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Abstract

Supervised Fine-Tuning (SFT) is the standard
paradigm for domain adaptation, yet it fre-
quently incurs the cost of catastrophic forget-
ting. In sharp contrast, on-policy Reinforce-
ment Learning (RL) effectively preserves gen-
eral capabilities. We investigate this discrep-
ancy and identify a fundamental distributional
gap: while RL aligns with the model’s inter-
nal belief, SFT forces the model to fit external
supervision. This mismatch often manifests
as ""Confident Conflicts'—tokens character-
ized by low probability but low entropy. In
these instances, the model is highly confident
in its own prediction but is forced to learn a
divergent ground truth, triggering destructive
gradient updates. To address this, we propose
Entropy-Adaptive Fine-Tuning (EAFT). Un-
like methods relying solely on prediction prob-
ability, EAFT utilizes token-level entropy as a
gating mechanism to distinguish between epis-
temic uncertainty and knowledge conflict. This
allows the model to learn from uncertain sam-
ples while suppressing gradients on conflict-
ing data. Extensive experiments on Qwen and
GLM series (ranging from 4B to 32B parame-
ters) across mathematical, medical, and agentic
domains confirm our hypothesis. EAFT consis-
tently matches the downstream performance of
standard SFT while significantly mitigating the
degradation of general capabilities.

1 Introduction

Supervised Fine-Tuning (SFT) is the standard
method for adapting Large Language Models
(LLMs) to specific domains (e.g., mathematics or
agentic tool-use) (Yang et al., 2024; Shao et al.,
2024; Team et al., 2025). However, this paradigm
often comes with a significant cost known as catas-
trophic forgetting (Kirkpatrick et al., 2017; Ouyang
et al., 2022). Previous studies have extensively doc-

“Equal contribution.
Corresponding author.

umented that while fitting specific target distribu-
tions, models frequently suffer from degradation
in general capabilities (Ouyang et al., 2022; Luo
et al., 2023). In contrast, on-policy Reinforcement
Learning (RL) has shown a remarkable ability to
improve domain-specific performance while effec-
tively preserving the robustness of the base model
(Chen et al., 2025; Shenfeld et al., 2025). This
sharp contrast raises a fundamental question:

Why does SFT frequently degrade general
abilities, while on-policy RL preserves them?

To investigate the mechanisms behind this phe-
nomenon, we systematically analyze the token-
level probability and entropy of the training data.
As visualized in Fig. 1, this analysis reveals a dis-
tinct distributional gap arising from different data
sources. In on-policy RL, training sequences are
generated via self-rollout; consequently, the tokens
inherently align with the model’s current probabil-
ity landscape, falling into either high-probability
confidence zones or high-entropy exploration re-
gions. Conversely, SFT relies on external supervi-
sion (e.g., humans or strong teacher models), intro-
ducing a mismatch manifested as low-probability,
low-entropy tokens. Crucially, this mismatch man-
ifests as tokens characterized by low probability
yet low entropy. This specific region corresponds
to scenarios where the model is highly confident
in its own prediction (low entropy) but is forced to
fit a divergent ground-truth label (low probability).
We term these instances ''Confident Conflicts"'.
See App. A for representative word clouds.

To verify whether these conflicts are indeed the
drivers of forgetting, we conducted a pilot exper-
iment. By simply masking out these "Confident
Conflict" tokens during training (Fig. 2). We ob-
served that catastrophic forgetting was significantly
mitigated compared to standard SFT. This confirms
that enforcing updates on these conflicting samples
is the primary driver of capability degradation.
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Figure 1: (a) Conceptual illustration. When SFT forces the model to override its strong priors (e.g., labeling a “ball”
as a “truncated icosahedron”), it creates a Confident Conflict. Fitting these conflicts distorts the model’s existing
representations, leading to catastrophic forgetting. (b) Token-level entropy—probability landscape. Compared to
on-policy rollouts (right), the SFT data (left) exhibits a prominent cluster of Low Entropy, Low Probability tokens.
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Figure 2: (a) Masking “Confident Conflict” tokens (the
bottom 15% in both entropy and probability) effectively
mitigates the general capability degradation observed
in standard SFT. (b) Across Math, Medical, and Agent
domains, EAFT matches SFT in target task improve-
ments (upper bars) while significantly minimizing per-
formance drops on general benchmarks (lower bars).

Building on this insight, we propose Entropy-
Adaptive Fine-Tuning (EAFT). Instead of using
discrete thresholds, EAFT employs a soft gating
mechanism that dynamically modulates the training
loss based on token-level entropy.

Crucially, this approach differentiates EAFT
from standard Cross-Entropy or probability-based
re-weighting strategies (Wu et al., 2025; Lin et al.,
2025; Sanyal et al., 2025; Shenfeld et al., 2025).
These methods rely solely on prediction probability,
and thus risk amplifying destructive gradients on
"Confident Conflicts." In contrast, EAFT leverages
entropy to distinguish rigidity from uncertainty. By
down-weighting low-entropy tokens to suppress
conflicting gradients, while concentrating supervi-
sion on high-entropy ones to facilitate adaptation,
EAFT effectively balances domain proficiency with
the preservation of general capabilities.

To verify the effectiveness and universality of
our approach, we validate EAFT through extensive
experiments on mathematical, extending to medical
and agent domains. Our comprehensive evaluation
covers diverse model families (Qwen, GLM) and

scales ranging from 4B to 32B parameters. The
results are presented in Fig. 2 and Tab. 1.

Quantitative results (Sec. 4.2) demonstrate that
EAFT consistently outperforms standard SFT and
existing mitigation strategies. It achieves a Pareto
improvement: matching or exceeding baselines on
target tasks while significantly mitigating catas-
trophic forgetting on general benchmarks.

Beyond performance, we provide an in-depth
analysis of the method’s intrinsic properties. We
empirically verify that the entropy-adaptive mech-
anism successfully targets "Confident Conflicts"
(Sec. 4.3), and further demonstrate that EAFT is
both robust to hyperparameter variations (Sec. 5.1)
and computationally efficient (Sec. 5.2).

In summary, our contributions are as follows:

* We uncover the distinct distributional gap be-
tween SFT and on-policy RL data. Through
visualization and pilot experiments, we pin-
point "Confident Conflicts" (low-entropy, low-
probability tokens) as the primary cause of catas-
trophic forgetting.

* We propose Entropy-Adaptive Fine-Tuning
(EAFT), a novel objective that utilizes token-
level entropy to modulate the training loss. This
mechanism automatically down-weights destruc-
tive updates from conflicting data.

* We validate our approach through extensive
experiments on Math, Agent, and Medical do-
mains. The results establish EAFT as an ef-
fective and universal solution that successfully
mitigates catastrophic forgetting across diverse
model families and scales (4B—32B).

2 Related Work

Post-training Paradigms: SFT vs. RL. Post-
training methods, primarily Supervised Fine-
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Tuning (SFT) and Reinforcement Learning (RL),
are widely used to align pre-trained LMs (Qwen
et al., 2024; GLM et al., 2024; Yang et al., 2025).
SFT optimizes the model to maximize the likeli-
hood of ground-truth demonstrations (Off-policy).
By contrast, RL optimizes the model based on its
own generated responses guided by reward sig-
nals (On-policy). These signals typically originate
from parameterized reward models or verifiable sig-
nals (Schulman et al., 2017; Ouyang et al., 2022;
Shao et al., 2024; Zeng et al., 2025).

Emerging research highlights a fundamental di-
chotomy in their learning behaviors. While SFT
is efficient, it is inherently prone to memorization,
often fits specific training samples at the expense
of generalization (Chu et al., 2025). RL demon-
strates superior robustness: it can benefit from sin-
gle training examples without severe overfitting
(Wang et al., 2025), and it updates a smaller, more
effective subspace of parameters compared to SFT
(Mukherjee et al., 2025). A common thread con-
necting these results is that RL parameter updates
are more local and targeted (Razin et al., 2023).

Our work investigates the root cause of SFT’s
instability. We argue that unlike on-policy methods
which naturally operate within the model’s distribu-
tion, standard SFT indiscriminately forces the fit-
ting of "confident conflicts"—low-entropy samples
that contradict the model’s pre-trained knowledge.

Catastrophic forgetting. Catastrophic forget-
ting remains a foundational challenge in neural net-
works (McCloskey and Cohen, 1989; Kirkpatrick
et al., 2017). Initial efforts to mitigate forgetting
focused on preventing parameters from drastically
changing (Kirkpatrick et al., 2017; Li and Hoiem,
2017; Lopez-Paz and Ranzato, 2017).

In LLM post-training, this manifests as the
"Alignment Tax" (Askell et al., 2021; Ouyang et al.,
2022): fine-tuning for domain-specific capabilities
(e.g., mathematical problem solving, tool utiliza-
tion, or biomedical adaptation) often significantly
degrades the model’s general capabilities (Ouyang
et al., 2022; Luo et al., 2023; Shi et al., 2025).

To overcome these limitations, recent works
have explored dynamic training strategies that ad-
just optimization based on token-level metrics.
TALR (Lin et al., 2025) dynamically scales learn-
ing rates based on token confidence to accelerate
convergence. DFT (Wu et al., 2025) re-weights the
SFT loss according to prediction probability. Oth-
ers like RL’s Razor (Shenfeld et al., 2025) employ
KL divergence as a regularization term to constrain

the model’s drift from its base distribution.

However, existing dynamic methods predomi-
nantly rely on probability or KL divergence as prox-
ies for difficulty or drift. We argue that probability
alone is an insufficient statistic: a low-probability
token can represent either epistemic uncertainty
(valid knowledge to be learned) or a "Confident
Conflict" (a destructive sample that contradicts the
model’s strong priors). By forcing the model to fit
these conflicts based on probability, prior methods
risk accelerating forgetting. Our work advances
this by introducing Entropy as a gating signal.

3 Empirical Analysis & Methodology

In this section, we systematically investigate the
causes of catastrophic forgetting in SFT and pro-
pose a targeted solution. We begin by defining
the problem setup and key metrics in Sec. 3.1.
We then present an empirical analysis identifying
‘Confident Conflicts’ as the primary source of de-
structive gradients in Sec. 3.2. Finally, based on
these insights, we introduce our method, Entropy-
Adaptive Fine-Tuning (EAFT), in Sec. 3.3.

3.1 Preliminaries

SFT is the standard process of adapting a base
model 6, denoted by its probability distribution Py,
to a target dataset D = {(x,y);}Y,. For each
sample, the response is a sequence of tokens y =
(y1,---,yr), where T denotes the sequence length.
The adaptation is typically achieved by minimizing
the Cross-Entropy (CE) loss, which maximizes the
likelihood of the target sequences:

T

Lee(0) == log Py(yilz, y<r) (1)
t=1

A key limitation of this objective is its uniform
treatment of all tokens. It aggressively updates
model parameters to fit every token y,; regardless
of the model’s prior knowledge or uncertainty.

To investigate the dynamics of how this uniform
objective interacts with the model’s internal state,
we introduce two token-level metrics that serve as
the foundation for our analysis and method:

1. Probability. p; = Py(y:|x,y<:), represents
model’s confidence in the ground-truth token.

2. Predictive Entropy. Let P;(v) 2 Py(v|z, y¢)
denote the distribution at step ¢. The entropy is

defined as: Hy = — ) .y, Pi(v) log P;(v) This
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measures the model’s predictive uncertainty over
the vocabulary V.

3.2 Analysis: The Origins of Forgetting

To understand why SFT leads to forgetting while
on-policy RL does not, we compare the token-
level statistics of standard SFT data against model-
generated rollouts (the data source for on-policy
RL). We visualize the distribution of probability p;
and entropy H; for both datasets in Fig. 1.

Distributional Gap: Confident Conflicts. The
visualization reveals a critical distributional shift.
On-policy data falls into either high-probability
(model is correct) or high-entropy (model is explor-
ing). In sharp contrast, SFT data contains a sig-
nificant cluster of tokens with both Low Entropy
(H; |) and Low Probability (p; /). We term these
samples ‘Confident Conflicts’. They represent
cases where the model holds a strong, stubborn
prior belief (low entropy) that directly contradicts
the ground-truth label (low probability).

Pilot Study: Masking Confident Conflicts. We
hypothesize that these ‘Confident Conflicts’ are the
primary drivers of forgetting. To verify this, we
conducted a pilot experiment where we masked
the loss for tokens falling within the bottom 15 %
of both entropy and probability rankings. As
shown in Fig. 2, this simple intervention signifi-
cantly mitigates the general capability degradation
observed in standard SFT.

Notably, masking these specific tokens nearly
eliminated catastrophic forgetting on our bench-
marks. This finding confirms that the degradation
of general capabilities stems primarily from forc-
ing the model to accommodate these conflicting
samples, rather than from the SFT process itself.

Theoretical Insight. We analyze the optimiza-
tion dynamics to understand this damage. Consider
the CE loss (Eq. 1). When the model is highly
confident in a prediction that contradicts the target
(low entropy, low probability), the CE loss induces
a very large gradient. Because the model strongly
favors another token, fitting the target requires sub-
stantial parameter updates, which can overwrite
general representations in the base model. By con-
trast, when the model is uncertain (high entropy),
the gradients are smaller and updates are gentler,
helping preserve the model’s original capabilities.

3.3 Entropy-Adaptive Fine-Tuning (EAFT)

While the pilot study validates our hypothesis, the
hard masking strategy has two limitations: it dis-
cards training data, leads to ineffective learning
on the target domain, and it relies on sensitive
hyperparameters (7, §). To address this, we pro-
pose Entropy-Adaptive Fine-Tuning (EAFT), a
soft gating mechanism that dynamically adjusts the
learning signal based on the model’s uncertainty.

The EAFT Objective. We formulate the EAFT
loss by scaling the standard supervision with the
normalized entropy. This mechanism prioritizes
learning from samples where the model is explor-
ing, while effectively suppressing the gradients
when the model is confident but conflicting. The
objective is decomposed as:

T
Learr(0) == Hy  -log Py(yilz, y<r)
P ~~

Adaptive

Standard Supervision
Gating Signal

2

Here, the gating term H, is derived from the en-
tropy of the Top-K tokens. This approximation
greatly reduces computation compared with using
the full vocabulary (analysis in Sec. 5.2). Normal-
ized to the range [0, 1] with K = 20, we calculate:

_ Htop—K Htop—20
Hy =t ~ L 3)
In(K) 3.0

where H;OP'K denotes the entropy calculated
over the top-K probability distribution, and In(K)
serves as the normalization factor (the maximum
entropy for K outcomes). This normalization cre-
ates a self-regulating mechanism:

* Conflict Suppression (H; — 0): When the
model is stubborn (low entropy), the weight
drops, effectively masking the destructive gradi-
ent from the conflicting label.

* Knowledge Acquisition (FIt — 1): When the
model is uncertain (high entropy) or exploring,
the weight remains high, recovering the standard
SFT objective to learn new patterns.

4 Experiments

In this section, we empirically validate the effec-
tiveness of EAFT. Our experiments are designed to
answer the following three key research questions:

* RQ1 (Performance): Can EAFT mitigate catas-
trophic forgetting without compromising perfor-
mance on the target task?
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Math Domain

General Domain

Method Math Avg. General Avg.
AIME24 AIME25 GSM8K MMLU IFEval CLUEWSC
Qwen3-4B-Instruct 63.3 474 94.3 68.3 77.1  81.0 85.2 81.1
+ SFT 63.3 50.0 94.8 69.4 76.5 79.5 74.5 76.5 (-4.6)
+ SFTkr, 63.3 50.0 93.6 69.0 745 749 894 79.6 (-1.5)
+ FLOW 66.7 46.7 94.3 69.2 762 183 82.8 79.1 (-2.0)
+ DFT 56.7 40.0 93.9 63.5 759 770 81.4 78.1 (-3.0)
+ TALR 50.0 50.0 93.3 64.4 762 78.1 74.5 76.2 (-4.9)
+ EAFT 60.0 53.3 94.5 69.3 76.6  80.1 83.7 80.1 (-1.0)
Qwen2.5-32B-Instruct  22.2 13.3 96.0 43.8 84.1 783 91.9 84.8
+ SFT 53.3 50.0 96.3 66.5 769 742 93.8 81.6 (-3.2)
+ SFTkr, 333 333 94.1 53.6 814 68.1 93.2 80.9 (-3.9)
+ FLOW 50.0 50.0 96.3 65.4 78.6  75.1 93.6 82.4 (-2.4)
+ DFT 333 36.7 95.9 55.3 71.8  70.0 94.4 80.7 (-4.1)
+ TALR 40.0 433 95.3 59.5 73.1 725 94.1 79.9 (-4.9)
+ EAFT 53.3 46.7 96.5 65.5 79.0 784 93.9 83.7 (-1.1)
GLM4-9B-0414 6.7 6.7 90.1 34.5 702 744 85.1 76.6
+ SFT 20.0 10.0 90.3 40.1 573  69.8 84.8 70.6 (-6.0)
+SFTkL, 13.3 6.7 90.1 36.7 60.0 664 853 70.5 (-6.1)
+ FLOW 16.7 13.3 91.1 40.4 575 715 85.2 71.4(-5.2)
+ DFT 13.3 6.7 89.0 36.4 489  69.7 86.0 68.2 (-8.4)
+ TALR 15.6 13.3 91.2 40.0 574 713 84.5 71.5 (-5.1)
+ EAFT 13.3 13.3 91.5 394 60.8 72.0 85.3 72.7 (-3.9)

Table 1: Main results on the target domain (Math) and general domain benchmarks. We evaluate performance
on AIME24, AIME25 and GSMSK as the training target, alongside MMLU, IFEval, and CLUEWSC for general
capabilities. The top two outcomes are bolded and underlined. All results are averaged over three independent runs.
The “Avg.” represents the average performance of the datasets in the corresponding domain.

* RQ2 (Mechanism): Does the entropy-adaptive
gating mechanism work as intended in filtering
“Confident Conflict” samples?

* RQ3 (Generalization): Is the efficacy of EAFT
inherently domain-agnostic?

4.1 Experimental Settings

Datasets. We utilize prompts from Numina-
Math (Li et al., 2024), BigMathVerified (Albalak
et al., 2025), and Nemotron-CrossThink (Akter
et al., 2025), synthesizing responses via Qwen3-
235B-A22B-Instruct (Yang et al., 2025). We ran-
domly select 19k correctly answered data pairs as
our math training data. Details in App. E
Benchmarks. Our evaluation covers the tar-
get domain (Math: AIME 24/25 (AI-MO, 2025),
GSMSK (Cobbe et al., 2021)) and general domain
(MMLU (Hendrycks et al., 2020), IFEval (Zhou
et al., 2023), CLUEWSC (Xu et al., 2020)). We re-
port the average score (“Avg”) across benchmarks,
with full details available in App. F.

Models. To verify the scalability and generalizabil-
ity of our method, we conduct experiments across
a diverse model zoo spanning multiple families and
parameter scales. Specifically, our evaluation in-
cludes models ranging from 4B to 32B parameters:
Qwen3-4B-Instruct (Yang et al., 2025), GLM4-

9B-0414 (GLM et al., 2024), and Qwen2.5-32B-
Instruct (Qwen et al., 2024). Details in App. G
Baselines. We compare our method against stan-
dard SFT, a regularized variant with a KL diver-
gence constraint (SFTky, see App. D for 5 sweep).
Additionally, we include several advanced align-
ment baselines, including FLOW (Sanyal et al.,
2025), DFT (Wu et al., 2025), and TALR (Lin
et al., 2025). Details and implementation settings
are provided in App. H and App. |

4.2 Main Results (Answering RQ1)

Tab. 1 presents the performance comparison across
diverse model families and scales. The results pro-
vide a compelling answer to RQ1: EAFT main-
tains competitive performance on target do-
main (Math) while significantly mitigating catas-
trophic forgetting on general capabilities.

General Capabilities. The main advantage of
EAFT lies in stability. Standard SFT causes a sharp
drop in general benchmarks (e.g., a 10.7 point drop
on CLUEWSC for Qwen3-4B). In contrast, EAFT
effectively preserves the model’s original knowl-
edge, achieving the highest average score across
general tasks among all baselines. This demon-
strates that EAFT offers the most robust capability
retention compared to other methods.
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Figure 3: Gradient Magnitude Landscape. Left: SFT
exerts strong optimization pressure (dark purple) on
Confident Conflicts in the bottom-left. Right: EAFT
effectively suppresses these gradients (light yellow),
protecting the model’s existing representations.

Target Domain Performance. EAFT achieves
highly competitive results on the target domain
compared to other baselines. Specifically, the gap
between EAFT and the best-performing method on
math score is consistently less than 1 point. No-
tably, EAFT achieves the best performance on sev-
eral sub-benchmarks. This demonstrates that EAFT
effectively adapts to target domain, maintaining the
same level of learning capability as standard SFT.

4.3 Mechanism Analysis (Answering RQ2)

To understand the inner workings of EAFT, we
analyze the training dynamics from both spatial
and temporal perspectives. The results provide a
clear affirmative answer to RQ2: EAFT effectively
filters out "Confident Conflict'' samples, pre-
venting destructive gradient updates.

Gradient Landscape. Fig. 3 visualizes the opti-
mization strength for each token, where color inten-
sity represents the gradient magnitude. The gradi-
ent distribution exhibits a distinct skew rather than
uniformity. Due to the nature of Cross-Entropy
loss, low-probability tokens are subjected to the
strongest optimization pressure (indicated by the
dark density in the left region). Crucially, in the
"Confident Conflict" zone (bottom-left), the model
is forcefully updated to fit labels that contradict
its confident priors. These aggressive updates
destabilize the model’s established representation
space. In contrast (right), EAFT dramatically al-
ters this landscape. The "Confident Conflict" re-
gion becomes pale, indicating near-zero gradients.
Here, the low entropy term directly suppresses the
high gradients generated by the Cross-Entropy loss.
This protects the model’s established knowledge
from being over-optimized by conflicting data.

Training Dynamics. Fig. 4 tracks the loss
of cross-entropy of different token types through-

e— SFT: High Entropy
2.0l % . »= SFT: Low Entropy
Q e, EAFT: High Entropy
= 1.5 Ove. EAFT: Low Entropy
© " )
> o,
o,
a 1.0 ®%.
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| eq
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Figure 4: Training dynamics of token subgroups. EAFT
matches SFT on high-entropy tokens while keeping
losses stable on low-entropy conflicts, preventing over-
optimization of conflicting priors. High and low entropy
correspond to values > 2.0 and < 0.5, respectively.

out the training process, comparing EAFT (Blue)
with Standard SFT (Red). We categorize tokens
into high-entropy and low-entropy groups. High-
Entropy Tokens (marked with dots e): EAFT ex-
hibits a rapid loss reduction comparable to SFT.
This confirms that our entropy-based gating ef-
fectively optimizes high-entropy tokens, ensuring
the model adapts to the target domain without
hindrance. Low-Entropy Tokens (marked with
triangles A): SFT (Red) aggressively drives this
loss toward zero, indicating that the model is be-
ing forced to memorize data that conflicts with
its priors. In contrast, EAFT (Blue) maintains
a stable loss throughout training. This demon-
strates that the mechanism successfully prevents
over-optimization on "Confident Conflict" tokens.

4.4 Universality (Answering RQ3)

To verify whether the efficacy of EAFT is domain-
agnostic, we extend our evaluation to two dis-
tinct specialized domains: Biomedical (knowledge-
intensive) and Agent Tool-Use (syntax-intensive).
The results clearly answer RQ3: EAFT is a
domain-agnostic solution that consistently miti-
gates catastrophic forgetting across tasks.
Medical Domain. We first examine the medical
domain, a field demanding domain-specific knowl-
edge application. For this experiment, we fine-
tune the Qwen3-4B-Thinking (Yang et al., 2025)
model using the Huatuo-O1 (Chen et al., 2024a)
dataset and conduct evaluations on the MedMCQA
(Pal et al., 2022),PubMedQA (Jin et al., 2019)and
MedQA (Jin et al., 2021) benchmarks (see App.
F for more details). In Tab. 2, standard SFT trig-
gers severe catastrophic forgetting while adapting
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Medical Domain General Domain

Method Medical Avg. General Avg.
MedMCQA MedQA PubMedQA MMLU IFEval CLUEWSC
Qwen3-4B-Thinking 63.5 78.2 76.0 72.6 79.3  85.0 94.1 86.1
+ SFT 63.3 79.5 78.0 73.6 783 753 90.4 81.3 (-4.8)
+ EAFT 63.9 80.0 71.2 73.7 80.1 81.7 91.8 84.5 (-1.6)

Table 2: Results on target (Medical) and General domain benchmarks. We evaluate performance on MedMCQA,
MedQA, and PubMedQA for the medical domain, alongside MMLU, IFEval, and CLUEWSC for general capabilities.
The top two outcomes are bolded and underlined. All results are averaged over three independent runs.

Agent Domain General Domain

Method General Avg.
BFCL v3 MMLU IFEval CLUEWSC
Qwen3-4B-Instruct 60.5 77.1 81.0 85.2 81.1
+ SFT 61.4 74.5 77.8 722 74.8 (-6.3)
+ EAFT 60.8 76.1 78.6 71.7 77.5 (-3.6)

Table 3: Results on target (Agent Toolcall) and General domain benchmarks. We evaluate performance on BFCL
for the agent toolcall domain, alongside MMLU, IFEval, and CLUEWSC for general capabilities. The top two
outcomes are bolded and underlined. All results are averaged over three independent runs.

to the target domain, causing average performance
on general benchmarks to drop significantly from
86.1 to 81.3. EAFT effectively mitigates this issue.
It not only preserves general capabilities (maintain-
ing an average of 84.5) but also marginally out-
performs standard SFT on the target medical tasks
(73.7 vs. 73.6). This result suggests that EAFT
can inject specific knowledge without destructively
overwriting the model’s core representation.
Agent Tool-Use. We further evaluate EAFT on
agentic tool-use tasks, which require strict adher-
ence to syntactic constraints and formats. Specifi-
cally, we utilize the subset of Nemotron-Agentic-
Tool-Use-vl (NVIDIA, 2025) to train the Qwen3-
4B-Instruct (Yang et al., 2025) and assess its per-
formance on the Berkeley Function Calling Leader-
board (BFCL) (Patil et al.) (see App. F). The re-
sults in Tab. 3 reveal a similar pattern regarding
robustness. Although SFT fits the target distribu-
tion aggressively to achieve a slightly higher score
(61.4), it does so at the cost of catastrophic forget-
ting, resulting in a sharp decline in general capabil-
ities (81.1 — 74.8). In contrast, EAFT achieves a
far superior balance: it remains highly competitive
on the target task (60.8, within 1% of SFT) while
maintaining general performance (77.5). These ex-
periments confirm that EAFT is a domain-agnostic
solution that consistently alleviates catastrophic
forgetting across varying data distributions.

5 Analysis and Discussion

Having demonstrated the superior performance of
EAFT, this section investigates the intrinsic ro-

bustness and computational efficiency of the pro-

posed mechanism. Specifically, we conduct abla-

tion studies to answer two fundamental questions:

* Robustness: Does performance rely on linear
entropy scaling, or is the "entropy-aware" mech-
anism the primary driver? (Sec. 5.1)

* Efficiency: Can we approximate the token-level
entropy efficiently without incurring significant
computational overhead? (Sec. 5.2)

5.1 Robustness to Gating Function Variations

In Sec. 3, we adopted a linear gating function

L = H, - Lcg. To verify that our gains stem from

the intrinsic mechanism of entropy awareness

rather than a specific hyperparameter choice, we
generalize the gating signal to f (lEIt) and evaluate
three distinct categories of variants:

* Polynomial Scaling: We test stricter suppres-
sion of confident samples using power functions
f(H;) = (Hy)? with p € {2,3}. We denote
these variants as EAFT? and EAFT?,

* Non-linear Gating (Sigmoid): We employ a
Sigmoid activation f(H;) = o(a(H; — B))
where « controls the steepness and /3 determines
the centering threshold. In our experiments, we
set 3 = 0.17 (aligning with the bottom 15%
entropy percentile used in the Masked SFT base-
line) and o = 30. This variant is denoted as
EAFT,;,. See App. J for further comparisons.

* Piecewise Hard Thresholding (Hard Mask):
We implement a binary filter that strictly discards
the bottom 15% lowest entropy tokens:

f(Hy) =T1(H; > 1015) )
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Figure 5: Pareto trade-off analysis. Unlike Masked
SFT (drop in target score) or Standard SFT (severe for-
getting), EAFT variants consistently occupy the optimal
top-right frontier. This confirms that soft entropy-
gating effectively preserves general capabilities without
compromising target domain adaptation.

where [(+) is the indicator function and 79 15 de-
notes the threshold value corresponding to the
15™ percentile of the entropy distribution. This
sets the loss of "confident" tokens to zero, retain-
ing only uncertain samples for training. We refer
to this baseline as Masked SFT.

Results and Discussion. Fig. 5 visualizes
the trade-off between target domain performance
(math average score) and general average score
across all variants. We observe two pivotal insights:

Universality of Entropy Awareness. All
entropy-aware variants (EAFT, EAFT2, EAFT3,
EAFTj;,) consistently outperform SFT in general
capabilities. This confirms that the reduction in for-
getting stems from the core mechanism of entropy
monitoring rather than the specific mathematical
form. Simply down-weighting high-conflict tokens
is sufficient to preserve general abilities.

The Necessity of Soft Gating. We observe a
critical pitfall in the Mask baseline: while strictly
discarding confident tokens prevents forgetting, it
significantly harms target task performance (Math
Score drops to 65.60 vs. EAFT’s 69.27). This
implies that "confident conflicts" carry essential
adaptation signals that a hard cutoff destroys. In
contrast, EAFT’s soft gating reduces their impact
without removing them, successfully occupying the
Pareto frontier of learning versus retaining.

5.2 Efficiency of Top-K Approximation

Computing exact entropy over the entire vocabu-
lary (often |V| > 100k) creates unnecessary com-
putational bottlenecks. In Sec. 3, we proposed

1.000 ettt ————
c ¢=1.000 1.000 1.000 1.000 1.000 1.000
<) 99
+ 0.995 R
= 0.$95
o
N /
8 0.990 k=20
I
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Figure 6: Trade-off between Approximation Accu-
racy and Memory Cost. The Red solid line (Left Axis)
shows the Pearson correlation between Top-K and ex-
act entropy, which saturates rapidly at 0.999. The Blue
dashed line (Right Axis) tracks the additional memory
overhead. The green shaded region highlights K = 20
as the optimal operating point, achieving near-perfect
fidelity with negligible computational cost.

a Top-K approximation strategy (H ~ H'PK),
premised on the property that the probability mass
of LLMs is highly sparse and concentrated in the
leading tokens (Fan et al., 2018; Radford et al.,
2019; Holtzman et al., 2019).

Fig. 6 quantitatively validates this design by plot-
ting approximation fidelity (Left Axis, Red) against
memory cost (Right Axis, Blue). We observe a
decisive trade-off: as K increases, the Pearson cor-
relation with the exact entropy rises sharply and
rapidly plateaus. Specifically, at K = 20 (green
zone), the correlation reaches 0.999, confirming
that the long-tail distribution contributes negligibly
to entropy. Conversely, the memory cost for the re-
quired operations (sort and log-sum-exp) remains
virtually zero (< 0.4 KB) for K < 20. Based
on these findings, we adopt the Top-20 approx-
imation to estimate entropy. This setting pro-
vides an accurate estimate of the full-vocabulary
entropy, while introducing no noticeable computa-
tional overhead compared to standard SFT.

6 Conclusion

In this work, we identify "Confident Conflicts"
as the primary driver of catastrophic forgetting in
SFT. We introduce Entropy-Adaptive Fine-Tuning
(EAFT), a method that dynamically modulates
training loss based on token-level entropy. By
suppressing gradients from conflicting data, EAFT
effectively prevents destructive updates while main-
taining learning efficiency. Extensive experiments
across diverse domains and model scales validate
our approach. Ultimately, EAFT provides a simple
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yet robust solution for balancing domain adaptation
with the preservation of general capabilities.

7 Limitations

Scope of Applicability. It is important to clarify
that EAFT is designed primarily for domain adap-
tation and continual learning, where the goal is
to extend the model’s capabilities without erasing
existing knowledge. It is not a universal replace-
ment for standard SFT, particularly in scenarios
requiring knowledge editing or counterfactual
training (e.g., teaching the model that “the sky is
green” or correcting outdated facts). In such cases,
the model’s resistance to "Confident Conflicts" is
undesirable, as the objective is precisely to over-
ride the prior belief. EAFT would interpret these
necessary updates as conflicts and suppress them,
hindering the intended learning.

Target Performance Trade-off. While EAFT
successfully mitigates catastrophic forgetting, it
does not aim to surpass standard SFT on the
target domain metrics. As observed in our ex-
periments, EAFT achieves a Pareto improve-
ment—maintaining high general capabilities while
closely approaching, but not necessarily exceed-
ing, the peak specialization performance of SFT.
For applications where maximizing target domain
performance is the sole priority, regardless of the
degradation in other areas, standard SFT may still
be the preferred choice.

Dependence on Base Model Quality. EAFT
operates on the assumption that the model’s high-
confidence priors represent valuable general knowl-
edge worth preserving. However, if the base model
exhibits miscalibrated confidence (e.g., being con-
fidently wrong or hallucinating), EAFT inadver-
tently protect these erroneous behaviors. Future
work could explore incorporating uncertainty cal-
ibration techniques to distinguish between true
knowledge and confident hallucinations.
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To better understand the motivation behind our
Entropy-Adaptive Fine-Tuning loss, we visualize
the vocabulary distribution across different entropy
and probability regimes in Figure 7. We catego-
rize tokens into three distinct groups based on the

model’s predictive uncertainty:

fractional

collected

vary;ceyal
“emoves

declmal
eachable

mistake

Higaivldual

nvariant
€
ankings
am |
c 35
o8
nioE
omlg
E A=
mENs

cein

con51 ersassumes reconst ruct,mrpmed

(a) High Entropy
hmatme\dfrac E
22n Pe draws G|
red offz Sai i
Ansviers = M E Roundg *©
.. E

11n

SHD g o ) :7\ SeC rem Multiply
dy )" Cmm - 2
2k Y/ ndd o 1k 4 :m
! Po

Jrubtract

H'Jg t " 1 Jayden
remalnderNeW 6d ;
o\ end"“““] A equals N

(b) Low Entropy
ed burned Fotit
Modpdck Srine &t

g milk £ P“”tmgdlameter brand ;.14 'designated

“gy C”dES C C e SES
union © l I o
Ja yden - - b

mlxed;

= produced

%mexperlmenta
ctallest

u 3

i}

I

combined i T
1 n 1 ]

k3

&

1 &

Weeks chocolate divisor division PO X!
v

11tially soybeans diagonals 27

ain Essl tant bitsp \/\]
(c) Low Entropy Low Probability

totaling

Figure 7: Word clouds visualizing tokens categorized by
entropy and probability. (a) High entropy tokens often
correspond to reasoning steps. (b) Low entropy tokens
correspond to syntax and fixed patterns. (¢) Confident
Conflicts tokens often involve specific entities or data
noise. In these visualizations, word size represents
frequency, while color represents entropy.

* (a) Branching Points (High Entropy): As
shown in the top panel, high-entropy tokens
are predominantly abstract verbs (e.g., vary, de-
pends, reconstruct), reasoning connectors, and
general nouns. These tokens typically rep-
resent semantic branching points where the
model faces multiple plausible continuation
paths. They often correspond to complex reason-
ing steps or logical transitions, which are critical
for the model to learn during SFT.

(b) Confident (Low Entropy): The middle
panel displays tokens where the model exhibits
low entropy and high probability. This cate-
gory is dominated by mathematical symbols
(e.g., Convert, 4y, 6d), I5TEX syntax (e.g., \frac,
\sin), and functional words. These tokens rep-
resent deterministic syntactic structures or rote
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MM Math Domain

General Domain

Method Math Avg. General Avg.
DynaMath MathVision MathVista MMMU MMStar RealWorldQA
Qwen3.5-2B(Thinking) 66.9 43.1 73.9 61.3 64.2 71.7 74.5 70.1
+ SFT 69.7 45.8 76.1 63.9 60.0 67.8 70.7 66.2 (-3.9)
+ EAFT 70.1 453 75.0 63.5 59.1 68.4 74.4 67.3 (-2.8)
Qwen3-VL-4B-Thinking 72.9 55.6 77.0 68.5 70.8 732 732 72.4
+ SFT 73.6 60.2 77.8 70.5 65.3 71.9 724 69.9 (-2.5)
+ EAFT 73.2 59.1 77.7 70.0 68.6 73.2 73.1 71.6 (-0.8)

Table 4: Results on Multimodal Math and General domain benchmarks. We evaluate performance on DynaMath,
MathVision, and MathVista for the math domain, alongside MMMU, MMStar, and RealWorldQA for general
multimodal capabilities. The top two outcomes are bolded and underlined.

memorization, which are generally easier for the
model to master.

* (¢) Confident Conflicts (Low Entropy and
Low probability): The bottom panel illustrates
tokens where the model is confident but poten-
tially incorrect. This group consists largely of
specific entities (e.g., Jayden, modpacks), rare
domain terms, or noise. These often indicate a
mismatch between the model distribution and
the SFT data, or specific long-tail knowledge.

Insight: This qualitative distinction justifies our
entropy-based adaptive strategy. The visualiza-
tion highlights “Confident Conflicts” (Low Entropy,
Low Probability) where the model’s prior strongly
mismatches the SFT data—a primary source of
catastrophic forgetting. By differentiating these to-
kens from critical reasoning steps (High Entropy),
our method mitigates the risk of destroying the
model’s original distribution while effectively
adapting to new reasoning patterns.

B Extensions to Multimodal Tasks

We extend our experiments to continuous learning
within the multimodal domain. Specifically, we
evaluate EAFT on multimodal mathematics and
general Visual Question Answering (VQA) bench-
marks. For the experimental setup, we shuffled
16k data samples from (Sun et al., 2026). We eval-
uated our approach using the latest Qwen Mul-
timodal Large Language Models (MLLMs) (Bai
et al., 2025; Qwen Team, 2026) across various pa-
rameter scales.

As shown in Table 4, we observe that both SFT
and EAFT effectively improve performance on the
target domain. However, standard SFT suffers
from a severe performance drop in the general do-
main, whereas EAFT successfully maintains the
original capabilities. Therefore, the core conclu-
sions remain consistent with our text-based find-

ings: EAFT maintains competitive performance on
the target multimodal math domain while signif-
icantly mitigating catastrophic forgetting on gen-
eral VQA capabilities. This further validates the
effectiveness and universality of EAFT in the mul-
timodal domain.

C Evolution of Target Domain Entropy

To further elucidate the convergence mechanism
and understand how the model’s familiarity with
the target domain evolves, we monitor the target
prediction entropy throughout the training process.
Specifically, we track the supervised entropy met-
rics scaled by 1/1n(20) over 3k training steps.

Figure 8 illustrates the trajectories of the max-
imum, mean, and minimum entropy. As training
progresses, the mean entropy exhibits a steady and
pronounced downward trend, starting from approx-
imately 0.1 and gradually decaying to stabilize near
zero. This continuous reduction in entropy strongly
indicates that the model progressively resolves am-
biguity and gains confidence in the target domain.
Furthermore, the synchronization between this en-
tropy decay and the loss convergence demonstrates
that our mechanism effectively guides the model
toward a highly certain and accurate solution on
the target task.

D Hyperparameter Sensitivity and
Baseline Optimality

To ensure a rigorous evaluation, we investigate
whether the SFTk1, baseline can match our method
when its core hyperparameter, the KL coefficient £,
is optimally tuned. Following recent work (Zhu
et al., 2026), we conduct an extensive hyper-
parameter sweep for SFTxky, by varying § €
{0.01,0.1,0.5, 1}, evaluating on both mathemat-
ical reasoning and general capabilities.

As shown in Table 5, while tuning 3 optimizes
SFTkr,, our EAFT consistently achieves Pareto-
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Figure 8: Trajectories of the maximum, mean, and minimum supervised prediction entropy (scaled by 1/1n(20))
throughout training. Alongside the steady decay of the mean entropy from ~0.1 to near zero, the overall narrowing
of the entropy bounds indicates that the model progressively resolves ambiguity and establishes uniform confidence

across the target domain.

Method Math Avg. General Avg.
Qwen3-4B 68.3 81.1
SFT 69.4 76.5
SFTkr, 8 =0.01 69.3 77.0
SFTkr, 8 =0.1 69.2 77.8
SETky, B =0.5 69.0 79.6
SFTkr, =1 67.8 76.0
EAFT 69.3 80.1

Table 5: Hyperparameter sweep of the 8 coefficient
for SF'Tkr,, compared with standard baselines and our
EAFT on Qwen3-4B.

optimal performance and surpasses the baseline
frontier. This advantage stems from three key as-
pects. First, unlike the global static penalty of
SFTk1, that rigidly trades off adaptation for preser-
vation, EAFT employs a token-level dynamic gat-
ing mechanism to selectively inhibit destructive
updates during high-confidence conflicts. Second,
while SF'Tky, is highly sensitive to $ and requires
expensive tuning for different tasks, EAFT delivers
robust, out-of-the-box effectiveness across model
scales from 4B to 32B parameters. Finally, EAFT
eliminates the need for a frozen reference model,
avoiding the substantial memory and compute over-
head mandated by SFTxr,.

E Open-source Datasets

This section details the open-source datasets uti-
lized for training and fine-tuning models, catego-
rized into mathematical reasoning, medical knowl-
edge, and agent capabilities.

E.1 Mathematical Datasets

The datasets listed below serve as prompt sources
for our data distillation process. We utilized the

Qwen3-235B-A22B-Instruct-2507 (Yang et al.,
2025) model to generate responses to these
prompts. For the final training set, we randomly
sampled 19k instances where the model’s outputs
were verified as correct.

NuminaMath (Li et al., 2024) is a massive dataset
dedicated to enhancing the mathematical reason-
ing capabilities of large language models. Repre-
senting the largest public collection in the field,
it consists of approximately 860,000 pairs of
competition-level math problems and detailed so-
lutions. The dataset covers a broad spectrum of
mathematical disciplines and difficulty levels.
BigMathVerified (Albalak et al., 2025) is a large-
scale, high-quality dataset designed specifically for
applying reinforcement learning to LMs in the do-
main of mathematics. It aggregates a vast collec-
tion of mathematical problems and solutions from
diverse sources, prioritizing data quality and rea-
soning rigor. By providing a rich environment for
training and fine-tuning, Big-Math aims to advance
the ability of models to perform reliable multi-
step mathematical reasoning and self-correction
through reinforcement learning techniques.
Nemotron-CrossThink (Akter et al., 2025) is a
large-scale dataset originally designed to extend
self-learning mechanisms across various domains.
While the full dataset covers a broad spectrum of
reasoning tasks, we exclusively select the mathe-
matics subset to align with our specific research
focus. This subset contains high-quality synthetic
problems with rigorous logical verification. By
isolating these instances, we leverage the dataset’s
inherent self-correction patterns to specifically en-
hance the model’s precision in math derivation.
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E.2 Medical Datasets

Huatuo-o1 (Chen et al., 2024a) is a specialized
supervised fine-tuning (SFT) dataset generated
through knowledge distillation from the DeepSeek-
R1 (Guo et al., 2025) model. Built upon the set
of verifiable medical problems from HuatuoGPT-
ol (Chen et al., 2024a), this dataset leverages
DeepSeek-R1 to generate comprehensive, native
reasoning chains. The primary objective is to trans-
fer the advanced reasoning capabilities of the R1
model to target models, enabling them to initialize
and internalize deep clinical thinking patterns and
logical deductions essential for medical tasks.

E.3 Agent Datasets

Nemotron-Agentic-Tool-Use-vl (NVIDIA, 2025)
is a synthetic dataset designed to strengthen models’
capabilities as interactive, tool-using agents. It
focuses on multi-turn conversations where models
decompose user goals and execute tool calls to
complete tasks. For our experiments, we randomly
sampled 20,000 trajectories from the non-thinking
subset of this dataset to serve as the training set.

E.4 Multimodal Mathematical Datasets

DeepVision-103K (Sun et al., 2026) is a com-
prehensive, visually diverse multimodal mathe-
matical dataset. It contains approximately 103K
high-quality query-image-answer triplets covering
a broad range of K12 mathematical topics, rich
visual elements, and extensive knowledge points.
By featuring verifiable, deterministic final answers,
this dataset aims to enhance Large Multimodal
Models’ (LMMs) capabilities in visual perception,
reflection, and mathematical reasoning.

F Benchmarks

In this section, we provide a detailed introduction
to the benchmarks used in experiments.

F.1 General Benchmarks

« MMLU (Hendrycks et al., 2020) is a bench-
mark in evaluating the massive multitask lan-
guage understanding and general knowledge ca-
pabilities of models. It consists of 57 distinct
tasks. All of them are derived from various do-
mains including STEM, the humanities, and the
social sciences, ranging from elementary to pro-
fessional levels. The problems in the MMLU
dataset cover a wide variety of subjects such as

elementary mathematics, US history, computer
science, law, and medicine.

¢ TIFEval (Zhou et al., 2023) is a benchmark de-
signed to assess the instruction-following capa-
bilities of large language models through ob-
jective and verifiable means. It consists of ap-
proximately 500 prompts containing various ver-
ifiable constraints, such as formatting require-
ments, word count limits, and keyword restric-
tions. Unlike benchmarks that rely on subjective
human or model-based evaluation, IFEval em-
ploys a rule-based verification method to deter-
mine accuracy. This objective approach allows
for a deterministic and reproducible evaluation
of a model’s ability to strictly adhere to complex
user instructions.

¢ CLUEWSC (Xu et al., 2020) is a benchmark
task designed to evaluate coreference resolution
and common sense reasoning within the Chinese
Language Understanding Evaluation (CLUE)
framework. Adapted from the classic Winograd
Schema Challenge, the dataset consists of dif-
ficult ambiguity resolution problems where a
model must identify the correct antecedent of a
pronoun in a sentence. The questions are con-
structed such that changing a single word in the
sentence alters the correct reference. Therefore,
solving CLUEWSC requires the model to uti-
lize deep contextual understanding and general
world knowledge, rather than relying on simple
statistical associations or surface-level patterns.

F.2 Mathematical Benchmarks

« AIME24 (AI-MO, 2025) is a dataset in evaluat-
ing the mathematical reasoning ability of mod-
els. It consists of 30 challenging math problems.
All of them are from the American Invitational
Mathematics Examination. The problems in the
AIME24 dataset cover a wide variety of math-
ematical fields such as algebraic equations and
geometric puzzles. Due to the difficulty charac-
teristics and the richness of question types, it has
become a popular benchmark for evaluating the
reasoning performance of models, and is widely
used in multiple related research experiments.

* AIME25 (Zhang and Math-Al, 2025) con-
sists of 30 challenging math problems. It is
directly composed of the real questions from
the American Invitational Mathematics Exami-
nation (AIME I & II) newly released in February
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2025. AIME25’s knowledge areas are extremely
wide. It deeply covers core mathematical sec-
tions such as algebra, geometry, number theory,
and combinatorial mathematics. This character-
istic enables the AIME25 dataset to effectively
distinguish the mathematical reasoning abilities
of different models.

GSMSK (Cobbe et al., 2021) is an elementary
school math problem dataset released by Ope-
nAl These problems require 2 to 8 steps to solve,
mainly through a series of basic calculations to
obtain the final answer. This dataset is primarily
used to test the logical and mathematical abili-
ties of models and has been applied in multiple
benchmark tests.

F.3 Medical Benchmarks

* MedMCQA (Pal et al., 2022) is a large-scale
multi-subject dataset designed to assess the medi-
cal knowledge and reasoning capabilities of mod-
els. It comprises over 194,000 multiple-choice
questions collected from prestigious Indian med-
ical entrance examinations, such as AIIMS and
NEET-PG. The dataset covers a vast spectrum
of 21 medical subjects, ranging from basic bio-
medical sciences to advanced clinical disciplines
like surgery and internal medicine. Given its
high difficulty and broad professional coverage,
MedMCQA serves as a crucial benchmark for
evaluating how well large language models can
handle complex healthcare scenarios.

PubMedQA (Jin et al., 2019) is a biomedical
question answering dataset designed to evaluate
reasoning over scientific literature. It is derived
from the titles and abstracts of research papers
found in the PubMed database. The task requires
models to answer research questions with "yes",
"no", or "maybe" using the corresponding ab-
stract as context. By focusing on evidence-based
reasoning, PubMedQA effectively assesses a
model’s ability to interpret complex biomedi-
cal texts and draw accurate conclusions directly
from scientific data.

MedQA (Jin et al., 2021) is a large-scale dataset
specifically designed to evaluate the clinical rea-
soning and professional medical knowledge of
models. The dataset is derived from professional
medical board examinations, with its English
subset collected from the United States Medical
Licensing Examination (USMLE). It consists
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of complex multiple-choice questions that sim-
ulate real-world clinical scenarios, covering di-
verse topics such as pathology, pharmacology,
and patient management. Solving these prob-
lems requires deep domain knowledge and the
ability to interpret patient case histories. Conse-
quently, MedQA serves as a rigorous benchmark
for determining whether models have achieved
human-level competency in medicine.

F.4 Agent Benchmarks
* BFCL v3 (Patil et al.) is a comprehensive

benchmark designed to evaluate the function-
calling and tool-use capabilities of large lan-
guage models. It comprises a diverse set of
roughly 2K entries across multiple programming
languages, including Python, Java, JavaScript,
and REST APIs. The dataset assesses models on
complex scenarios ranging from simple function
calls to parallel, multiple, and nested calls, as
well as multi-turn interactions. By employing an
Abstract Syntax Tree (AST) evaluation method,
BFCL v3 accurately measures a model’s ability
to generate syntactically correct and executable
API calls, providing a more robust assessment
than traditional string-matching metrics.

F.5 Multimodal General Benchmarks

e MMMU (Yue et al., 2024) is a massive multi-

discipline multimodal understanding and rea-
soning benchmark designed to evaluate expert-
level Artificial General Intelligence. It consists
of thousands of challenging questions spanning
over 30 distinct college-level subjects across sci-
ence, engineering, arts, and medicine. Solving
these problems requires models to deeply inte-
grate domain-specific knowledge with complex
visual perception and logical reasoning, making
it a highly rigorous testbed for advanced vision-
language models.

MMStar (Chen et al., 2024b) is an elite multi-
modal benchmark carefully curated to assess the
true vision-language capabilities of models. It
specifically filters out questions that can be an-
swered using text-only clues or linguistic priors,
ensuring that purely visual perception is strictly
necessary. The dataset covers a broad spectrum
of visual tasks, forcing models to rely on deep,
visually-dependent reasoning rather than surface-
level text correlations.



* RealWorldQA (xAl, 2024) is a benchmark
specifically designed to evaluate the spatial and
physical understanding of multimodal represen-
tations in real-world scenarios. It consists of
high-quality images captured from everyday en-
vironments paired with questions that demand
accurate perception of object relations, spatial
geometry, and physical common sense. This
dataset is crucial for testing how well models
can interact with and comprehend complex, un-
constrained physical environments.

F.6 Multimodal Math Benchmarks

* DynaMath (Zou et al., 2025) is a dynamic
mathematical reasoning benchmark designed
to assess the robustness of multimodal models.
Unlike static datasets, it generates multiple vi-
sual variants for mathematical problems to test
if models can consistently apply mathematical
logic under changing visual conditions. This re-
quires models to not only understand the under-
lying mathematical concepts but also precisely
map them to varied structural and visual repre-
sentations.

* MathVision (Wang et al., 2024) is a comprehen-
sive visual mathematical benchmark composed
of problems from prestigious global mathemat-
ics competitions. The dataset features highly
complex problems inherently bound to visual in-
formation, such as advanced geometry diagrams,
function plots, and abstract visual logic puzzles.
Because of its extreme difficulty and reliance
on both deep mathematical deduction and pre-
cise visual interpretation, it serves as a top-tier
evaluation suite for multimodal reasoning.

* MathVista (Lu et al., 2024) is an expansive
benchmark that unified mathematical reasoning
with rich visual contexts. It spans a wide array
of task formats, including scientific diagrams,
geographic maps, geometric figures, and mathe-
matical tables. Evaluating on MathVista requires
models to simultaneously perform accurate spa-
tial perception, data extraction from images, and
rigorous multi-step mathematical derivations.

G Models

Qwen3-4B-Instruct-2507 (Yang et al., 2025) is
a lightweight large language model with 4 billion
parameters released by Alibaba Cloud in July 2025.

As the instruction-tuned variant of the Qwen3 se-
ries, it is engineered for efficient dialogue and gen-
eral task execution, supporting a native context
window of 256K tokens. Unlike its "Thinking"
counterpart, this model prioritizes direct response
generation without explicit chain-of-thought rea-
soning, optimizing it for low-latency performance
and deployment on consumer-grade hardware.
Qwen3-4B-Thinking-2507 (Yang et al., 2025) is
a reasoning lightweight model within the Qwen3
family, featuring 4 billion parameters. Unlike the
standard instruction-tuned variant, this model is
engineered to perform explicit chain-of-thought
(CoT) reasoning, generating intermediate logical
steps before producing a final answer. It supports a
native context window of 256K tokens and is opti-
mized for complex analytical tasks such as mathe-
matical problem-solving and logical deduction.
Qwen2.5-32B-Instruct (Qwen et al., 2024) is a 32-
billion parameter instruction-tuned large language
model released by Alibaba Cloud in September
2024. Positioned as a mid-sized model within the
Qwen?2.5 series, it is designed to offer an optimal
balance between computational efficiency and task
performance. The model features a 64-layer Trans-
former architecture with Grouped Query Attention
(GQA) and supports a context window of up to
128K tokens. It demonstrates significant improve-
ments over its predecessors in instruction follow-
ing, structured data understanding, and logical rea-
soning, making it highly suitable for deployment
in resource-constrained environments that require
high-quality generation.

GLM-9B-0414 (GLM et al., 2024) is a lightweight
9-billion parameter language model released by
Zhipu AI (THUDM) in April 2025. As an iteration
of the GLM-4 open-source series, this model ver-
sion (0414) is specifically optimized for on-device
deployment and agentic tasks. It features a native
context window of 128K tokens and demonstrates
state-of-the-art performance in tool use (function
calling) and long-context understanding among
models of similar size. The model is designed
to provide a balance between inference latency and
task complexity, making it a competitive alterna-
tive to larger 32B models for specific downstream
applications.

Qwen3-235B-A22B-Instruct-2507 (Yang et al.,
2025) is a flagship Mixture-of-Experts (MoE)
model released by Alibaba Cloud. While it boasts
a massive total parameter count of 235 billion, it
utilizes a sparse architecture that activates only 22

14768



billion parameters during inference. This design al-
lows the model to achieve performance comparable
to dense state-of-the-art models while maintaining
the inference speed and computational efficiency
of a much smaller 22B model.

Qwen3.5-2B (Qwen Team, 2026) is a next-
generation lightweight multimodal language model
featuring 2 billion parameters. Distinguished by
its efficient hybrid architecture, it combines Gated
Delta Networks with sparse Mixture-of-Experts
to deliver high-throughput inference with minimal
overhead. Built upon a unified vision-language
foundation via early fusion training on multimodal
tokens, it exhibits robust generalization in both text
and visual tasks.

Qwen3-VL-4B-Thinking (Bai et al., 2025) is
a reasoning-enhanced 4-billion parameter Vision-
Language Model (VLM) from the latest Qwen3-VL
series. It delivers comprehensive upgrades across
visual perception, multimodal reasoning, and long-
context processing. The "Thinking" edition specif-
ically augments the model to excel in STEM and
mathematical problem-solving by leveraging ex-
plicit causal analysis and extended logical reason-
ing chains.

H Baselines

* SFT (Supervised Fine-Tuning): The standard
fine-tuning approach that maximizes the like-
lihood of target tokens using a uniform cross-
entropy loss. It treats all tokens equally, making
it prone to overfitting specific data patterns and
"catastrophic forgetting" of general capabilities.

* SFTx; (SFT with KL Regularization): A
prevalent robust baseline that adds a Kullback-
Leibler (KL) divergence penalty to the loss func-
tion. It explicitly constrains the policy from de-
viating too far from the base model (reference
model). While effective at preventing forgetting,
it incurs significant memory overhead due to the
need to maintain a frozen reference model.

* FLOW (Sanyal et al., 2025): A dynamic
reweighting method that adjusts the importance
of training samples based on their learning dy-
namics. FLOW monitors the loss trends to iden-
tify samples that are likely to cause forgetting,
down-weighting them to maintain a smoother
optimization trajectory compared to SFT.

* DFT (Wu et al., 2025): Dynamic Fine-Tuning.
This method reinterprets SFT through a Rein-

forcement Learning lens, identifying that stan-
dard cross-entropy implicitly applies an unstable
"inverse-probability weighting" (1/7p) to gradi-
ents. DFT rectifies this by actively scaling the
loss with the model’s current prediction proba-
bility 7y (y|x). This effectively dampens the gra-
dients for low-probability target tokens (where
the model is "surprised”" or wrong), stabilizing
optimization by preventing aggressive fitting of
hard or noisy samples.

¢ TALR (Lin et al., 2025): Token-Adaptive Loss
Reweighting. A granular approach that assigns
varying weights to individual tokens based on
their training difficulty (often measured by loss
magnitude or gradient norms). TALR aims to
focus the model’s capacity on "hard" tokens
while reducing the impact of easy or noisy to-
kens, though it typically lacks the uncertainty-
awareness of our entropy-based method.

I Implementation Details

In this section, we provide a comprehensive
overview of our training infrastructure, hyperpa-
rameter configurations, and evaluation protocols to
ensure the reproducibility of our results.

I.1 Training Setup

All methods were implemented using LLaMA-
Factory (Zheng et al., 2024), except for SFTk,
which was trained using the Verl (Sheng et al.,
2024) framework. All experiments were conducted
on 8§ NVIDIA A100 GPUs.

1.2 Hyperparameter Settings

To ensure a fair comparison, we adopted a unified
set of hyperparameters across all baseline models
and our approach, unless specified otherwise. The
specific values for the shared hyperparameters are
detailed in Tab. 6.

Regarding checkpoint selection, we prioritized the
checkpoint that demonstrated the best mean perfor-
mance averaged over all the evaluated benchmarks.

Method-Specific Hyperparameters. The KL-
divergence coefficient 3 in SFT g, was set to 0.5.

1.3 Evaluation Protocol

For all evaluations, we conducted three indepen-
dent runs and reported the average performance.

For mathematical reasoning benchmarks, we
strictly followed the evaluation implementation of
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Hyperparameter Value
Learning Rate 1x107°
LR Scheduler Cosine
Warm-up Steps 0.03 ratio
Optimizer AdamW
Batch Size 64
Num of Epochs 10
Max Sequence Length 16384

Table 6: Hyperparameter settings used for all models.

Qwen2.5-Math (Yang et al., 2024). For medical
domain tasks, we aligned our evaluation pipeline
with the MedEvalKit framework (Xu et al., 2025).

J Extended Discussion

In this section, we elaborate on the design philoso-
phy of the gating mechanism and position EAFT
within the broader landscape of alignment tech-
niques (e.g., RL (Shao et al., 2024) and RFT (Tou-
vron et al., 2023)).

J.1 Comparison with EAFT;,

While Section 5.1 demonstrates that Sigmoid-based
gating (EAFT,;,) achieves competitive perfor-
mance, we advocate for the linear formulation pri-
marily due to its hyperparameter robustness and
ease of deployment.

Sensitivity of Non-Linear Gating. The Sigmoid
function introduces two sensitive hyperparameters:
steepness (o) and the centering threshold (53).

» High Sensitivity: Performance fluctuates signif-
icantly with 3. If 3 is too high, the method de-
generates into standard SFT; if too low, it mimics
a Hard Mask, discarding valuable training sig-
nals. This necessitates expensive grid searches
for every new dataset or model scale.

* Binary Bias: High steepness («) forces a near-
binary decision boundary, ignoring uncertainty
and treating moderately confident tokens the
same as extremely confident ones.

The '""Parameter-Free'' Advantage. The linear
formulation acts as a structural prior: loss weight is
directly proportional to uncertainty. It effectively
removes the need for hyperparameter tuning. This
"out-of-the-box" robustness ensures EAFT general-
izes across domains without requiring the delicate
calibration needed for Sigmoid-based variants.

J.2 Comparison with RL and RFT

Existing alignment methods like On-policy RL
(Schulman et al., 2017; Shao et al., 2024) or Rejec-
tion Sampling Fine-Tuning (RFT) (Touvron et al.,
2023) mitigate the "alignment tax" but incur high
computational or operational costs (Chen et al.,
2025; Shenfeld et al., 2025). EAFT provides a
distinct trade-off favoring efficiency.

Lightweight Efficiency (vs. RL). RL methods
typically triple memory requirements by maintain-
ing multiple models simultaneously (Policy, Ref-
erence, and Value/Reward models). EAFT retains
the nearly identical memory footprint and computa-
tional graph of standard SFT. Crucially, it requires
no Reference Model (using the model’s own en-
tropy as a proxy for "trustworthiness") and avoids
the complex rollout generation phase, significantly
accelerating training throughput.

Dynamic Adaptation (vs. RFT). Methods like
RFT rely on static data curation—filtering or gen-
erating data based on the model’s capability before
training begins.

e Static vs. Dynamic: RFT assumes a fixed
knowledge boundary. However, as the model
learns, its uncertainty shifts.

* On-the-fly Correction: EAFT operates dynami-
cally. If the model becomes overconfident about
a hallucination mid-training, EAFT automati-
cally down-weights the loss for that specific to-
ken. This allows the gating mechanism to evolve
in real-time alongside the model parameters, of-
fering an adaptive advantage that static data fil-
tering cannot achieve.

J.3 Nature of Forgetting: Semantic
Degradation vs. Style Overwriting

To clarify whether downstream forgetting stems
from genuine capability degradation or superficial
style overwriting, we conduct a quantitative error
analysis on the MMLU, IFEval, and CLUEWSC
benchmarks. Focusing on SFT models in Math and
Agent domains, we isolate “newly degraded” in-
stances—questions answered correctly by the base
model but incorrectly after SFT. An advanced LLM
(Gemini-3-pro (Google DeepMind, 2026)) is then
leveraged to classify these failure modes into for-
matting mismatches (Fm¢_Err) and critical seman-
tic errors (Sem_Err).
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As shown in Table 7, a striking 97% of these new
failures are genuine semantic errors rather than su-
perficial formatting shifts. This indicates that while
“Confident Conflicts” involve formatting tokens,
forcing updates on these rigid priors destabilizes
the model’s deeper representation space, trigger-
ing a ripple effect that leads to profound semantic
degradation. By suppressing these destructive gra-
dients, EAFT successfully preserves the model’s
core knowledge base.

Domain Total Fmt_Err Sem_Err

Math 864 20 844 (98%)
Agent 946 30 916 (97%)

Overall 1810 50 1760 (97 %)

Table 7: Quantitative error analysis of newly degraded
instances after standard SFT.

K LLM Usage

We used large language models (LLMs) to im-
prove the clarity and grammatical correctness of
the manuscript. After using these tools, the authors
carefully reviewed and edited all generated content,
and take full responsibility for the final version of
the paper.
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