons of training paradigms. Compared to static post-
training and self-evolution paradigms, our proposed Anchor Evolution paradigm re-
trieves verified truth anchors from ground-truth databases to enable faithful data cura-
tion and internalize reasoning capabilities. (d) Performance comparisons. Anchor
Evolution achieves state-of-the-art or highly competitive results across eight multi-
modal reasoning benchmarks.

advanced reasoning capabilities in multimodal large language models .
Recent literature highlights a distinct division of roles between the two: SFT is
primarily focused on assimilating new knowledge and reasoning patterns, while
RL is more about reinforcing existing behavioral patterns, rather than intro-
ducing entirely new capabilities [9,[11,[28]. Building on these complementary
strengths, modern approaches often combine both SFT and RL techniques. This
integration effectively merges knowledge acquisition with behavioral alignment,
thereby improving the reliability of reasoning .

However, previous post-training frameworks often rely on static
training data (including both SFT and RL data), as illustrated in [Fig. 1a).
Although such data can initially improve the model’s reasoning capability to
some extent, it is constrained by a fixed data distribution, which limits its ability
to scale or adapt as the model’s capabilities evolve. As a result, the model often
fails to perform targeted training to address its specific weaknesses in subsequent
iterations, leading to a performance bottleneck.

To break this bottleneck, recent Self-Evolution paradigms advocate
synthetic data, as shown in [Fig. 1|(b). For example, C2-evo [7] evolves both the
model and its training data in a closed-loop manner, dynamically adjusting task
complexity based on the model’s current performance. While these approaches
enhance the richness and difficulty of the data, they face two major challenges.
First, the QA pairs in the generated data often contain logical errors, which can
accumulate and amplify across iterations, leading to catastrophic cognitive drift
and ultimately degrading performance. Second, answers in synthetic data are
typically sourced directly from the teacher model or human experts, which may
diverge significantly from the model’s own distribution and capabilities. Conse-
quently, training on such data often leads to superficial imitation of reasoning
steps rather than genuine improvement in reasoning ability .
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Rethinking the post-training paradigm, we observe that the scalability and
quality of training data play a decisive role in shaping the model’s reasoning tra-
jectory. While static datasets provide reliable supervision, they lack the scalabil-
ity to adapt to the model’s evolving weaknesses, whereas self-evolution methods
relying on synthetic data often introduce hallucinated reasoning paths and cog-
nitive drift. These observations suggest that effective model evolution requires
both adaptability to the model’s failing frontier and reliable knowledge sources.
To this end, we introduce truth anchors, which are verified anchor samples re-
trieved from ground-truth databases that serve as high-fidelity references for
constructing new training data and preventing hallucinated reasoning trajecto-
ries.

Based on this observation, we seek to enable scalable, faithful model evolu-
tion. To this end, we propose Anchor Evolution (AnE), a post-training paradigm
that grounds data evolution in verified real-world knowledge while focusing on
the model’s failure frontier. The AnE framework comprises three integrated
stages: (i) Failing-Frontier Discovery precisely identifies the regions where
the model underperforms. This is accomplished through multiple rollouts on
the seed dataset, ensuring that the training signals are closely aligned with the
model’s current cognitive capabilities. A teacher model is then used to diag-
nose failures, extracting failure-relevant keywords and hints to guide subsequent
training stages; (ii) Truth Anchor Expansion retrieves verified samples from
an external, real-world database to serve as high-fidelity anchors, ensuring that
model training consistently relies on authentic knowledge and avoids the cogni-
tive drift inherent in synthetic-only cycles; and (iii) Scaffold-Stripping Mech-
anism leverages hints from an external teacher to guide the model toward cor-
rect answers and generates scaffold-augmented data for SFT. It then employs
RL to remove the scaffolds, enabling the model to internalize this guidance as
an intrinsic capability. We conduct our Anchor Evolution (AnE) experiments
using the Qwen2.5-VIL-7B model as the base. As shown in d), across eight
benchmarks, AnE demonstrates continuous improvement over multiple itera-
tions, enhancing the base model by an average of 10.3%. Notably, it maintains
state-of-the-art performance on particularly challenging datasets such as Math-
Vision [42] and EMMA [16].

To sum up, the primary contributions of this work are summarized as follows:

— We build Anchor Evolution (AnE), a post-training framework that tightly
couples truth-anchored data curation and model evolution, achieving faithful
and steady gains at the multimodal reasoning frontier.

— We propose Truth Anchor Expansion, which pinpoints where the model fails
via trajectory rollouts and retrieves verified truth anchors from ground-truth
databases to construct high-fidelity training data, thereby avoiding halluci-
nated reasoning trajectories.

— We propose scaffold-augmented supervision to anchor the model on correct
reasoning paths, and then utilize RL to strip the scaffold template, enabling
the model to internalize the reasoning capability.
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— Extensive experiments on eight multimodal reasoning benchmarks show that
AnE achieves consistent gains, improving the base model by 10.3% on aver-
age and attaining state-of-the-art performance on challenging datasets such
as MathVision and EMMA.

2 Related Work

Post-training for multimodal reasoning. Recent multimodal large language
models commonly adopt a post-training pipeline that combines supervised fine-
tuning (SFT) and reinforcement learning (RL) |1/13}|17}21}[26}45,|53]. SFT is
typically used to provide a cold start with structured reasoning traces, while
RL methods (e.g., GRPO [13]) further improve robustness by optimizing task
rewards. However, in many pipelines, the SFT/RL datasets are prepared in ad-
vance, which keeps the training distribution largely static throughout optimiza-
tion. As the model evolves, such static data become increasingly misaligned with
the model’s capability frontier, often resulting in diminishing returns.

Iterative SFT—RL optimization. Beyond one-pass post-training, recent work
explores iterative optimization by alternating SFT and RL stages |3})14123/33,37].
For example, OpenVLThinker [10] performs multiple rounds of SFT and RL using
a manually constructed static dataset and reject sampling, gradually introducing
harder training samples in later stages. Such schedules can improve stability, for
instance by reducing policy drift, and help the model focus on hard samples
exposed during RL. Nevertheless, the data construction in these pipelines is
often static or only weakly adaptive |3|, which limits sustained progress at the
reasoning frontier. In contrast, we evolve the training data with Truth Anchor
Expansion to target the model’s failing frontier while iterating SF'T and RL.

Feedback-driven optimization and self-evolution. Feedback-driven meth-
ods introduce external critics [26|/51] or self-reflection [22]| to refine reasoning
processes, and self-evolution systems further form closed-loop training cycles
using synthetic supervision |7},20,|39]. While these approaches can improve per-
formance, they may suffer from cognitive drift and hallucinated reasoning paths
when the training signal is dominated by low-quality self-synthetic data. Differ-
ent from purely synthetic self-evolution, our Anchor Evolution uses Truth Anchor
Expansion to retrieve verified truth anchors from ground-truth databases for
faithful data curation, and employs the Scaffold-Stripping Mechanism (scaffold-
augmented supervision followed by RL to strip the scaffold template) to inter-
nalize reasoning capability.

3 Method

In this section, we introduce Anchor Evolution (AnE), an iterative post-training
framework designed to achieve faithful and sustained performance gains at the
reasoning frontier. As illustrated in the AnE process comprises three
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Fig.2: Overview of Anchor Evolution (AnE). AnE consists of three stages:
Failing-Frontier Discovery, where we run rollouts and use a teacher for diagnosis;
Truth Anchor Expansion, where we retrieve verified truth anchors from ground-
truth databases; and the Scaffold-Stripping Mechanism, where we perform scaffold-
augmented SFT and then use RL to strip the scaffold template. These stages are re-
peated in an Iterative Evolution Cycle to push the model’s reasoning frontier.

stages: (i) Failing-Frontier Discovery , which performs multiple roll-
outs of the model under training to probe the capability landscape. A teacher
model then provides diagnostic analysis, transforming the reasoning trajectories
of hard failure samples into search keywords and actionable hints; (ii) Truth
Anchor Expansion , which retrieves high-fidelity anchor samples from
a ground-truth database using the generated search keywords for faithful data
curation; (iii) Scaffold-Stripping Mechanism (Sec. 3.3), which leverages the ac-
tionable hints to construct scaffold-augmented data for SF'T, and subsequently
applies RL to remove the scaffold templates, thereby transitioning the reasoning
trajectory into intrinsic model capabilities. These three stages form an Iterative
Evolution Cycle that is repeated to progressively evolve the model .

3.1 Failing-Frontier Discovery

Preliminary RL for Initial Reasoning Ability. To initiate the Anchor Evo-
lution cycle, a preliminary RL phase is conducted to establish the model’s initial
reasoning state, denoted as MpyerL, using a seed RL dataset Dry,. This stage
serves as a warm-up rather than the core contribution of AnE. By incentivizing
the activation of existing knowledge through preliminary RL, the model’s la-
tent reasoning capacity is more fully exploited [341|37]. Consequently, the model
is pushed toward its intrinsic reasoning ceiling, thereby reducing the risk that
subsequent failure discovery is confounded by superficial instruction-following
weaknesses or elicitation artifacts.

Data Routing. To assess the model’s current performance, we perform K
stochastic rollouts for each sample x in the seed SFT dataset Dspr, using
MprerL as a diagnostic probe. This procedure produces a set of reasoning-
trajectory groups Rgpr = {r: | = € Dgspr}, where each group r, =
{Uz.1,---, Uz, x} contains the K stochastic rollout trajectories generated for sam-
ple x. Each prediction g is evaluated against the ground-truth label y using an
indicator function I(¢,y) € {0,1}, which returns 1 if the prediction is correct
and 0 otherwise. The model’s performance on sample x is then quantified by the
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success count:
K

(@) = 3 Wi, v).
k=1

Based on the success count ¢(z), we partition Rgpr into three mutually exclu-
sive subsets: (i) Redundant set (Ryequndant). Samples with ¢ = K, representing
fully redundant signals, are categorized as Riequndant and pruned from the evo-
lution cycle to eliminate unnecessary computational overhead. (ii) Volatile set
(Ryolatile)- Samples with 1 < ¢ < K, which reflect emerging or unstable capabil-
ities, are grouped into Ryolatile- These samples are retained in the training set
to preserve optimization stability and prevent premature forgetting. (iii) Failing
frontier (Rpontier): Samples with ¢ = 0, representing a complete failure in the
seed SFT data, constitute the failing frontier. This frontier plays a key role in
Anchor Evolution, as these samples highlight critical gaps in the model’s capa-
bilities. In addition, we include in R ontier the samples from the preliminary RL
phase that the model continues to fail consistently. These samples, like those
with ¢ = 0 in the seed SFT data, fall outside the model’s exploration capabili-
ties and cannot be resolved through standard RL methods. This strategy ensures
that the failing frontier captures a more comprehensive view of the model’s most
persistent and fundamental logical deficiencies.

Diagnostic Analysis via Teacher Model. For each r, € Rgontier, W& em-
ploy a diagnostic function G(-), implemented via a teacher model, to conduct
a fine-grained analysis of the corresponding trajectory set r,. Specifically, G(+)
first identifies the root cause of failure by categorizing errors into four distinct
dimensions: knowledge, understanding, reasoning, and execution. Guided by this
taxonomy, it then derives a metadata tuple as follows:

(kw, hx) — G(m,ym, {gl, . ,QK}).

The search keywords k; consist of 3-5 nouns related to = and r;, which act as
semantic probes for retrieving truth anchors from an external ground-
truth database, specifically associated with failure-neighborhood samples. Mean-
while, the actionable hints h, are 1-3 sentences used to help solve problem z,
serving as structured scaffolds that reduce problem difficulty, thereby making
the target solution more accessible to the model .

3.2 Truth Anchor Expansion

Once the failing frontier Rgontier is identified, a key challenge is how to ex-
pand these failure cases effectively. Relying solely on synthetic question gener-
ation [15,/32] may introduce unanchored cognitive drift, in which the model’s
reasoning gradually diverges from objective logical truth. To address this issue,
we introduce Truth Anchor Expansion, a retrieval-augmented mechanism that
grounds the expansion process in an authentic external database. Specifically,
AnE retrieves verifiable ground-truth samples from the database that match the
model’s identified logical deficiencies. This helps the model learn from failure
cases while maintaining factual and logical consistency.
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Truth Anchor Retrieval for Failure Frontier. For each failure reasoning
trajectory r; € Rgontier, the associated search keywords k, serve as semantic
probes for targeted retrieval. We define a large-scale ground-truth database,
Dpool, which contains verified samples spanning diverse domains. Based on the
identified failure, the anchoring process selects a set of truth anchors a; C Dpool
that lie in its semantic and logical neighborhood. A pre-trained embedding model
¢(+) projects both the retrieval query ¢, = Prompt(k,) and candidate samples
into a shared latent representation space. Truth-anchor retrieval then reduces to
a similarity-based ranking problem:

ay = {x' € Dpool ‘ rank(sim (¢(Qx)a¢($l))) < N}’

where sim(-,:) denotes cosine similarity and N specifies the top-N retrieval
threshold. The resulting anchor data is denoted as Aaw = {as}. This proce-
dure ensures that retrieved samples directly address the identified deficiencies
while preserving strict alignment with verified ground-truth knowledge.

Merging Anchor Data with the Seed SFT Dataset. To ensure that the
augmented anchor data provides sufficient learning signals, the raw anchor set,
Apaw, 18 first deduplicated to form A. Subsequently, A is integrated into the fine-
tuning dataset, Dgpr, and undergoes K stochastic rollouts and data partitioning
as described in [Sec. 3.1 Redundant data is discarded, and only the volatile
data, denoted as Ryolatile, iS retained in the training set. The resulting frontier,
Rirontier, 1S then directed into the process outlined in

3.3 Scaffold-Stripping Mechanism

After Failing-Frontier Discovery and Truth Anchor Expansion, we obtain Ryolatile
and Rprontier- Rvolatile consists of partial samples that represent reasoning trajec-
tories successfully generated by the model, which can be directly utilized for SFT
training. In contrast, Reontier Still lacks correct reasoning trajectories. While cur-
rent methods, such as teacher distillation or the use of reasoning trajectory data
annotated by human experts, can be employed, these datasets often differ signif-
icantly from the model’s current capabilities. As a result, directly applying them
for SFT tends to lead to superficial imitation rather than enabling the model to
truly master and generate high-quality reasoning abilities. To address this, we
leverage the actionable hint from [Sec. 3.1]to construct Scaffold-Augmented Data
for Rtrontier, which is then used for SFT training. Subsequently, the hints from
Riprontier are removed and integrated into the RL dataset to effectively transform
the assisted reasoning paths into intrinsic model capabilities.

Scaffold-Augmented SFT. To bridge the gap between the failure frontier
and model ability, we leverage actionable hints h, to elicit successful reasoning
trajectories from the model’s own distribution. Specifically, for each z, we first
construct a guided prompt by appending the hint to the question:

Tscaffold = T @ hy.
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We then execute K stochastic rollouts. For every successful trajectory gy that
reaches the correct ground truth (i.e., where 1 < ¢ < K under guidance), we
relocate the scaffold h, from the input to the prefix of the output. This trans-
formation yields the following training tuple:

(:L’, hac 2] gk)
This process transforms Ry ontier it R;’r'ontier that contains the correct reasoning
trajectories. Finally, we extract the correct trajectories from both R;;Omicr and
Ryolatile, using them for Final SFT training.

AnE utilizes reasoning paths that the model either discovers independently
or is guided to discover through teacher hints. This ensures that the model
consistently focuses on the boundary of its capabilities, learning from data where
its abilities are unstable, thus stabilizing the training process. It provides a solid
foundation for the model to eventually master these tasks independently.

Internalization via RL Stripping. While SFT enables the model to solve
previously impossible problems through actionable hints from a teacher, the
model remains externally dependent. To achieve true capability expansion, we
utilize RL as a mechanism for scaffold stripping. During this phase, we add
R ior to the RL dataset (without the actionable hint in the input question).
To ensure the RL dataset contains sufficient learning signals, similar to the seed
SFT data in [Sec. 3.1] we also perform K rollouts on it and filter out the samples
where ¢ = K, forming the final RL dataset. Finally, we perform RL training on
the final RL dataset. The model is presented only with the original problem x
and must independently reach the correct answer y without any hints.

This optimization bridges the gap between hint-aided success and indepen-
dent mastery, compelling the model to recover the underlying reasoning logic
autonomously. As a result, the previously scaffold-dependent capabilities be-
come solidified in the model’s parametric weights, successfully advancing the
frontier of the model’s reasoning ability.

3.4 Iterative Evolution Cycle

The subsequent process of the AnE framework follows a continuous SFT-RL
evolution cycle. At the beginning of each new iteration, the framework takes the
model from the previous round as its starting point and re-executes the proce-
dures outlined in [Sec. 3.1] to [Sec. 3.3] excluding the preliminary RL phase. This
cycle is repeated to continuously advance the model at the reasoning frontier.

4 Experiments

4.1 Experimental Settings

Implementation Details. The SFT process of the AnE framework is imple-
mented using MindSpeed-MM, while the RL phase is conducted with GSPO [56]
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on veRL [38]. For data routing, K = 4 stochastic rollouts are performed. The
teacher model, Qwen2.5-VL-72B-Instruct [1], is used to conduct diagnostic anal-
ysis, while Qwen3-Embedding-8B [55] is employed for embedding search key-
words and data in the external database during truth anchor expansion. For
truth anchor retrieval, N = 5 nearest neighbors are selected. The model cur-
riculum begins with a preliminary RL phase to establish the initial reasoning
ability. It then undergoes three complete evolution iterations, each consisting of
an SFT stage with scaffolded assistance, followed by an RL stage for scaffold
shedding. Training continues until either the SFT loss or the RL mean reward
converges. All experiments are performed on clusters of 64 Ascend 910B NPUs,
with Qwen2.5-VL-7B-Instruct as the base model. Detailed hyperparameters are
provided in the Appendix.

Training datasets. The evolution cycle starts with a seed RL dataset of 80K
samples and a seed SFT dataset of 500K samples. The seed SFT dataset is
derived from a diverse set of multimodal reasoning and mathematical bench-
marks, including LLaVA-CoT [48|, OpenVLThinker [10], We-Math2.0 |36], Mul-
berry [49], MMR1-SFT [21], and MiroMind-M1 [24]. For the seed RL dataset, a
reasoning-focused benchmark suite is curated, emphasizing answer verifiability
and structured outputs, including AI2D [18], Geometry3k [30], MMEureka [34],
ViRL [41], TQA [19], We-Math [35], PuzzleVQA [8], AlgoPuzzleVQA [12], Thin-
kLiteVL [44], and MMR1-RL |21]. The external database Dy is constructed
using FineVision [46], a multimodal dataset comprising 24 million samples. An
image deduplication pipeline is employed for FineVision across 66 multimodal
datasets from Imms-eval [52] to prevent data leakage.

Baseline and Benchmarks. Performance is evaluated across a suite
of multimodal reasoning benchmarks, including MathVista(testmini) [29],
MathVision [42], MathVerse(testmini) [54], LogicVista [47], ScienceQA |[31],
MMMU (val) [50], EMMA(all) [16], and MMSTAR [5]. Top-1 Accuracy (%) is
reported using greedy decoding to ensure reproducibility.

4.2 Main Results

presents a comprehensive comparison between AnE and representative
baselines across a wide range of multimodal reasoning benchmarks.

Comparison with Base Model. AnE-1%¢ achieves a significant improvement
of 8.3% on Qwen2.5-VL-7B-Instruct, demonstrating that AnE effectively iden-
tifies the Failure Frontier in the seed dataset, expands it with targeted samples
from the ground-truth dataset, and simplifies problem difficulty through the
Scaffold-Stripping mechanism, all while successfully internalizing guidance from
the Teacher Model.

Continuous Improvement. AnE-2"? and AnE-3"¢ show further improvements
of 0.6 and 1.4, respectively, compared to the previous rounds. Especially on the
more challenging benchmark tasks, MathVision and EMMA, AnE-2"?¢ and AnE-
374 continue to deliver incremental gains. This highlights the method’s ability
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Table 1: Comparison with related models on multimodal reasoning bench-
marks. Accuracy (%) is reported. “~” indicates that the result is neither reported in
the original paper nor reproducible due to unavailable checkpoints. T denotes results
reproduced with our evaluation pipeline. Preliminary RL serves as the warm-up phase
of AnE. The best results are shown in bold, and the second-best results are underlined.

Method MathVista MathVision MathVerse LogicVista SciQA MMMU EMMA MMSTAR‘ Avg
Qwen2.5-VL-7B-Instruct [1|  68.2 25.1 49.2 39.3 85.4  58.6 24.6 62.5  |51.67
Vision-R1 [17] 73.51 22.8 52.4 46.0 914t 523" 2367 65.87  |53.51
MMRI1 [21] 72.0 31.8 55.4 48.8 9277 53.4% 18.6° 65.3"  |54.8"
C2-Evo |7] 68.7 - - - - - - - -

Revisual-R1 [6] 73.1 48.8 53.6 52.3 91.9" 572t 19.57 5717 |56.71
Metis-RISE |37 75.8 28.7 51.0 49.7 934" 558t 2851 66.67  |56.27
SRPO [40] 75.8 32.9 55.8 - - 57.1 29.6 - -

VL-Rethinker [41] 74.9 32.3 54.2 40.9 89.6 56.7 29.7 63.6"  |55.21
SPARK-VL-7B |27] 75.9 31.1 53.0 50.0 90.8 587  28.5' 67.3  |56.9'
LLaVA-Critic-R1 [43 74.0 30.6 49.7 39.5 84.21 552 28.3 65.1  |53.3°
OpenVLThinker [10] 72.3 25.9 47.9 43.51 88.9"  53.3 26.8 61.6"  |52.57
OpenMMReasoner-7B |53 79.5 43.6 63.8 50.0 93.7t 578 24.5 70.0t  |60.41
ADHint [51] 74.4 - 60.6 48.7 - 56.4 - - -

Preliminary RL 77.9 32.8 53.6 45.5 92.6  57.7 30.1 67.2 57.2
AnE-1°** 79.6 39.7 60.5 49.1 93.5 577 30.5 68.3 59.9
AnE-2"? 80.1 40.9 60.9 49.8 936  57.0 33.0 689  60.5
AnE-37¢ 81.2 43.9 62.3 51.3 93.5 581 34.6 69.9  61.9

to consistently identify weaknesses in the model’s capabilities and drive progress
at the forefront of reasoning.

Comparison with Related Methods. To ensure a fair comparison, we pri-
marily benchmark against recent multimodal reasoning methods built upon the
same 7B-parameter base model. First, compared to static data methods, such as
one-pass SFT+RL approaches (e.g., OpenMMReasoner [53| and Vision-R1 [17])
and multi-round methods with static data (e.g., OpenVLThinker), our method
demonstrates superior performance, highlighting that dynamic data expansion is
a more effective strategy for enhancing model capabilities. In addition, AnE out-
performs synthetic data methods like C2-Evo [7], further proving its greater ef-
fectiveness. Finally, it surpasses other reflective approaches, including SRPO [40]
and ADHint [51], showcasing that our Scaffold-Augmented Data and Internal-
ization through Scaffold Stripping are highly effective in helping the model ex-
plore its limits and internalize guidance from external teachers. Overall, AnE-3"¢
achieves state-of-the-art average performance across eight benchmarks.

4.3 Comparison with Prior Post-Training Paradigms

In this section, we conduct a fair comparison between Anchor Evolution and
two commonly used iterative post-training strategies: Static Evolution and Self-
Evolution. For Static Evolution, we use the same seed SFT and RL datasets as in
AnE and perform alternating SF'T and RL training for three rounds, without any
data augmentation or modification. For Self-Evolution, we use Qwen2.5-VL-72B-
Instruct as the teacher model to synthesize new questions and reasoning paths
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Fig. 3: Comparison with prior evolution paradigms. (a) Static Evolution quickly
saturates, Self-Evolution suffers performance degradation in later rounds, while Anchor
Evolution consistently improves across rounds. (b) Hallucination rates of expanded
training data across different evolution rounds. Anchor Evolution produces substan-
tially fewer hallucinated samples than Self-Evolution.

from the same seed SFT dataset as AnE for constructing SFT training data.
The prompts follow the settings in [15,[32]. For fair comparison, RL training in
both Static Evolution and Self-Evolution consistently uses the same static seed
RL dataset.

As shown in a), Static Evolution quickly reaches a performance plateau
across multiple rounds. In contrast, Self-Evolution achieves larger improvements
than Static Evolution in Round 1 and Round 2, suggesting that synthetic data
expansion can enlarge the model’s capability boundary to some extent compared
with purely static training. However, a noticeable performance drop appears in
Round 3, indicating that self-evolution may introduce hallucinated or low-quality
synthetic data during iterative generation, which in turn affects subsequent train-
ing. To verify this hypothesis, we sample 1K expanded samples from each round
and use GPT-40 to identify hallucinated reasoning or incorrect ground-truth
answers. As shown in b), Self-Evolution has consistently higher hallu-
cination rates than Anchor Evolution across three rounds (6.5/9.3/7.8% vs.
0.2/0.8/0.7%). This confirms that synthetic expansion is more prone to noisy
supervision and cognitive drift, whereas AnE’s truth-anchored filtering yields
more faithful data for stable evolution.

Overall, Anchor Evolution consistently improves performance across rounds
and achieves better results than both Static Evolution and Self-Evolution,
demonstrating its ability to provide stable and reliable capability expansion dur-
ing iterative post-training.

4.4 Ablation Study

In this section, we perform ablation studies to assess the key design choices in
AnE, including the synergy between Truth Anchor Expansion and Scaffolded
Reasoning Supervision, the effectiveness and scaling behavior of Truth Anchor
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Table 2: Component ablation analysis. Results show that both Truth Anchor
Expansion and the Scaffold-Stripping Mechanism are effective on their own, and com-
bining them in AnE yields the best overall performance.

Setting ‘MathVista MathVision MathVerse LogicVista SciQA MMMU EMMA MMSTAR‘AVg
Preliminary RL 77.9 32.8 53.6 45.5 92.6 57.7 30.1 67.2 57.2
< w/ Truth Anchor Expansion 78.3 36.4 56.3 48.9 93.5 57.3 30.2 67.9 58.6
— w/ Scaffold-Stripping Mechanism 77.6 35.2 58.6 44.2 92.9 56.0 30.6 68.4 57.9
AnE-1%'(Ours) 79.6 39.7 60.5 49.1 93.5 57.7 30.5 68.3 59.9

Expansion, and the impact of the Scaffold-Stripping Mechanism. To isolate the
effects of the proposed AnE components, we use Preliminary RL as the baseline
in all ablation studies. Preliminary RL only provides a warm-up initialization and
is shared by all variants; therefore, the reported gains reflect the contributions
of Truth Anchor Expansion, Scaffold-Stripping, and their iterative coupling.

Component of Truth Anchor Expansion and Scaffolding. As shown in
starting from the Preliminary RL baseline (57.2% avg), incorporating
Truth Anchor Expansion alone results in a significant improvement of +1.4%,
reaching 58.6%. This demonstrates that our Truth Anchoring method effectively
expands true data at the Failure Frontier without introducing hallucinations,
thereby boosting the model’s capabilities. Similarly, adding only Anchored Scaf-
folding improves the baseline to 57.9% (+0.7% average), confirming that tempo-
rary cognitive guidance effectively bridges the capability gap, allowing external
knowledge from the teacher model to be internalized into the model’s own reason-
ing abilities. Most importantly, the full AnE-15¢ (59.9%) surpasses the individual
gains of either component, achieving a total uplift of +2.7% over the baseline.
This synergistic effect highlights that Truth Anchor Expansion and Scaffolding
can work together effectively, pushing the boundaries of the model’s reasoning
capabilities.

Effectiveness of Truth Anchor Expansion. To verify the necessity of Truth
Anchor Expansion in objective reality, we compare our Truth Anchor Expan-
sion with random and synthetic alternatives (Tab. 3)). We compare Random
Expansion and Synthetic Expansion, where Random Expansion randomly sam-
ples data from the external pool, and Synthetic Expansion generates data using
Qwen2.5-VL-72B. All methods use the same data volume for a fair comparison.
As shown in compared to No Expansion, Random Expansion signifi-
cantly reduces performance by 3.8%, indicating that blind data augmentation
may introduce a large amount of irrelevant data, which harms the reasoning abil-
ities of multimodal models. Compared to No Expansion, Synthetic Expansion
yields comparable but slightly lower performance, suggesting that purely syn-
thetic data may introduce noisy or hallucinated samples that offset its potential
benefits. In contrast, Truth Anchor Expansion retrieves real samples around
the failing frontier and consistently improves multimodal reasoning performance
across most metrics.
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Table 3: Analysis of Expansion Strategies, demonstrating that our Truth Anchor
Expansion achieves faithful data curation to enhance model reasoning capabilities.

Setting ‘MathVista MathVision MathVerse LogicVista SciQA MMMU EMMA MMSTAR‘ Avg
Preliminary RL 77.9 32.8 53.6 45.5 92.6 57.7 30.1 67.2 57.2
No Expansion 77.6 35.2 58.6 44.2 92.9 56.0 30.6 68.4 57.9
Random Expansion 75.4 29.6 49.3 42.2 90.8 52.8 26.2 66.6 54.1
Synthetic Expansion(Self-evolution) 78.0 34.7 56.2 46.7 93.3 55.1 30.4 67.9 57.8
Truth Anchor Expansion(Ours) 79.6 39.7 60.5 49.1 93.5 57.7 30.5 68.3 59.9

Data Scaling Law of Truth Anchor Expansion. Furthermore, we in-
vestigate the data scaling properties of Truth Anchor Expansion. As shown
in [Fig. 4] we vary the proportion of Truth Anchor Expansion data mixed
into the SFT training set to examine

the effect of this augmented data. We

observe that incorporating only a small Avg Accuracy (%)

fraction of the expanded data results 60.5 si0
in a slight performance dip, likely due ¢

. . . . A
to the distribution shift caused by the 59.5 59.0/
limited additional samples. However, as 59.0 58 3/A
the mixing ratio increases, model per- %5579 A

: . 58.0 1 A 57 _4/
formance improves steadily and mono- 575 \A Preliminary RL 57.2

tonically, ultimately reaching an aver- 570 T TTT T TTTTTTTTTTTTTTTTTTTTT
age accuracy of 59.9% when the data 0% 25%  50%  75%  100%
is fully incorporated. This trend sug- Data Ratio (%)

gests that the data produced by Truth

Anchor Expansion is scalable. Its ben- Fig.4: Data scaling law of Truth
efits grow with volume, indicating that Anchor Expansion. Average accuracy
the retrieved samples offer genuinely di- On €ight benchmarks under different mix-
verse and informative training signals, '® ratios of Truth Anchor Expansion

. . . data. Performance improves as more an-
rather than introducing redundant in- o P
. chor data is incorporated.
formation.

Ablation Study on Scaffold-Stripping. As shown in we perform an
ablation study to assess the impact of different Scaffold-Stripping components.
In the second row, directly distilling using the Teacher model’s data results in a
2.4% performance drop compared to using our Scaffold-Stripping method. This
suggests that the reasoning trajectories from the Teacher model are difficult to
internalize, causing the model to perform only shallow imitation instead of gen-
uinely improving its reasoning ability. In the fourth row, when the RL Stripping
phase is removed and only the Scaffold-Augmented SFT phase is performed,
there is a 1.5% performance decrease. This indicates that the model cannot fully
internalize the Teacher’s guidance through the Scaffold-Augmented SFT phase
alone. Finally, as shown in the fifth row, if RL data does not include the Rgomicr
data from the SFT phase and RL is applied directly, the performance drops by
2.0%. This highlights that the improvement in RL performance depends signifi-
cantly on internalizing the teacher’s guidance from Rgontier.
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Table 4: Impact of the Scaffold-Stripping Mechanism. Directly distilling from
the teacher model yields only a marginal improvement over the baseline. In contrast,
removing the RL stripping stage, or running RL without scaffold-augmented data (i.e.,
without the hint-based scaffold), both cause a significant drop in AnE performance.

Setting ‘MathVista MathVision MathVerse LogicVista SciQA MMMU EMMA MMSTAR‘Avg
Preliminary RL 77.9 32.8 53.6 45.5 92.6 57.7 30.1 67.2 57.2
Teacher Distillation 77.8 34.7 51.3 47.1 92.9 57.0 31.4 67.8 57.5
Scaffold-Stripping(Ours) 79.6 39.7 60.5 49.1 93.5 57.7 30.5 68.3 59.9
< w/o RL Stripping 78.4 35.6 56.0 48.0 93.6 57.8 30.2 67.9 58.4
— w/o R, in RL 78.1 34.6 56.3 47.1 92.9 55.3 31.2 67.8 57.9

frontier

4.5 Case Study

shows a geometry example to contrast AnE with prior self-evolution meth-
ods. In a), teacher-generated rewrites and reasoning trajectories may con-
tain hallucinated content (e.g., options missing the correct answer) and produce
complex and hallucination-prone paths that are misaligned with the student
model’s capability distribution, which can lead to superficial imitation and ac-
cumulated drift after training. In b), AnE first collects the model’s failed
trajectories via rollouts to locate the failing frontier. The teacher then extracts
failure-relevant keywords and actionable hints. The keywords trigger Truth An-
chor Expansion to retrieve verified truth anchors from ground-truth databases,
yielding valid, high-fidelity problems that target the model’s weakness without
hallucination. The hints are used for scaffold-augmented supervision, and the
Scaffold-Stripping Mechanism further applies RL to strip the scaffold template,
enabling the model to internalize the reasoning capability. Overall, compared
with prior self-evolution that relies on synthetic data and may accumulate hal-
lucinated reasoning paths and cognitive drift, AnE anchors data evolution with
verified truth anchors (Truth Anchor Expansion) and internalizes reasoning via
the Scaffold-Stripping Mechanism, enabling stable improvements targeted at the
failing frontier.

5 Conclusion

In this paper, we presented Anchor Evolution (AnE), a post-training paradigm
that integrates truth-anchored data curation and model evolution to achieve
faithful and sustained gains at the multimodal reasoning frontier. We showed
that static post-training with static datasets is limited by non-extensible data
distributions, while self-evolution based on synthetic data can suffer from cog-
nitive drift and hallucinated reasoning paths. To address these limitations,
AnE identifies the model’s failing frontier via trajectory rollouts and performs
Truth Anchor Expansion by retrieving verified truth anchors from ground-truth
databases, enabling high-fidelity data curation grounded in real-world knowl-
edge. Moreover, the proposed Scaffold-Stripping Mechanism first anchors rea-
soning paths through scaffold-augmented supervision and then leverages RL to
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Fig. 5: Illustrative Examples. (a) Prior self-evolution methods may synthesize low-
quality data and generate overly complex, hallucination-prone reasoning that exceeds
the model’s current capabilities, limiting effective learning. (b) By analyzing failed
reasoning, Anchor Evolution retrieves real data using search keywords and guides the
model with actionable hints, helping it improve reasoning and develop independent
problem-solving skills.

strip the scaffold template, effectively internalizing reasoning capabilities. Exten-
sive experiments across multiple multimodal reasoning benchmarks demonstrate
consistent improvements over the base model and state-of-the-art performance
on challenging datasets, validating the effectiveness of AnE for faithful model
evolution.

Limitations.

AnE currently leverages verified external resources and an offline data construc-
tion pipeline to expand the failing frontier. While the method remains robust
under moderate variations in external database scale and coverage, broader seed
data and external database collections, together with more efficient trajectory
rollouts, teacher diagnosis, and retrieval, could further support the large-scale de-
ployment of AnE. Our evaluation already covers diverse reasoning benchmarks.
Extending the evaluation to additional model families and domains would fur-
ther characterize AnE’s generality.
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