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Abstract

State-of-the-art (SOTA) reasoning post-training
pipelines increasingly combine supervised fine-
tuning (SFT) with reinforcement learning (RL)
to balance external knowledge injection and
self-exploration. In this work, we identify
a critical but underexplored failure mode of
these SFT+RL pipelines: catastrophic forget-
ting. To analyze the cause, we reveal a funda-
mental asymmetry between SFT and RL. SFT
typically induces much larger, redundant pa-
rameter updates than RL, while RL’s updates
are smaller and more parsimonious. There-
fore, SFT updates can easily overwrite RL’s
small non-robust updates, causing the forget-
ting of the knowledge learned by RL. To ad-
dress this issue, we propose MIFO (Mltigating
FOrgetting between SFT and RL), a plug-and-
play framework that integrates SFT into RL
while explicitly constraining SFT-induced up-
dates. MIFO mitigates forgetting through two
complementary designs: (i) Data selection,
which interleaves RL and SFT by selecting
challenging samples based on rollout accuracy
and optimizing only high-entropy tokens for
SFT. (ii) Parameter freezing, which identifies
RL-critical parameters and temporarily freezes
them during SFT to prevent overwrite. Beyond
stability, MIFO is data- and response-efficient
and remains agnostic to the underlying SFT
or RL algorithm. Empirically, MIFO achieves
SOTA reasoning performance using only 1.5%
of the SFT data and 20.4% of the RL data re-
quired by prior SOTA methods, while produc-
ing reasoning traces up to 10x shorter than the
standard SFT—RL pipeline.

1 Introduction

Recent Large Language Models (LLMs) have
shown reasomng capablhty ( , ;

»0; , ). The reasoning
Capablhty are highly dependent on the use of the
Chain-of-Thought (CoT) thinking pattern trained

by supervise fine-tuning (SFT) or reinforcement
learning (RL). Although popular RL algorithms
such as PPO ( , ), GRPO (

, ), and DAPO ( , ) are
promising in multiple reasoning tasks, recent stud-
ies argue that RL training does not truly extend a
model’s reasoning boundaries. Because RL trains
the LLMs based on self-generated rollout samples,
RL primarily reshapes the model’s internal prob-
ability distribution rather than enabling the acqui-
sition of new knowledge ( , ;

, ). Compared with the weaknesses of
RL, SFT can import external out-of-distribution
samples into the model, although it carries risks of

memorization or overfitting ( , ) and

reduced generalization ( , ).
Consequently, except for the common

recipe ( , ; , )

that uses SFT then RL to post-train the model,
many recent studies with better reasoning per-
formances ( , ; , )
explore how to leverage the strengths of SFT and
RL while avoiding their drawbacks by strategically
combining them into an interconnected RL-SFT
optimization process to balance knowledge
injection with self-exploration. For example,
DeepSeekMath ( , ) applies multiple
SFT—RL stages, ReLIFT ( , )
alternates between RL and SFT, and LUFFY (

, ) and SRFT ( , ) merge
SFT supervision into a single RL optimization
objective. Despite their empirical success, we
identify a critical but previously overlooked issue
shared by these approaches: combining SFT
and RL in reasoning post-training can induce
catastrophic forgetting.  Through systematic
analysis, we find that this forgetting arises from
a fundamental asymmetry between SFT and RL
updates. SFT induces parameter updates with
substantially larger magnitudes and redundancy,
which overwrite the smaller, more parsimonious
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updates learned during RL. As a result, knowledge
acquired through self-exploration in RL can be
rapidly erased once SFT is introduced, leading to a
degradation in reasoning performance (forgetting
happens). Except for catastrophic forgetting,
these methods also suffer from one or more of
the following limitations: (i) reliance on large
quantities of high-quality SFT data, (ii) tight
coupling to specific RL algorithms, and (iii) not
efficient with long Chain-of-Thought responses, as
summarized in Table

In light of this, we propose MIFO (MItigating
FOrgetting between SFT and RL), a plug-and-play
reasoning post-training framework explicitly de-
signed to prevent catastrophic forgetting. The core
principle of MIFO is simple yet effective: combine
SFT and RL while constraining SFT-induced pa-
rameter updates, thereby preserving the knowledge
acquired through RL. MIFO achieves this through
two complementary mechanisms. First, we dynam-
ically interleave RL and SFT, selecting only a small
subset of difficult questions for SFT based on RL
rollout accuracy, and further restricting the SFT ob-
jective to high-entropy tokens. This design substan-
tially reduces unnecessary SFT updates that cause
forgetting while still enabling effective knowledge
injection. Second, we track parameters that are
critical to RL learning and temporarily freeze them
during subsequent SFT phases, preventing SFT
from overwriting or forgetting RL-acquired knowl-
edge. Together, these mechanisms directly target
the root cause of forgetting in SFT+RL pipelines.

Beyond mitigating forgetting, MIFO exhibits
several desirable properties simultaneously. First,
it is data-efficient, achieving the best reasoning
performance using only 1.5% of the SFT data and
20.4% of the RL data required by prior SOTA meth-
ods. Second, it is response-efficient, producing
concise reasoning traces with 10x fewer tokens
compared to the representative SFT—RL pipeline.
Finally, because MIFO does not rely on a unified
SFT-RL objective ( , ; , ),
it is algorithm-agnostic and can be seamlessly in-
tegrated with different SFT or RL algorithms as a
plug-and-play module.

In summary, this work makes the following con-
tributions:

» We first identify and empirically demonstrate
catastrophic forgetting as a fundamental is-
sue in existing combining SFT+RL reasoning
post-training pipelines. Then systematically

Data Algorithm- Response-

Method Efficient  Agnostic Efficient

SFT — RL X v X X
DeepSeekMath ( s ) X v - X
LUFFY ( R ) X X v X
SRFT ( s ) X X v X
ReLIFT ( N ) v v 4 X
MIFO (Ours) v v v v

Table 1: Feature comparison of different SFT+RL
frameworks. MIFO is the only framework that simulta-
neously achieves data efficiency, algorithm agnosticism,
response efficiency, while most importantly, effectively
mitigating catastrophic forgetting.

provide an interpretation via parameter updat-
ing perspective.

* We propose MIFO, a framework that con-
tains data processing and RL-aware param-
eter freezing, to mitigate forgetting by con-
straining SFT-induced larger, redundant pa-
rameter updates, protecting RL’s smaller, par-
simonious parameter updates.

* We show that MIFO achieves SOTA reason-
ing performance with substantially improved
data and response efficiency, while remaining
algorithm-agnostic and easy to integrate into
existing SFT and RL algorithms.

2 Forgetting between SFT and RL

In this section, we first illustrate that existing com-
bining SFT and RL post-training pipelines intro-
duce the risk of catastrophic forgetting, especially
when SFT follows RL. Then, we hypothesize that
this phenomenon is caused by SFT updates over-
writing RL learned information because: (i) SFT
applies much larger updates than RL; (ii) RL up-
dates parameters with much less redundancy com-
pared with SFT. If some RL updates are randomly
removed or interfered with, it will experience no-
table performance degradation without reliable ro-
bustness. Finally, we propose our motivation ac-
cording to these properties to avoid forgetting.

2.1 Forgetting Measurement

Recent SOTA reasoning post-training pipelines,

such as DeepSeekMath ( , ),
LUFFY ( , ), ReLIFT ( ,
), and SRFT ( , ), integrate SFT

and RL together throughout the training process,
either explicitly or implicitly. However, we identify
that within these combinations, the SFT component
induces the forgetting of information previously
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Method Baseline:m  RL.  RL—SFT LUFFY SRFT ReLIFT MIFO

Score 24.3 25.4 8.7 11.7 15.7 13.2 252
A - +1.1 -15.6 -12.6 -8.6 -11.1 +0.9

Table 2: The changes (A) are relative to the 50-step RL
Baseline . RL and MIFO perform best while forgetting
happens to others.

learned via RL component. We quantitatively mea-
sure this by first training a model for 50 steps using
RL, and subsequently shifting to these pipelines’
training objectives containing SFT for 10 steps. If
no forgetting happens, the reasoning performance
will increase after SFT. However, as shown in Ta-
ble 2, all other methods exhibit a degradation in
performance except for our MIFO, indicating the
occurrence of forgetting. We also provide more
comprehensive experiments across different train-
ing steps for end-to-end baselines to illustrate this
forgetting in Appendix

2.2 Why Forgets? Contrasting the Roles of
SFT and RL

We hypothesize that this degradation occurs be-
cause SFT induces much larger and redundant mag-
nitudes of parameter updates, thereby overwriting
RL-induced smaller, parsimonious (non-redundant)
updates and triggering catastrophic forgetting of
knowledge learned by RL.

SFT updates more, RL Less. Using the same
configuration as Section with epochs set to 1,
we measure the magnitude of parameter updates
for SFT or RL from the start step O to the end
of training in step 1" with the same learning rate,
defined as A0 = |0 — 6yl|,. Figure | shows
that across all layers, SFT produces much larger
parameter changes than RL, which can overwrite
RL updates and cause catastrophic forgetting of
RL-acquired information.

SFT redundant, RL parsimonious. We conduct
two experiments to demonstrate that SFT exhibits
greater redundancy in parameter updates compared
to RL. We set the same data amount, epochs = 1,
and other configurations are the same as in Ap-
pendix B. We study two sparsification ways on
model updating by observing model performance
(average pass@1 on 6 reasoning test sets). (i) On-
line gradient sparsification. Let po, € [0, 1] denote
the drop rate per step. At each gradient step ¢, we
have model parameters §; € R? with loss gradient
gt = VoL(0;). We draw an i.i.d. coordinate mask
m¢ ~ Bernoulli(1 — pon)? (1=keep, O=drop) and
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Figure 1: SFT induces many more parameter updates
on magnitude, compared with RL.
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Figure 2: Gradients Dropping (GD) during training
causes more performance drop on RL (right) compared
with SFT (left).

update with the masked gradient

gt = mt®gt7 Ht-‘v-l - AdamW(@t,gt),

where AdamW represents one AdamW opti-
mization step. In our runs we set po, = 0.5,
randomly drop 50 percent of gradient coordinates
each step, independently across steps and coor-
dinates. (ii) Post-hoc update sparsification. Let
Ppost € [0,1] denote the pruning rate applied
once after training. First train unperturbed for
T steps to obtain g — 07, define the net up-
date AG = Op — 6y, then sample a single mask
m ~ Bernoulli(1 — ppost)d and form

o0t = 0y + m e A,

to randomly prune a ppost-fraction of parameter
changes.

Both experiments indicate that SFT produces re-
dundant parameter updates, whereas RL induces
more non-redundant, parsimonious ones. (i) On-
line gradient sparsification. As shown in Figure 2,
the SFT w. Gradient Drop model matches the SFT
baseline after roughly the 40th step. By contrast,
the RL w. Gradient Drop model suffers a larger per-
formance drop relative to the RL baseline, and the
gap only begins to the 110th step. It the end, the av-
erage score gap is 1.07 for SFT versus 4.23 for RL.
(ii) Post-hoc update sparsification. Figure 3 demon-
strates that RL performance degrades sharply as the
pruning rate increases (A=-5.6, -14.4). Conversely,
SFT exhibits signs of redundancy and overfitting,
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Figure 3: SFT shows more redundancy compared with
RL, as it experiences less performance drop if they are
randomly pruned.

where slight pruning initially boosts performance,
resulting in a negligible decline (A=-0.9, -2.4).
Summary. The contrast in update magnitudes
and redundancy offers an explanation for the catas-
trophic forgetting. RL’s updates are smaller and
parsimonious: the reasoning capabilities learned
by RL rely on precise, non-redundant parameter
updates, and therefore are not robust when com-
bined with SFT’s high redundancy and larger up-
dates during post-training. Consequently, when
SFT is combined with RL, its broad updates eas-
ily interfere with or forget the RL’s non-redundant,
small parameter updates. This suggests that the full
potential of SFT+RL training pipelines remains
untapped because they did not explicitly mitigate
forgetting risk. Besides, experiments in Section
further show that, by decreasing the SFT’s larger,
redundant updates while preserving RL’s smaller,
non-redundant updates in combined training, the
reasoning performance is improved, indicating the
existence of original catastrophic forgetting. For
our empirical results, we also provide a theoretical
insight in Appendix

2.3 Motivation: Mitigates Forgetting

When SFT overwrites RL due to larger, redundant
updates, can we reduce its update magnitude to
mitigate forgetting? Section 2.2 shows that SFT ex-
hibits substantial redundancy in parameter updates
relative to RL and carries a risk of overfitting. Our
motivation follows directly: We combine SFT with
RL for reasoning post-training while constraining
SFT-induced parameter updates to reduce forget-
ting on the information learned by RL.

3 Methodology

Based on the insights in Section 2, we propose
MIFO as illustrated in Figure 4, which incorpo-
rates multiple connected RL— SFT intervals and

SFT vs
updates

SFT+RL: Mitigate Forgetting
SFT updates F w.o. MIFO ‘ w. MIFO
Larger SFT forgets RL protected
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Figure 4: Overview. MIFO is a training pipeline with
multiple connected RL— SFT intervals. In RL training:
it selects data for SFT and decides the important RL
parameters at the end; In SFT training: RL-important
parameters are frozen, and only selected data samples
and high-entropy tokens are used for loss calculation.

mitigates forgetting. To achieve it, our principle
is to limit SFT parameter updates, thereby reserv-
ing parameter space for the more parsimonious,
non-robust updates of RL. Guided by this, MIFO
introduces two key designs: (i) Data processing.
At the sample level, we use RL rollouts to identify
questions the model currently struggles with, and
we curate an online SFT set containing only these
cases with verified solutions. At the token level,
we focus the SFT objective on the most informa-
tive, high-uncertainty tokens rather than spreading
gradients over easy tokens. Therefore, less SFT
data samples and tokens after filtering decrease the
magnitudes of SFT updates and mitigate the for-
getting. (ii) Parameter freezing. To directly reduce
forgetting by limiting SFT updates and protect RL
learned information, we track which parameters
were most updated during RL and freeze these RL-
critical components during subsequent SFT, then
unfreeze them before the next RL step.

3.1 Data Processing

Selecting SFT Samples. We adopt GRPO (can be
changed to another RL algorithm) for RL training,
and select challenging data samples according to
the GRPO rollout accuracy for the following SFT
training. This design limits SFT updates with less
samples while still keeps challenging data to push
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the reasoning boundary of the model. Let the pol-
icy model before and after the update be g, and
mg. Given a question g, a set of solutions {o; }
generated by 7y, and a reward function R(-), the
objective is

old?

N o]

LrL(0) = Zl Z Z min [r@t(ﬂ)Ai,

N
i=1 |04 i=1 t=1

clip(ri+(0),1 —e,14¢€) A;

where Tz,t(a) 01 (oiyt\q,0¢<t) ) AZ
R(o;)—mean({R(0;)}}; )
std({R(0;)}},)

GRPO produces N solutions and yields an ac-
curacy acc(q). We then collect questions with
acc(q) < p, where the policy exhibits a low suc-
cess rate under self-exploration, we assume that ad-
ditional out-of-distribution knowledge is required.
We obtain high-quality SFT solutions which can
be from stronger reasoning models or from human
experts, and accumulate them into an SFT batch
BFTZ

For each question gq,

Brr = {(0.9) | ace(@) <p. s =Dla),

extract(s) = a} :

where D(q) denotes a CoT solution obtained
either offline or online from an external model or
a human annotator, extract(s) is the final answer
extracted from s, and a is the ground-truth answer
for q. We retain only pairs satisfying extract(s) =
a. Once the batch size exceeds a preset threshold
S (|Ber| > S), training shifts from RL to SFT.
Subsequently, the process reverts to RL once the
current SFT batch is fully consumed, and the batch
is emptied (Bpr=0).
SFT with High-entropy Tokens. After RL, MIFO
SFT the model only on high-entropy tokens from
SFT batch Bpr to limit the magnitude of param-
eter updates. Entropy ( , ) describes
the uncertainty, and high-entropy tokens mark posi-
tions of model uncertainty. Concentrating learning
on these tokens encourages acquisition of missing
knowledge while avoiding unnecessary fitting of
low-entropy (confident) tokens. For each token po-
sition ¢ in a response, define the entropy H;y =
- Zy:1 pt,j logpej, where pr = mp(- | ¢, 8<t),
and V is the vocabulary size. We then compute

an example-specific threshold 7,(q, s) such that
the top p € (0, 1] fraction of tokens by entropy
in (q,s) satisfy H; > 7,(¢q,s). The SFT objec-
tive minimizes loss only over these high-entropy
tokens:

|s|

LN I[H, > 7,(q.9)
t=1

Lspr(0) = — 5

~log (st | ¢, s<t) -
where (g, s) is sampled from SFT batch Bgr.

3.2 Parameter Freezing

The second component of MIFO tracks RL-induced
parameter updates and freezes the most impor-
tant ones based on historical magnitude before the
subsequent SFT phase. This protects important
RL-acquired knowledge, thereby preventing catas-
trophic forgetting. Simultaneously, because SFT
updates are inherently redundant, the remaining
unfrozen parameters provide sufficient capacity for
SFT to learn effectively, ensuring reasoning per-
formance is maintained even with a constrained
parameter space. Let 8; = {6},... 6%} denotes
the model parameters in the ¢-th RL—SFT interval,
where d is the number of parameters. To reduce
forgetting, we maintain a history importance map
C; € R? that tracks important RL updates, and
we freeze parameters with the largest importance
scores for the following SFT. Let Ory, start,i and
OR1 enda,i be the parameters at the start and end of
the RL session in interval . Considering the con-
nection between parameter importance and magni-
tudes, we first define the magnitudes of RL update
ABRy,; by

AO%{L,i = Hglz-'{L,end,i - Q%LL,start,iHQ’j = 17 s 7d-

Then with Cy = 0 initialization, let o« € [0, 1)
be the history coefficient and define the current
importance map as

C, = aC;1 + (1—04) AGRLJ.

Here C serves as history importance map for RL
parameter updates, with global information along
the training. We then select the top-k entries by
magnitude to find the most-learned important pa-
rameters during RL training, Z; = TopK(Ci, k),
and define a binary mask M; € {0, 1}% with

M{:l[jeL-], Ci = Mz'@éi,
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New obtained masked C; is then passed to the next
interval as history to calculate next importance map
Z;+1. To avoid forgetting in subsequent SFT, we
freeze RL-important parameters indexed by Z; by
zeroing their SFT gradients:

Vo,Lspr <+ (1 —M;) ® Vg, LspT.

After SFT completes, all parameters are un-
frozen for the next RL session. RL updates pro-
duce smaller parsimonious updates, which almost
do not induce forgetting of SFT-acquired knowl-
edge. This RL—SFT cycle repeats throughout
post-training, promoting long-term training stabil-
ity. When o« = 0, we denote the variant as MIFOT,
meaning no historical RL-importance is carried
across intervals. Pseudocode of MIFO is provided
in Algorithm 1.

4 Experiment

4.1 Setups

Evaluation. We evaluate MIFO on five widely
used mathematical reasoning benchmarks: AIME
2024 (A-24), AIME 2025 (A-25), AMC ( ,

), OlympiadBench ( , ) (Olym),
and MATHS500 ( , ) (MATH).
For the smaller test sets (AIME 2024, AIME 2025,
and AMC), we report avg@32 (pass@ I for Sec-
tion 2). For the larger test sets (OlympiadBench
and MATHS500), we report pass@ 1. We also in-
clude MMLU-Pro ( , ) (M-Pro) to
assess the model’s generalized reasoning ability.
Then we summarize the average score (Avg.) and
average response length (Len.).

Datasets. For the training set, we utilize the ver-
sion of the dataset OpenR1-Math-46k from (

, ), which contains a subset of OpenR1-
Math-220k ( , ), with prompts from Numi-
naMath ( , ) in 45.8k prompts and their
CoT demonstrations.

Baselines. We compare against four categories of
baselines. (1) Base models: Qwen-Math-2.5 and
Qwen-Math-2.5-Instruct. (ii) SFT-only: SFT, a
supervised fine-tuned variant of Qwen-Math-2.5.
(ii1)) RL-only: RL, which is trained by vanilla
GRPO; Oat-Zero ( , ), which uses
GRPO with variance removal in advantage com-
putation and token-level normalization; PRIME-
Zero ( , ), which employs implicit
process rewards; OpenReasonerZero ( ,

), which uses rule-based rewards. (iv) Joint

SFT+RL: SFT—RL, which first applies SFT then
runs RL; LUFFY ( s ), which inte-
grates on-policy rollouts with off-policy reasoning
traces within RL training. SRFT( , ),
a single-stage method that unifies both fine-tuning
paradigms through weighting mechanisms (only
the 7B model We provide other implementation
details in Appendix

4.2 Main Results

Table 3 presents the main results regarding reason-
ing performance, response efficiency, and training
data efficiency for baselines, our method MIFO,
and MIFO'. MIFO! is a special case when the
history coefficient « is set to 0.

Reasoning Performance. Table 3 shows that
across five competition-level benchmarks and one
out-of-distribution benchmark, our method consis-
tently attains the best or second-best results. On
the 1.5B model, it yields large gains on AMC (+4.0
over LUFFY) and OlympiadBench (+7.9 over Re-
LIFT). On the 7B model, it substantially outper-
forms SRFT on AIME 2025 (+5.8) and Olympiad-
Bench (+1.5). Overall, our approach achieves the
best average reasoning performance for both 1.5B
and 7B models, highlighting its effectiveness.

Data Efficiency. Because of the introduced data
processing and parameter freezing design, MIFO
maximizes the utility of existing data and thus re-
duces data requirements. Table 5 compares data us-
age among joint SFT+RL methods. For 7B model,
MIFO uses only 1.5% of the SFT data and 20.4%
of the RL data required by the prior SOTA SRFT,
and 5.8% of the SFT data and 41.6% of the RL
data used by LUFFY. For 1.5B model, MIFO uses
only 12% of the SFT data and 41.6% of the RL
data used by LUFFY. MIFO employs a similar data
budget compared to ReLIFT, and achieves notably
better performance.

Response Length Efficiency. Tables 3 show that
MIFO yields more concise reasoning traces be-
yond accuracy. On the 1.5B model, MIFO and
MIFO' produce outputs with average lengths of
2,518 and 985 tokens, respectively, shorter than all
baselines except the RL-only model. On the 7B
model, the gap is even more pronounced: MIFO
and MIFOT average 1,067 and 1,371 tokens, re-
spectively, with only the RL-only model shorter
at 653 tokens. These results indicate that MIFO
improves reasoning while also producing more ef-
ficient responses with less tokens.
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Qwen2.5-Math-1.5B

Qwen2.5-Math-7B

Model A-24 A-25 AMC MATH Olym M-Pro Avg. Len. A-24 A-25 AMC MATH Olym M-Pro Avg. Len.
Base

Qwen-Math 30 14 194 444 16.7 50 150 4043 5.1 1.4 226 37.2 19.0 305 193 2408
Qwen-Math-Instruct 8.1 6.6 369 660 307 242 288 5806 9.7 82 399 712 341 330 337 14179
SFT

SFT 127 13.0 409 718 338 235 326 13403 269 23.1 589 850 50.7 48.6 489 10166
RL

RL 102 8.7 447 714 345 287 330 913 221 139 595 842 4477 483 455 653

Oat-Zero 17.8 108 472  73.0 358 209 343 2605 334 119 612 780 434 417 449 1767

OpenReasoner 32 13 276 552 240 279 232 2445 165 150 52.1 824  47.1 58.7 453 1652
SFT+RL

SFT—RL 125 92 434 720 349 290 335 12601 29.6 19.6 6l1.1 84.2 516 49.6 49.3 10832
ReLIFT 13.1 88 425 73.6 360 30.1 340 4421 272 201 649 85.2 536 525 506 1299
LUFFY 159 131 463 80.0 410 342 384 3406 272 181 6l1.1 85.6 536 526 497 1762
SRFT - - - - - - - 334 231 656 8.6 579 558 54.1 1112
MIFO! 19.0 126 49.1 780 439 362 398 985 282 289 656 89.0 564 540 53.7 1371

MIFO 192 120 503 788 433 36.1 40.0 2518 31.7 26.0 66.2 87.8 594 548 543 1067

Table 3: Overall reasoning performances on reasoning benchmarks (Avg. denotes average) 1 and average response
length (Len., #token) J. Bold and underline indicate the best and second-best results, respectively.

4.3 Ablation Study

Table 4 reports the ablation study. Starting from the
base SFT model, we progressively evaluate three
components: interleaved training (Int), entropy-
based token selection (ES), and parameter freez-
ing (PF). + Interleave. Simply interleaving SFT
with RL-based data provides a substantial base-
line boost, increasing the average accuracy from
15.0 to 34.0 for the 1.5B model and from 33.7 to
50.5 for the 7B model. This confirms the funda-
mental benefit of combining SFT and RL. + In-
terleave + ES. Integrating entropy-based selec-
tion further improves average performance, such
as reaching 39.2 on 1.5B. By focusing training on
high-uncertainty tokens, ES effectively reduces re-
dundant SFT updates and enhances reasoning per-
formance. + Interleave + PF. Applying parameter
freezing to mitigate SFT-RL interference yields
stable gains, particularly on challenging sets like
AIME-25, where the 1.5B model achieves 14.5.
This suggests that preserving RL learned reason-
ing capabilities is crucial. MIFO. By combining
all components, MIFO achieves the superior per-
formance across both scales, reaching an average
of 40.0 (1.5B) and 54.3 (7B). MIFO consistently
delivers the best or second-best results on nearly
all benchmarks, demonstrating that ES and PF are
highly complementary.

4.4 Additional Analysis and Benchmarks

Parameter Freezing Shortens Response. Mir-
roring Section 4.3, we conduct an ablation to
identify which components improve response effi-
ciency and present results in Figure 5. Comparing

Avg Rollout Response Length

—— MIFO
—— Interleave+PF

—— Interleave
—— InterleaveftES

w

IS

N

Response Length, #Token (k)
w

=

0 200 400 600 800 1000
Gradient Steps

Figure 5: Parameter freezing shortens response length.

Interleave with Interleave+ES, we observe that
adding ES increases rollout length. We hypothe-
size that emphasizing high-entropy tokens during
SFT encourages exploration of alternative reason-
ing branches ( , ), which expands
the trace. Comparing Interleave+PF with Inter-
leave, PF yields shorter responses in most training
stages, especially in the final epoch (three in to-
tal). This suggests that reducing SFT updates also
improves efficiency, since SFT data are typically
longer due to being sourced from stronger mod-
els with longer CoT. Finally, comparing MIFO
with Interleave+ES, we find that PF substantially
reduces response length, demonstrating its effec-
tiveness for efficiency.

Additional Reasoning Domains. Following (

, ; , ), we utilize sci-
entific and knowledge-based tasks as an out-of-
distribution evaluation for general reasoning capa-
bilities. As shown in Table 6, MIFO achieves an
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Qwen2.5-Math-1.5B

Qwen2.5-Math-7B

Model A-24 A-25 AMC M-500 Olym M-Pro Avg. A-24 A-25 AMC MATH Olym M-Pro Avg.
Qwen-Math 3.0 1.4 194 44.4 16.7 5.0 15.0 9.7 8.2 39.9 712 34.1 33.0 337
+ Interleave 13.1 8.8 42.5 73.6 36.0 30.1 34.0 27.5 204  65.1 84.0 53.2 526 505
+Int. + ES 166 125 49.1 79.4 42.3 352 392 279 242 633 84.2 552 535 514
+Int. +PF 157 145 458 71.0 41.7 359 384 30.0 250 6438 87.6 57.2 543 532
MIFO 19.2 120 503 78.8 43.3 36.1  40.0 31.7 260 66.2 87.8 59.4 548 543

Table 4: Ablation study. Bold and underline indicate the best and second-best results, respectively.

#Samples (K) SRFT LUFFY
QOwen2.5-Math-1.5B

SFT+RL ReLIFT MIFO

SFT - 110.0 45.8 12.3 13.2
RL - 110.0 45.8 45.8 45.8
QOwen2.5-Math-7B

SFT 436.5 110.0 45.8 6.6 6.4
RL 225.1 110.0 45.8 45.8 45.8

Table 5: Training data usage (#Samples, K).

Datasets Base SFT RL SFT—RL LUFFY SRFT MIFO
ARC-c 703 752 832 72.4 80.5 85.3 83.8
GPQA 247 247 404 24.2 39.9 46.4 47.4
MMLU-Pro 34.1 427 493 37.7 52.6 54.1 54.3
Avg 43.0 475 576 44.8 57.7 61.9 61.8

Table 6: Performance comparison on Qwen2.5-Math-
7B for scientific and knowledge reasoning tasks. Bold
and underline indicate the best and second-best results.

average score of 61.8% on Qwen2.5-Math-7B. This
represents a substantial improvement of 17.0% over
the SFT—RL baseline (44.8%). Notably, MIFO
performs comparably to the data-intensive SRFT
method while requiring significantly fewer data.
Additionally, reasoning results for code generation
is provided in Appendix
Algorithm Agnosticism. Finally, we demonstrate
that MIFO is algorithm-agnostic in Table 7. MIFO
yields consistent gains whether combined with SFT
variants or other RL methods like DFT ( ,
) and DAPO ( , ), consistently
surpassing SFT—RL baseline.

Beyond these primary experiments, Appendix
includes further results on hyperparameters, train-
ing dynamics, SFT batch sizes, templates, for-
getting, ablations, and a LoRA baseline. Ap-
pendix D provides additional discussions on our
results, method design, and other baselines.

5 Related Works

RL for Reasoning. RL emerges as an important
paradigm to incentivize LLMs’ reasoning capabil-
ity ( ) ; , ;

’ ’ ’ > ’ > B

Algorithms SFT+GRPO DFT+GRPO SFT+DAPO DFT+DAPO

SFT 23.6 23.1 23.6 23.1
RL 275 275 27.8 27.8
SFT—RL 279 273 282 279
MIFO 307 292 305 29.7

Table 7: Performance comparison on Qwen2.5-Math-
1.5B with different SFT and RL algorithm combinations.
Bold and underline indicate the best and second-best
results, respectively.

, ) since SFT is identified having
the drawback of memorization effect ( ,

; , ). Popular approaches like
PPO ( , ), GRPO ( ,

), Dr.GRPO ( , ) and DAPO (

, ) have shown the great improvement
for reasoning tasks. Recent research also tends to
question how RL works. ( ) claims
that RL doesn’t expand the boundary of reasoning
capability but lets the right answer emerge early for
multiple tryouts. ( ) discovers that
the main role of RL is to incentivize the knowledge
pre-trained to the model.

Interplaying SFT and RL. Combining SFT with
RL has emerged as an effective way for boost-
ing LLM reasoning. Some methods interleave
SFT with RL using demonstrations mined during
training ( , ), or imitate off-policy
traces from stronger teachers ( R ;
, ; s ); others balance
the two signals via schedules (SASR) ( ,
), prompt-level supervision during rollouts
( , ), or joint loss formulations (
, ). While successful, they have shorts
summarized in Table

6 Conclusion

We identify a critical degradation mode in com-
bining SFT with RL for reasoning post-training:
SFT typically applies large, redundant parameter
updates that overwrite the smaller, parsimonious
knowledge acquired by RL, leading to forgetting.
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To address this, we propose MIFO, a plug-and-play
and algorithm-agnostic framework that achieves
SOTA reasoning performance with superior effi-
ciency, requiring significantly less training data
than prior methods while producing far more con-
cise reasoning traces in responses.

Limitations

Our study focuses on small (1.5B) and medium
(7B) models due to limited computational re-
sources. Scaling the method to larger models is a
promising direction for future work. Our approach
primarily targets full-parameter RL and SFT be-
cause LoRA baselines are weaker than fully fine-
tuning ; when applying parameter-efficient
fine-tuning (PEFT) if resource is restricted, the
freezing strategy may need to be adjusted to pre-
vent catastrophic forgetting between SFT and RL.
As stronger SFT and RL algorithms continue to
emerge, we release this plug-and-play framework
to encourage the community to explore improved
post-training reasoning with advanced algorithm
combinations.

References

Pierre Baldi and Peter J Sadowski. 2013. Understanding
dropout. Advances in neural information processing
systems.

Elad Ben Zaken, Yoav Goldberg, and Shauli Ravfogel.
2022. BitFit: Simple parameter-efficient fine-tuning
for transformer-based masked language-models. In
Proceedings of the 60th Annual Meeting of the Asso-
ciation for Computational Linguistics.

Léon Bottou, Frank E Curtis, and Jorge Nocedal. 2018.
Optimization methods for large-scale machine learn-
ing. SIAM review.

Jack Chen, Fazhong Liu, Naruto Liu, Yuhan Luo, Erqu
Qin, Harry Zheng, Tian Dong, Haojin Zhu, Yan
Meng, and Xiao Wang. 2025. Step-wise adaptive
integration of supervised fine-tuning and reinforce-
ment learning for task-specific llms. arXiv preprint
arXiv:2505.13026.

Tianzhe Chu, Yuexiang Zhai, Jihan Yang, Sheng-
bang Tong, Saining Xie, Dale Schuurmans, Quoc V
Le, Sergey Levine, and Yi Ma. 2025. Sft mem-
orizes, rl generalizes: A comparative study of
foundation model post-training. arXiv preprint
arXiv:2501.17161.

Ganqu Cui, Lifan Yuan, Zefan Wang, Hanbin Wang,
Wendi Li, Bingxiang He, Yuchen Fan, Tianyu Yu,
Qixin Xu, Weize Chen, and 1 others. 2025. Pro-
cess reinforcement through implicit rewards. arXiv
preprint arXiv:2502.01456.

Xingjian Diao, Zheyuan Liu, Chunhui Zhang, Weiyi
Wu, Keyi Kong, Lin Shi, Kaize Ding, Soroush
Vosoughi, and Jiang Gui. 2026. Addressing over-
thinking in large vision-language models via gated
perception-reasoning optimization. arXiv preprint
arXiv:2601.04442.

Xingjian Diao, Chunhui Zhang, Keyi Kong, Weiyi Wu,
Chiyu Ma, Zhongyu Ouyang, Peijun Qing, Soroush
Vosoughi, and Jiang Gui. 2025. Soundmind: RI-
incentivized logic reasoning for audio-language mod-
els. In Proceedings of the 2025 Conference on Em-
pirical Methods in Natural Language Processing.

Zhenbang Du, Jun Luo, Zhiwei Zheng, Xiangchi
Yuan, Kejing Xia, Dachuan Shi, Qirui Jin, Qijia He,
Shaofeng Zou, Yingbin Liang, and 1 others. 2026.
Pact: Privileged trace co-training for multi-turn tool-
use agents. arXiv preprint arXiv:2606.16215.

Hugging Face. 2025. Open rl: A fully open reproduc-
tion of deepseek-rl.

Yugqian Fu, Tinghong Chen, Jiajun Chai, Xihuai Wang,
Songjun Tu, Guojun Yin, Wei Lin, Qichao Zhang,
Yuanheng Zhu, and Dongbin Zhao. 2025. Srft:
A single-stage method with supervised and rein-
forcement fine-tuning for reasoning. arXiv preprint
arXiv:2506.19767.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
Deepseek-rl: Incentivizing reasoning capability in
Ilms via reinforcement learning. arXiv preprint
arXiv:2501.12948.

Chaoqun He, Renjie Luo, Yuzhuo Bai, Shengding
Hu, Zhen Leng Thai, Junhao Shen, Jinyi Hu,
Xu Han, Yujie Huang, Yuxiang Zhang, and 1 oth-
ers. 2024. Olympiadbench: A challenging bench-
mark for promoting agi with olympiad-level bilin-
gual multimodal scientific problems. arXiv preprint
arXiv:2402.14008.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul
Arora, Steven Basart, Eric Tang, Dawn Song, and Ja-
cob Steinhardt. 2021. Measuring mathematical prob-
lem solving with the math dataset. arXiv preprint
arXiv:2103.03874.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski,
Bruna Morrone, Quentin De Laroussilhe, Andrea
Gesmundo, Mona Attariyan, and Sylvain Gelly. 2019.
Parameter-efficient transfer learning for nlp. In Inter-
national Conference on Machine Learning.

Jeremy Howard and Sebastian Ruder. 2018. Universal
language model fine-tuning for text classification. In
Annual Meeting of the Association for Computational
Linguistics.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, and 1 others. 2022. Lora: Low-rank

16956


https://huggingface.co/datasets/open-r1/OpenR1-Math-220k
https://huggingface.co/datasets/open-r1/OpenR1-Math-220k

adaptation of large language models. The Interna-
tional Conference on Learning Representations.

Jingcheng Hu, Yinmin Zhang, Qi Han, Daxin Jiang, Xi-
angyu Zhang, and Heung-Yeung Shum. 2025. Open-
reasoner-zero: An open source approach to scaling
up reinforcement learning on the base model. arXiv
preprint arXiv:2503.24290.

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richard-
son, Ahmed El-Kishky, Aiden Low, Alec Helyar,
Aleksander Madry, Alex Beutel, Alex Carney, and 1
others. 2024. Openai ol system card. arXiv preprint
arXiv:2412.16720.

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia
Yan, Tianjun Zhang, Sida Wang, Armando Solar-
Lezama, Koushik Sen, and Ion Stoica. 2024. Live-
codebench: Holistic and contamination free eval-
uation of large language models for code. arXiv
preprint arXiv:2403.07974.

Mengzhao Jia, Zhihan Zhang, Ignacio Cases, Zheyuan
Liu, Meng Jiang, and Peng Qi. 2026. Autorubric:
Rubric-based generative rewards for faithful multi-
modal reasoning. In Findings of the Association for
Computational Linguistics: ACL 2026.

Can Jin, Tong Che, Hongwu Peng, Yiyuan Li, Dim-
itris N Metaxas, and Marco Pavone. 2024. Learning
from teaching regularization: Generalizable correla-
tions should be easy to imitate. Advances in Neural
Information Processing Systems.

Can Jin, Rui Wu, Tong Che, Qixin Zhang, Hongwu
Peng, Jiahui Zhao, Zhenting Wang, Wenqi Wei,
Ligong Han, Zhao Zhang, Yuan Cao, Ruixiang Tang,
and Dimitris N. Metaxas. 2026. Reasoning over
precedents alongside statutes: Case-augmented de-
liberative alignment for LLM safety. In Proceedings
of the 64th Annual Meeting of the Association for
Computational Linguistics.

Jaejun Lee, Raphael Tang, and Jimmy Lin. 2019. What
would elsa do? freezing layers during transformer
fine-tuning. arXiv preprint arXiv:1911.03090.

Jia Li, Edward Beeching, Lewis Tunstall, Ben Lip-
kin, Roman Soletskyi, Shengyi Huang, Kashif Rasul,
Longhui Yu, Albert Q Jiang, Ziju Shen, and 1 others.
2024. Numinamath: The largest public dataset in
ai4maths with 860k pairs of competition math prob-
lems and solutions. Hugging Face repository.

Xiang Lisa Li and Percy Liang. 2021. Prefix-tuning:
Optimizing continuous prompts for generation. In
Proceedings of the 59th Annual Meeting of the Asso-
ciation for Computational Linguistics and the 11th
International Joint Conference on Natural Language
Processing.

Jiawei Liu, Chungiu Steven Xia, Yuyao Wang, and Ling-
ming Zhang. 2023. Is your code generated by chat-
GPT really correct? rigorous evaluation of large lan-
guage models for code generation. In Thirty-seventh
Conference on Neural Information Processing Sys-
tems.

Jiawei Liu and Lingming Zhang. 2025. Code-rl: Re-
producing r1 for code with reliable rewards.

Mingyang Liu, Gabriele Farina, and Asuman Ozdaglar.
2025a. Uft: Unifying supervised and reinforcement
fine-tuning. arXiv preprint arXiv:2505.16984.

Yihao Liu, Shuocheng Li, Lang Cao, Yuhang Xie,
Mengyu Zhou, Haoyu Dong, Xiaojun Ma, Shi Han,
and Dongmei Zhang. 2025b. Superrl: Reinforcement
learning with supervision to boost language model
reasoning. arXiv preprint arXiv:2506.01096.

Zheyuan Liu, Suraj Maharjan, Fanyou Wu, Rahil Parikh,
Belhassen Bayar, Srinivasan Sengamedu Hanuman-
tha Rao, and Meng Jiang. 2025c. Disentangling bi-
ased knowledge from reasoning in large language
models via machine unlearning. In Proceedings of
the 63rd Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers).

Zichen Liu, Changyu Chen, Wenjun Li, Penghui Qi,
Tianyu Pang, Chao Du, Wee Sun Lee, and Min Lin.
2025d. Understanding r1-zero-like training: A criti-
cal perspective. arXiv preprint arXiv:2503.20783.

Lu Ma, Hao Liang, Meiyi Qiang, Lexiang Tang, Xi-
aochen Ma, Zhen Hao Wong, Junbo Niu, Chengyu
Shen, Runming He, Bin Cui, and 1 others. 2025.
Learning what reinforcement learning can’t: Inter-
leaved online fine-tuning for hardest questions. arXiv
preprint arXiv:2506.07527.

Andreas Riicklé, Gregor Geigle, Max Glockner, Tilman
Beck, Jonas Pfeiffer, Nils Reimers, and Iryna
Gurevych. 2021. AdapterDrop: On the efficiency
of adapters in transformers. In Proceedings of the
2021 Conference on Empirical Methods in Natural
Language Processing.

John Schulman, Filip Wolski, Prafulla Dhariwal,
Alec Radford, and Oleg Klimov. 2017. Proxi-
mal policy optimization algorithms. arXiv preprint
arXiv:1707.06347.

Claude E Shannon. 1948. A mathematical theory of
communication. The Bell system technical journal.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu,
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, YK Li, Y Wu, and 1 others. 2024. Deepseek-
math: Pushing the limits of mathematical reason-
ing in open language models. arXiv preprint
arXiv:2402.03300.

Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin
Wu, Wang Zhang, Ru Zhang, Yanghua Peng, Haibin
Lin, and Chuan Wu. 2025. Hybridflow: A flexible
and efficient rlhf framework. In Proceedings of the
Twentieth European Conference on Computer Sys-

tems, pages 1279-1297.

Dachuan Shi, Abedelkadir Asi, Keying Li, Xiangchi
Yuan, Leyan Pan, Wenke Lee, and Wen Xiao. 2026a.
Swireasoning: Switch-thinking in latent and explicit
for pareto-superior reasoning llms. In International
Conference on Learning Representations.

16957



Dachuan Shi, Hanlin Zhu, Xiangchi Yuan, Wanjia
Zhao, Kejing Xia, Wen Xiao, and Wenke Lee. 2026b.
Copt: Contrastive on-policy thinking with continu-
ous spaces for general and agentic reasoning. arXiv
preprint arXiv:2605.20075.

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky,
Ilya Sutskever, and Ruslan Salakhutdinov. 2014.
Dropout: a simple way to prevent neural networks
from overfitting. The Journal of Machine Learning
Research.

Kimi Team, Angang Du, Bofei Gao, Bowei Xing,
Changjiu Jiang, Cheng Chen, Cheng Li, Chenjun
Xiao, Chenzhuang Du, Chonghua Liao, and 1 others.
2025. Kimi k1. 5: Scaling reinforcement learning
with 1lms. arXiv preprint arXiv:2501.12599.

Shenzhi Wang, Le Yu, Chang Gao, Chujie Zheng, Shix-
uan Liu, Rui Lu, Kai Dang, Xionghui Chen, Jianxin
Yang, Zhenru Zhang, and 1 others. 2025a. Beyond
the 80/20 rule: High-entropy minority tokens drive
effective reinforcement learning for llm reasoning.
arXiv preprint arXiv:2506.01939.

Yiping Wang, Qing Yang, Zhiyuan Zeng, Liliang Ren,
Liyuan Liu, Baolin Peng, Hao Cheng, Xuehai He,
Kuan Wang, Jianfeng Gao, and 1 others. 2025b. Re-
inforcement learning for reasoning in large language
models with one training example. arXiv preprint
arXiv:2504.20571.

Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni,
Abhranil Chandra, Shiguang Guo, Weiming Ren,
Aaran Arulraj, Xuan He, Ziyan Jiang, and 1 others.
2024. Mmlu-pro: A more robust and challenging
multi-task language understanding benchmark. Ad-
vances in Neural Information Processing Systems.

Yongliang Wu, Yizhou Zhou, Zhou Ziheng, Yingzhe
Peng, Xinyu Ye, Xinting Hu, Wenbo Zhu, Lu Qi,
Ming-Hsuan Yang, and Xu Yang. 2025. On the
generalization of sft: A reinforcement learning per-
spective with reward rectification. arXiv preprint
arXiv:2508.05629.

Kejing Xia, Mingzhe Li, Lixuan Wei, Zhenbang Du,
Xiangchi Yuan, Dachuan Shi, Qirui Jin, and Wenke
Lee. 2026. Metastate: Persistent working memory
enhances reasoning in discrete diffusion language
models. arXiv preprint arXiv:2603.01331.

Jianhao Yan, Yafu Li, Zican Hu, Zhi Wang, Ganqu
Cui, Xiaoye Qu, Yu Cheng, and Yue Zhang. 2025.
Learning to reason under off-policy guidance. arXiv
preprint arXiv:2504.14945.

An Yang, Beichen Zhang, Binyuan Hui, Bofei Gao,
Bowen Yu, Chengpeng Li, Dayiheng Liu, Jianhong
Tu, Jingren Zhou, Junyang Lin, and 1 others. 2024.
Qwen2. 5-math technical report: Toward mathe-
matical expert model via self-improvement. arXiv
preprint arXiv:2409.12122.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan,
Xiaochen Zuo, Yu Yue, Weinan Dai, Tiantian Fan,

Gaohong Liu, Lingjun Liu, and 1 others. 2025. Dapo:
An open-source 1lm reinforcement learning system
at scale. arXiv preprint arXiv:2503.14476.

Xiangchi Yuan, Dachuan Shi, Chunhui Zhang, Zheyuan
Liu, Shenglong Yao, Soroush Vosoughi, and Wenke
Lee. 2026. Behavior knowledge merge in reinforced
agentic models. In Proceedings of the 64th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers).

Xiangchi Yuan, Chunhui Zhang, Zheyuan Liu, Dachuan
Shi, Soroush Vosoughi, and Wenke Lee. 2025. Su-
perficial self-improved reasoners benefit from model
merging. arXiv preprint arXiv:2503.02103.

Yang Yue, Zhiqi Chen, Rui Lu, Andrew Zhao, Zhaokai
Wang, Shiji Song, and Gao Huang. 2025. Does re-
inforcement learning really incentivize reasoning ca-

pacity in llms beyond the base model? arXiv preprint
arXiv:2504.13837.

Chiyuan Zhang, Samy Bengio, and Yoram Singer. 2022.
Are all layers created equal? Journal of Machine
Learning Research.

16958



A Theoretical Insights

Here we provide theoretical insights trying to explain why SFT exhibits greater redundancy in parameter
updates than RL. The following discussion and proofs rest on simplifying assumptions intended to interpret
our empirical findings, instead of providing a rigorous theoretical guarantee. Because large language
models involve extremely high-dimensional parameters and massive training data, fully rigorous modeling
is challenging.

A.1 Redundancy Ratio Definition for Parameter Updates

In this section, we introduce Lemma | to describe the parameter—redundancy ratio (PR) as how much a
parameter update exceeds the minimal necessary change to adjust the decision margin of logits for the right
token prediction. For a given input and target token, we look at the strongest non-target competitor under
the current parameters and measure the logit margin between the target and that competitor. Assuming the
margin changes approximately linearly with small parameter moves and the same competitor remains
active, there exists a unique, shortest move in parameter space that achieves any desired margin increase;
this move points along the margin’s gradient. PR is then defined as the size of the actual parameter change
divided by the size of the shortest move. A larger PR means the training trajectory moved farther than
necessary to achieve the same decision margin, indicating more redundant parameter updating.

Lemma 1. Fix a context x and target token y € {1,...,V} with vocabulary size V. Let § € R be
model parameters and 0y a reference point (e.g., pre-update). For logits zg(x) € R and probabilities
pp = softmax(zy), define the active competitor at 0y as k* = arg maxg-£y 290,k (). The (logit) decision
margin is m(0) = zp(x) — 29 1~ (), with mg = m(0o), and its parameter gradient is g = Vom(0y) €
RY. Assume (A1) local linearity m(0g +A) =~ mo+g' A for small A € R%. Then for any desired margin
€ > 0, the minimal parameter displacement A* that achieves margin € is

g —Mmy
lgllz

and for any training trajectory with net update AO = O — 0y, we have parameter—redundancy ratio

|A0]2
PR, =
[|A*|2

A* = argmin{|Ally: gTA > > —mo} == HW Og,  |IA*||2 =

_H 9|| HQHQ ) (1)
— mo

Proof. Let 3 := ¢ — mg. Under (A1) local linearity (a first-order Taylor approximation, which is standard
for analyzing the local geometry of optimization landscapes ( , ).) and (A2) competitor
stability, achieving the (linearized) target margin € is equivalent to requiring

g'A > B,
where g = Vgm(6p). Hence the minimal-displacement problem is

A* = min ||Als st g'A> g
AcRd

If 8 <0, then A* = 0 is feasible and optimal (the target margin is already met), and the result is trivial.
In the remainder, assume 8 > 0 and g # 0.
For any feasible A, by Cauchy—Schwarz,

B
B<g'A < glzllal: = (Al =
lgll2
Equality holds if and only if A is colinear and aligned with g, i.e., A = ag with @ > 0. Choosing
B x B
=z = A 9 A2 = 7
lg13 H\P lgll2

Thus A* achieves the lower bound and is the unique minimizer (any deviation from the g direction
increases the norm for fixed inner product g " A = j3).

16959



Now consider any training trajectory with net update Af = 67 — 6y that attains the target margin in the
linearized model, so g" Af > 3. By optimality of A*, ||Af||2 > ||A*||2. Therefore, for 3 > 0,

|AG][2 lgll2
PR, = = ||AG]]5 - .
T ||A*H2 || H2 £ —my
(When 5 < 0, we have A* = 0 and the margin is already satisfied.) O

A.2 Redundancy Analysis of SFT and RL

Based on the parameter—redundancy ratio (PR) defined in the previous section, we now analyze the
properties of SFT and RL based on their gradient. We first borrow the policy gradient form of SFT
from ( , ), and then compare their parameter-redundancy ratios.

SFT Gradient. Let D = {(z,y*)} denote a corpus of annotated demonstrations, where y* is the
reference response for query . SFT minimizes the cross-entropy loss:

Lspr(0) =(2y+)~p [~ logma(y™ | 7)],

and its gradient is:
VoLsrr(0) =2y )~ [~ Vologm(y* | )] )

RL Gradient. Let y denote a rollout response sampled from the policy model 7y(- | x) for query z.
Given a reward function r(z, y) € R, the policy objective is
J(G) —x~Dy, y~mg(-|x) [’I“(.T, y)] s

and its policy gradient is

VGJ(Q) —x~Dy, y~mg(-|x) [VG log 7T6’(y ’ JZ) T(J;? y)} . (3)

Rewriting SFT Gradient as Policy Gradient. Here we directly quote the conclusion from ( ,

) to rewrite SFT gradient to policy gradient. The SFT gradient in Equation 2 taken under the fixed

demonstration distribution is convert it to an on-policy expectation by inserting an importance weight that
compares the expert (Dirac Delta) distribution with the model distribution:

Iy = y*]
mo(y | x)

resample + reweight

(@y)~Dl— Vologmo(y™ | 2)] =o~p, yrmy(fa) (= Vologm(y | 2))| - )

Define the auxiliary variables

1

ma r(z,y) =1y = y"].

w(y | z) =
Reorganize Equation 4 and rewrite it using the above auxiliary variables; we obtain

VoLsrr(0) = — 2, y~mo(o)| WY | ) Vologmy(y | z) r(z,y)|. (%)

This form of the SFT gradient now closely aligns with the policy gradient in Equation 3: Conventional
SFT can be viewed as an on-policy gradient where the reward is an indicator of matching the expert
response, modulated by an importance weight 1/7y.

Then, we will utilize obtained conclusions to analyze PR of SFT and RL.

Theorem 1. Define the reward function as r for the policy model my. For a input context x, policy model
output token y; according to x and target token y;, if Ly, = yf| > rmg(y: | x), SFT (policy model
expression) and RL predict y* that both attain the same target margin € satisfy

PRSFT > pRRL,
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Proof. According to Equation | in Lemma |, we have the following DR for SFT and RL:

A ||9||2
PRSFT = H AQSFT v9£SFT 2,
= R = 180 - S = i VaLser(0)]
(A
[A*[]2
Then we utilize the sentence level policy gradient expressions in Equation 4 and Equation 3. Here

we make slight change from the sentence level expression to token level expression here to simplify the
illustration and have:

gl2
PRI = = 120" 2,0

PRI [ VoLserlla _ Iy = u7]
PRI Vo (D)2 rmo(y: | @)

> 1 (6)

So we have
PRSFT > PREL.

O]

Theorem | provides the condition when PR;? FT will larger then PRfL. Since when SFT updates,
the gradient in Equation 4 can’t be zero, therefore I[y; = y;] = 1. And for hard reasoning case, the
policy probability 7y (y: | ) < 1 while reward function r is usually bounded (PPO/GRPO), therefore
Ilys = yf] > rmo(y | ), and SFT has more parameter updating redundancy compared to RL.

Our theoretical analysis, formalized in Lemma | and Theorem 1, provides a causal mechanism for
the empirical phenomena observed in Section 2.2. The core theoretical finding is that the Parameter-
Redundancy (PR) on logits for predicting the target token of the SFT is intrinsically higher than that of the
RL after parameter updates (i.e., PRSYT > PREL). This conclusion directly explains why SFT exhibits
sparsification robustness: Theorem | predicts SFT has a high PR, implying its parameter updates are
redundant. This redundancy allows SFT to maintain performance even when 50% of updates are pruned
(as shown in Figures 2 and Figure 3), as it has sufficient redundant updates to secure the correct token
prediction. Conversely, RL’s low PR suggests its updates are parsimonious or not robust, which explains
its fragility and immediate performance degradation under similar pruning conditions. Since calculating
the exact PR is computationally intractable for large language models, our sparsification experiments
serve as the empirical way to validate this theory. Theorem | predicts this imbalance, and the experiments
(Figures 2 and Figure 3) confirm it by demonstrating SFT’s better tolerance to pruning.

B Implementation Details

Method Implementation We implement RL and SFT following widely used settings. For RL, we
remove the KL penalty, length normalization, and standard-error normalization, as in Dr.GRPO ( ,

) and LUFFY ( , ). GRPO hyperparameters are: rollout batch size 128, number of
rollouts per query 8, update batch size 64, learning rate 1 x 107, rollout temperature 1.0, and entropy
coefficient 0.001. For SFT, the training batch size is 128 and the learning rate is 1 x 10~°. For MIFO, the
rollout-accuracy threshold for collecting SFT batch Bt is p = %, the high-entropy token ratio is p = 0.2,
the TopK freezing fraction is k¥ = 0.5, and the decay coefficient is & = 0.5. The SFT batch Bt size is set
to be 64, with a study on SFT batch Bgr size showing in Table 9. Pseudocode of MIFO is provided in
Algorithm 1.

Training Following prior work ( , ; ; , ; , ;

, ; , ) we train on Qwen2.5-Math (1 5B and 7B) ( , ). Asin (

s ; , ; , ), we increase the RoPE base from 10,000 to 40,000 and
extend the context window to 16,384 tokens to encourage exploration. Models are trained for three epochs
on 4 x 8 A100 GPUs using the VERL framework ( , ). The reward is binary:

1, if the answer is correct,
0, otherwise.
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Algorithm 1 MIFO: Mltigating FOrgetting between SFT and RL

Require: Policy 7y, old policy 7, reward R, entropy ratio p, decay a, SFT batch Bt size S, SFT data
D.
Initialize SFT batch Bgt < 0, C? =0 for all 7, Define SFT — RL iteration ¢ as IntervallRL_’S FT
for each Interval?* 5T interval iteration i do
Record HJRL7sta7’t7i
for each question ¢ do
To,,(q) rollout, compute R(o;) and advantages A;. Update my via GRPO
if acc(q) < a and extract(D(q)) = a then
Add (¢, D(q)) to SFT batch Bgr
end if
end for
Record & 4

Aeg{m A HG{{L,end,i - eﬂL,start,i 5’ C; = aCi—1 + (1 —a)Abgy;

Obtain the mask M7: MY =1[j € Z;; M} = 1[j € 7;],C; = M; 6 C;,

Freeze Selected parameters Vg, Lgpr < (1 —M;) © Vg, LspT..

SFT only calculate loss for tokens with H; > Tg in SFT batch Bgr, and unfreeze.
end for

Method SFT RL  SFI-RL LUFFY LUFFY+ ReLIFT MIFO
GPU Hour 8x8 40x8  67x8 778 1308 52x8  74x8

Table 8: GPU hours for different methods.

Training Hours and Complexity Analysis The training GPU hours comparison information is provided
in Table 8. Note that the hours information is based on 8 GPUs to fairly compare with baselines. MIFO
completes training in 74 x 8 GPU hours, remaining highly competitive with LUFFY (77 x 8) and adding
only a modest increase over the standard SFT-RL baseline (67 x 8).From an algorithmic perspective,
MIFO introduces virtually no burden. The iterative switching between RL and SFT operates in O(1) time,
as it merely requires shifting the loss objective and data loader without adding any FLOPs. Furthermore,
the parameter freezing mechanism which includes calculating weight differences, updating the historical
importance map, and applying the binary mask—consists purely of element-wise operations with a time
complexity of O(d), where d is the parameter count. This O(d) complexity is identical to a standard
Adam optimizer step and is negligible compared to the model’s forward and backward passes.The minor
increase in wall-clock time is entirely attributable to an O(d) spatial constraint. To accommodate the
importance map within our specific hardware memory limits, we relied on CPU offloading. The resulting
CPU-GPU data transfer introduces a wait time that inflates the total GPU hours (but GPUs are idle).
However, this is strictly a hardware-capacity limitation. On a machine equipped with sufficient GPU
memory to hold the frozen map on-device, CPU offloading is unnecessary, and the time overhead of
MIFO would be largely eliminated.

Evaluation Except for Oat-Zero and OpenReasoner-7B, we independently evaluate publicly released
baseline checkpoints to reproduce and verify prior results. The remaining baseline scores are taken
from ( , ), which adopts the same evaluation protocol as MIFO. All evaluations are conducted

Bt Size 8 16 64 128 256
Avg 324 344 363 36.1 358

Table 9: The average pass@ 1 accuracy for training Qwen2.5-1.5B-Math with 1 epoch.
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Dataset #Test Task Type Domain #k

AIME24 30 Math competition Mathematics 32
AIME25 30 Math competition Mathematics 32
AMC 83 Math competition Mathematics 32
MATH-500 500 Mathematical reasoning Mathematics 1
Olympiad 674 Math competition Mathematics 1
MMLU-Pro 12,102 Multi-task understanding Multidisciplinary 1

Table 10: The statistics of evaluation datasets

Datasets Base SFT RL SFT—RL MIFO
LiveCodeBench 24.0 245 28.6 28.8 29.1
HumanEval+ 80.5 81.7 848 83.5 86.6
MBPP+ 66.7 669 70.1 71.4 73.0
Avg 57.1 577 612 61.2 62.9

Table 11: Performance comparison on Qwen2.5-7B-Instruct-1M for coding tasks. Bold and underline indicate the
best and second-best results, respectively.

with vLLM ( , ), using a temperature of 0.6 and a maximum sequence length of 8,192
tokens. Additional dataset statistics are provided in Table

Chat Template For our main experiments, we follow ( , ; , ; , )
and adopt the LUFFY chat template across all training paradigms. This unified system prompt encourages
systematic reasoning—analyze, summarize, explore, reassess, and refine—as illustrated in Figure 6. We
also evaluate with other popular templates shown in Figure 6 to assess robustness under template shifts.

C Additional Experiments
C.1 Additional Models, Templates, and Domains

We conduct extensive experiments to validate the versatility of MIFO across diverse model architectures,
reasoning templates, and algorithm combinations. These results validate MIFO as a robust, plug-and-play
solution for the SFT-RL forgetting problem, delivering consistent gains.

Model Architecture. To test effectiveness on different architectures, we apply MIFO to Llama-3.2-
8B (Table 12). MIFO consistently enhances mathematical reasoning, outperforming the competitive
interleaved baseline, ReLIFT, by an average of 2.4 points. We also perform a template robustness analysis

in Appendix for Llama model.

Code Generation. We assess coding performance using the Qwen2.5-7B-Instruct-1M model within the
Code-R1 pipeline ( , ). We evaluate on LiveCodeBench (LCB) ( , ),
HumanEval+, and MBPP+ ( , ). As detailed in Table |1, MIFO demonstrates superior

generalization, achieving the highest Pass@1 performance across all benchmarks with an average score of
62.9%, outperforming the SFT—RL by 1.7%.

Templates Ablation. Besides using the LUFFY template ( , ) for results in Section 4.2,
we evaluate MIFO under different reasoning templates to assess robustness in real-world deployments.
Figure 7 reports performance for MIFO and the strongest baselines with no template (left) and with the
Qwen system template (right). MIFO’s performance drops about 10 points when using simple templates,
yet it still surpasses the baselines with best response efficiency. Detailed results by dataset and results
with the Prime template are provided in Appendix

C.2 Additional Evidence for Forgetting

Forgetting across Steps for End-to-end Baselines. To provide further evidence of forgetting, we now
evaluated the baselines using their native, end-to-end training pipelines over multiple stable steps. We
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Please reason step by step, and put your final answer within \\box {}.
Question: {question}
Answer: {answer}

A conversation between User and Assistant. The user asks a question, and the Assistant
solves it. The assistant first thinks about the reasoning process in the mind and then
provides the user with the answer. The reasoning process and answer are enclosed within
<think> </think> and <answer> </answer> tags, respectively, i.e., <think> reasoning
process here </think> <answer> answer here </answer>

Question: {question}

Answer: {answer}

Your task is to follow a systematic, thorough reasoning process before providing the final
solution. This involves analyzing, summarizing, exploring, reassessing, and refining your
thought process through multiple iterations. Structure your response into two sections:
Thought and Solution. In the Thought section, present your reasoning using the
format:“\n {thoughts} \n”. Each thought should include detailed analysis, brainstorming,
verification, and refinement of ideas. After “\n” in the Solution section, provide the final,
logical, and accurate answer, clearly derived from the exploration in the Thought section.
If applicable, include the Answer in \boxed{} for closed-form results like multiple
choices or mathematical solutions.

Question: {question}

Answer: {answer}

Figure 6: Chat template details.

analyzed the performance degradation when SFT updates are applied to these natively stabilized models
containing RL objectives to show forgetting caused by SFT after trained baselines. As the results in
Figure & demonstrate, even when the native end-to-end training with RL objectives reaches a stable phase,
applying SFT still induces a consistent performance drop. Although the variance and magnitude of the
degradation decrease as the model stabilizes, the persistent presence of forgetting proves that it is not
caused by an abrupt or unstable switch. It confirms our claim: large SFT updates overwrite parsimonious
RL updates, regardless of the pipeline. MIFO mitigates this structural forgetting, yielding continued
performance improvements where other methods degrade.

Forgetting with Different Data Properties. We partitioned the dataset into three equal-sized subsets
based on sequence length and problem difficulty (evaluated via Best-of-8 accuracy). We found that
catastrophic forgetting persists across all variations of the SFT data with the same experiment setting in
Section 2. Table 13 shows that in every split, the RL-SFT model is outperformed by the SFT-RL model,
and its final performance regresses to be comparable with the SFT-only baseline. This confirms that SFT
consistently overwrites RL-acquired knowledge. Furthermore, we observed that utilizing longer samples
and harder problems enlarge this forgetting. The RL-SFT performance drops even closer to the SFT-only
baseline under these conditions. This aligns perfectly with our claim: longer and harder samples create a
wider distributional gap from the base model, inducing larger gradient updates during SFT. These massive
updates more aggressively overwrite the parsimonious, critical parameter updates learned during the RL
phase.
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Models A-24 A-25 AMC MATH Olym M-Pro Avg

SFT 08 1.5 115 286 86 282 132
RL 1.8 00 108 282 73 394 146
SFTHRL 13 03 114 364 101 439 172
ReLIFT 13 02 119 352 110 442 173
MIFO 21 25 139 406 123 466 197

Table 12: Performance comparison on Llama3.2-8B on math reasoning tasks. Bold and underline indicate the best
and second-best results, respectively.

No Template Qwen Template
* *
41 45 1
® o
o 401 o
(&} (&}
n e RelIFT V441 4 RellFT
391 SRFT g SRFT  °
Z Z
A LUFFY Ao LUFFY
381 » mr0 " 431 & wmIFo N
3800 4000 4200 4500 5000
Length (#token) Length (#token)

Figure 7: Performance for MIFO and the strongest baselines with no template (left) and with the Qwen system
template (right).

C.3 Additional Analysis on Token Selection.

The value of high-entropy selection in MIFO is that it explicitly learn SFT knowledge toward the model’s
uncertainty, effectively reducing the total update magnitude while preserving the most critical learning
information to avoid forgetting.

To validate this against other metrics, Table

compares high-entropy selection against random Nodrop Randomdrop Low half drop
dropping anq an altematlye confidence metflc: Entropy 288 271 28.4
token probability (as used in DFT). The baseline Probability — 28.8 26.1 27.0

SFT with no dropping achieved a score of 28.8.
Applying a 50% random drop reduced the score ~ Table 14: Performances with different parameter updates
to 27.1, and applying a 50% targeted drop using drop strategies for SFT on 1.5B model, epoch=1.

the token probability metric reduced the score to

27.0. In contrast, our high-entropy token selection strategy maintained a much stronger score of 28.4.
This proves that while random dropping barely affects SFT compared with RL, strategically isolating
high-entropy tokens is significantly more valuable for maximizing reasoning performance.

C.4 Compare with Other SFT Baselines

To investigate the necessary and effects of MIFO parameter freezing, we applied a smaller SFT learning
rate and an MSE regularization term, £ = Lggr + ¢ - MSE(6, fg1) as baselines to compare. These
baselises are designed to also avoid to much parameter updates which cause the forgetting. We conducted
experiments on the Qwen2.5-Math-1.5B-Instruct model using 1 training epoch. Our results in Table
demonstrate that restricting updates globally, either via a reduced learning rate or an MSE penalty,
makes it difficult for the model to effectively learn from the SFT data distribution. Unlike MIFO, which
preserves RL-acquired knowledge by locally freezing a targeted subset of parameters, global constraints
overly restrict the entire model. This confirms that while SFT updates are highly redundant at the
individual parameter level, applying overly strict global limitations hinders the model’s ability to learn
new knowledge distributions.
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Baseline vs Baseline-SFT Performance
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Figure 8: Forgetting caused by SFT. When applying SFT after different steps/stages of the training process of
baselines containing RL objectives, baselines’ performances experience a large drop, indicating the forgetting, while
MIFO maintains its performance.

Short Sample Medium Sample Long Sample Easy Problem Medium Problem Hard Problem

SFT 25.6 25.7 259 22.9 26.2 26.0
RL 30.5 30.1 30.7 20.2 29.3 31.8
SFT-RL 31.3 315 31.6 229 31.2 325
RL-SFT 26.4 26.3 26.0 22.7 26.8 26.2

Table 13: Average scores using data with different SFT data properties for Qwen2.5-1.5B-Math-Instruct with 1
epoch training.

C.5 Hyperparameter Analysis

Our method uses four hyperparameters: the rollout-accuracy threshold p for collecting SFT questions,
the high-entropy token ratio p, the TopK freezing fraction k, and the history coefficient a.. As shown in
Figures 10, these hyperparameters are insensitive and easy to tune. In Figure 10 (left), the model performs
best at p = %. Since performance is comparable across nearby settings, we choose p = % to reduce SFT
data usage. Since the limit of computational resources, this analysis is conducted for only 1 epoch of
training.

C.6 Template Ablation Study

In real-world deployment, users may not provide carefully designed chat Performance w. Different Templates
prompts for LLM reasoning. It is therefore important to assess robustness
in the wild. We evaluate MIFO under multiple reasoning templates to
test whether it maintains strong performance without curated prompts. In
Section 4.4, we reported average reasoning accuracy and response length
under the No template and Qwen ( , ) settings. Here we ~No Qwen Prime LUFFY
add results with another popular template, Prime ( , ), which .

. . . . Figure 9: Average score for
is commonly used for RL-trained reasoning models, and we provide per- Llama 3.2-8B w. different
dataset scores in Table 16. Table 16 and Figure 9 further indicates that our (e pjates,

method is template-robust, outperforming competitive baselines across all

three templates.

Avg Score
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Metric LR=le-6 (MIFO) LR=5e-7 LR=le-7 LR=5e-8 c=le-5 c=le-6 c=le-7
Avg. 30.7 28.2 27.9 27.4 27.8 28.3 28.0

Table 15: Performance of smaller learning rate and MSE loss baselines.

Buffer Threshold 375 Entropy Threshold TopK Freeze 37.0 History Coefficient
371
37 37.0 36.8
g g 2364 o
S 36 S36.5 8 S 36.61
2 236.0 o 36.41
< 35 < < <
35.5 34 36.2
34 35.0 33 36.0
0/8 1/8 2/8 3/8 4/8 0.0 0.1 0.2 0.3 0.4 0.00 0.25 0.50 0.75 1.00 0.000.250.500.751.00
p o k a

Figure 10: Hyperparameter analysis.

C.7 Training Dynamics

Batch Solve Figure | | presents training dynamics for ablated models on batch solved rate (left) and
batch all solved rate (right). For both batch solved rate and batch all solved rate, Interleave + ES has
comparable performance with PF, and they all outperform Interleave. MIFO outperforms other ablated
models at most of the steps, indicating the effectiveness of combining each module: increasing the rollout
accuracy during the RL training.

Reward Value Figure 12 (left) reports the average rollout reward during training. All variants improve
rapidly at the start, then separate modestly mid-training. Interleave+ES and Interleave+PF have
comparable reward value, outperforming Interleave and falling behind MIFO. The combined (MIFO)
stays at or near the top throughout and converges to the highest point. These trends indicate that each
module contributes positively to MIFO.

Average Validation Score Similarly, Figure 12 (right) supplements the ablation in Section 4.3. The
ablated models Interleave+ES and Interleave+PF generally surpass the Interleave baseline, confirming
the effectiveness of ES and PF. The combined MIFO outperforms the ablations for most of the training,
supporting the choice to combine Interleave, ES, and PF for stronger reasoning performance.

C.8 Ablations on Parameter Freezing

To justify our current parameter freezing designs, we furhter compare MIFO’s RL-importance-based
freezing strategy with three alternatives: random freezing, SFT-importance-based freezing, and layer-wise

Templates Model AIME-24 AIME-25 AMC MATH-500 Olympiad MMLU-Pro Average

ReLIFT 233 14.1 54.2 75.0 418 16.4 37.6
No LUFFY 254 14.1 55.9 754 41.0 16.3 38.0
SRFT 27.7 143 59.2 77.8 429 21.7 40.6
MIFO 26.1 17.7 58.7 79.6 434 229 414
ReLIFT 253 147 59.5 76.6 407 45.1 437
Qwen LUFFY 253 13.0 56.6 76.4 402 448 427
SRFT 273 152 589 770 42.1 453 443
MIFO 282 16.3 61.9 774 424 457 453
ReLIFT 272 21.9 63.4 86.0 52.1 492 50.0
Prime LUFFY 274 17.0 61.2 84.4 46.1 478 473
SRFT 26.7 20.1 68.1 86.2 493 49.9 50.1
MIFO 28.5 21.9 683 87.4 50.2 50.0 51.1

Table 16: Performance comparison on Qwen-Math-2.5 with different templates. Bold and underline indicate the
best and second-best results, respectively.

16967



Batch Solved Rate (window=50)

Batch All Solved Rate (window=50)

0.6 40+

0.5 351
5 5 304
> 0.4 >
5 S 25
(7] (7]
Z03 < 201
S 515
© 0.2 ©
@ ® 10

0.1 I Interleave B Interleave+PF 51 I Interleave B Interleave+PF

00 I Interleave+ES B MIFO 01 I Interleave+ES B MIFO

0 200 400 600 800 1000 0 200 400 600 800 1000
Gradient Steps Gradient Steps
Figure 11: Training dynamics for ablated models on batch solving with running average.
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Figure 12: Training dynamics for ablated models on average reward value (left) and average validation scores (right)

with running average.
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Strategy Nodrop Random half drop Low half drop

Freeze SFT parameters according to RL importance 32.6 344 37.4
Freeze SFT parameters according to SFT importance 28.8 28.5 28.6

Table 17: Performance with different parameter update dropping strategies for SFT on the 1.5B model after 1 epoch.

Strategy Nodrop Early layer drop Middle layer drop Late layer drop
0-9 10-19 20-28
Freeze SFT parameters according to layers 32.6 343 34.0 34.1

Table 18: Performance with different layer-wise parameter update dropping strategies for SFT on the 1.5B model
after one epoch.

freezing. The results are shown in Tables 17 and 18. First, comparing targeted freezing with random
freezing, freezing the top 50% RL-important parameters achieves the best performance, improving the
score from 32.6 to 37.4. This substantially outperforms both the no-drop baseline and random half
dropping, which obtains 34.4. Second, freezing parameters according to SFT importance brings no
notable improvement, with performance remaining around 28.5-28.8. This observation directly supports
our claim that SFT updates are highly redundant: removing or freezing parameters that are important
for SFT does not significantly affect performance. In contrast, RL updates are more parsimonious and
fragile, making it more important to protect parameters that are important for RL. Third, we evaluate
layer-wise freezing by dropping early layers, middle layers, and late layers. All layer-wise strategies
achieve similar but lower performance than MIFO, indicating that coarse layer-wise freezing is less
effective than parameter-level RL-importance-based freezing in mitigating forgetting.

C.9 Overlap Between RL-Important and SFT-Important Parameters

We further calculate the overlap between the top 50% RL-important parameters and the top 50% SFT-
important parameters for the 1.5B model to anaylyze the updates distribution. The overlap is 32.5% after
Epoch 1, 34.5% after Epoch 2, and 35.3% after Epoch 3. Although these values are slightly higher than
the random-chance overlap of 25%, this overlap does not harm SFT learning. As shown in previous
sections, SFT updates exhibit strong redundancy. SFT remains robust under parameter freezing and can
route its learning through the remaining unfrozen parameters. Conversely, RL-related parameters are
more concentrated and fragile. Therefore, prioritizing the protection of parameters that are important for
RL, including those overlapping with SFT-important parameters, improves RL-learned reasoning while
avoiding a bottleneck for SFT knowledge injection.

C.10 Comparison with LoRA Baseline

Beyond our parameter freezing strategy, one might con-

sider straightforward baselines such as employing LoRA or Methods SFT-RL ReLIFT MIFO
reducing the learning rate (LR) for SFT, while utilizing a w. lora 269 281 286
larger LR or full-parameter updates for RL. Regarding the wo.lora 279 295 307

SFT phase, we have already reduced the learning rate from
the standard 10~° to 10~°. This aligns with established
practices in prior SFT+RL pipelines (LUFFY, ReLIFT, and  Tupe 19: The comparison of methods’ pass@ |
SRFT), where larger SFT learning rates were observed to  test accuracies w. and w.o. lora, 1 epoch train-
degrade reasoning performance, while rates below 1076  ing for 15k data with Qwen2.5-1.5B-Math-
proved too weak to be effective. The necessity of shrinking  Instruct.

the SFT learning rate to preserve RL-trained capabilities

corroborates our hypothesis that naive SFT induces catastrophic forgetting; specifically, larger SFT updates
tend to aggressively overwrite RL-acquired information. For the RL phase, we utilize a learning rate of
1079, consistent with standard PPO and GRPO implementations. Simply increasing the RL learning rate
is not a viable alternative, as it typically leads to mode collapse, reward hacking, and training instability
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driven by excessive KL divergence.

As for using LoRA for SFT while keeping a larger learning rate or full-parameter RL, we do not
find SFT-LoRA to be a prioritized solution because its performance gains are limited by the small
number of tunable parameters. We run experiments where we replaced full-parameter SFT with LoRA
SFT (r=64,a=128) for multiple SFT+RL methods. As shown in Table 19, the LoRA-adapted variants
consistently underperform their fully fine-tuned counterparts, even though LoRA naturally reduces
forgetting by separating parameter subsets. Our interpretation is that, compared with our freezing strategy,
LoRA exposes far fewer effective degrees of freedom to SFT, so the model cannot learn the SFT data
as comprehensively. Thus, while smaller SFT LR and LoRA are reasonable baselines, their limitations
further motivate our approach of explicitly identifying and protecting RL-critical parameters via MIFO,
rather than relying solely on generic tricks like lowering LR or swapping in LoRA.

C.11 MIFO Mitigates the Forgetting.

MIFO is motivated by the observation that SFT produces redundant parameter updates, whereas RL
induces more parsimonious updates. We therefore reduce the SFT data size and limit updates by freezing
parameters. To further quantify the decreased updates via calculating SFT loss only on high-entropy
tokens, we analyze parameter changes under pure SFT with two objectives: (i) loss on full-token and
(i1) loss on high-entropy—only, and we plot layer-wise changes. Figure 13 shows that for most layers
the high-entropy objective yields noticeably smaller weight updates than the full-token objective. Only
layers 17-19 exhibit slightly larger changes under the high-entropy objective. Overall, high-entropy token
selection mitigates SFT updates on magnitude.

D Discussion

D.1 Experiment Design for Observations

Here we further justify the experimental design in Section 2.2. Using both online and post-hoc spar-
sification probes complementary forms of redundancy and yields a stronger diagnosis of SFT and RL
learning. Online sparsification evaluates training-time resilience. If performance remains stable when
randomly dropping half of the gradient coordinates, the learning signal and optimizer dynamics are
overparameterized (gradient-level redundancy) rather than dependent on precise dense updates. Post-hoc
sparsification evaluates endpoint redundancy. If the final predictor maintains accuracy after pruning the net
parameter change, a substantial portion of the learned displacement A is superfluous (parameter-change
redundancy). This separates trajectory effects from the equivalence class of solutions at convergence.
Together, these two regimes provide orthogonal evidence for redundancy within each training paradigm.

D.2 Why Freezing instead of SFT Variants

Prior work on fine-tuning LMs offers a key insight: fully fine-tuning is not always optimal; selectively
updating a subset of parameters can match or even surpass full-model tuning. Evidence for layer hetero-
geneity suggests that focusing updates on important components is preferable to uniform tuning (
, ; , ). ULMFiT ( , ) progressively unfreezes layers to
retain prior knowledge and reduce catastrophic forgetting. Parameter-efficient methods ( ,
; , ; , ) train only a small fraction of parameters yet achieve compa-
rable performance. BitFit ( , ) reaches strong results by updating only bias terms.
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AdapterDrop ( , ) shows that adapting only important layers can be more effective and
efficient.

These lessons highlight inherent drawbacks of SFT, including overﬁttmg and unequal utility across
parameters. Our dropout-like selective freezing for SFT ( , ; , )
both protects RL-acquired knowledge and reduces overfitting risk. While reducing data or lowering the
learning rate can also lessen SFT-induced forgetting, such approaches risk underutilizing SFT knowledge.

D.3 The Relationship and Difference with Previous Works

We want to clarify again that MIFO’s central idea of mitigating forgetting is completely different with
previous methods. The only similar design with DeepSeekMath ( , ) and ReLIFT (

, ) is interleaving SFT+RL. Actually, our main contribution is the first to identify the forgetting
between SFT and RL training, and providing the corresponding explanation and two main contribution to
mitigate the forgetting. 1) data processing for SFT+RL interleaved training. Our approach sets a threshold
acc(q) < p and combines high-entropy token selection with parameter freezing. These modules mitigate
SFT-RL forgetting, enlarge the usable data pool, and exploit more of the available reasoning signal.
This extensions for interleaved SFT+RL is only one part of our first contribution. 2) Parameter tracking
and freezing. According to our motivation, we design a parameter freezing strategy for RL updates to
explicitly control the forgetting, which is another novel contribution.

D.4 Response Length Discrepancy of MIFO and MIFO'

Table 3 show thatMIFOQ produces shorter response length than MIFO for the 7B model, while MIFO'
yields shorter response length than MIFO for the 1.5B model. To interpret these results, we first note the
baseline behaviors: SFT tends to be extremely verbose (>10k tokens) while RL encourages conciseness
(< 1k tokens). Therefore, the output length serves as a proxy for our claim on catastrophic forgetting:a
longer output indicates that the SFT phase (verbose) has partially overwritten the RL phase (concise). The
role of the history parameter « is to stabilize the identification of "RL-critical" parameters over time. For
the 7B model, which has a stable training process because of its larger parameter capacity, the history
mechanism (a > 0) effectively accumulates long-term signals to identify truly critical RL parameters.
This allows MIFO to freeze them robustly, preventing SFT overwriting and keeping the output concise
(1067 tokens, closer to the RL baseline). MIFOT (ov = 0) lacks this long-term stability, allowing more
SFT verbosity to leak through (1371 tokens). Conversely, the 1.5B model is more volatile and unstable
during training because of the limited parameter capacity. In this unstable regime, history can become
noise: the accumulated importance map may lag behind the model’s rapid shifts. Consequently, MIFO’s
historical mask is less precise for the small model, allowing SFT verbosity to influence the generation
(2518 tokens). MIFOT, by relying solely on the most recent, immediate update, captures the volatile 1.5B
model’s current state more accurately, blocking SFT influence and retaining the short RL length (985
tokens). Note that despite the length difference, both methods achieve similar high accuracy, validating
the general efficacy of the freezing approach.
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