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ABSTRACT

Continual post-training enables foundation models to acquire new knowledge
while preserving existing capabilities. Recent work suggests that on-policy learn-
ing can mitigate forgetting, with on-policy self-distillation emerging as a partic-
ularly attractive approach. In this work, we revisit this optimistic view through
self-distillation policy optimization (SDPO). Our experiments show that SDPO
can accelerate in-domain specialization when teacher signals are stable and well
aligned, but it struggles to generalize to out-of-distribution scenarios. In continual
post-training, SDPO exhibits stronger forgetting and can even collapse, whereas
on-policy reinforcement learning methods such as GRPO adapt more conserva-
tively and better preserve prior capabilities. Further analyses reveal that denser
self-distillation induces larger drift in both parameter space and response space,
and can amplify high-frequency formatting artifacts through a self-reinforcing
teacher—student loop. These findings suggest that on-policy data alone is insuf-
ficient for continual learning. Dense self-distillation can accelerate specialization
when teacher targets are stable and token-level supervision is reliable, but it should
not be treated as a default stabilizer for continual post-training. Our code is avail-
able at https://github.com/Moenupa/SDPO-CL.

1 INTRODUCTION

Reinforcement learning with verifiable rewards has emerged as an effective post-training paradigm
for large language models (LLMs) (Lambert et al., 2024; Guo et al., 2025a). Howeyver, practical sys-
tems often require continual post-training across domains and skills (Team, 2025; NVIDIA, 2025),
raising a significant challenge: models must acquire new capabilities without forgetting prior ones.
Existing work has suggested an optimistic picture for continual post-training: on-policy reinforce-
ment fine-tuning (RFT) forgets less than supervised fine-tuning (SFT) (Lai et al., 2025; Chen et al.,
2025; Shenfeld et al., 2025; Zhang et al., 2025b), and this benefit has often been attributed to the use
of on-policy data (Chen et al., 2025; Shenfeld et al., 2025; Zhu et al., 2025).

Recently, on-policy distillation has emerged as an attractive alternative to sparse reward-based re-
inforcement learning. By converting model-generated rollouts into dense token-level supervision,
these methods promise better credit assignment, higher sample efficiency, and reduced dependence
on external teachers or explicit reward models (Agarwal et al., 2024; Gu et al., 2024; Thinking Ma-
chines Lab, 2025). A particularly appealing variant is on-policy self-distillation, where the model it-
self acts as a teacher by conditioning on demonstrations, feedback, solutions, or other auxiliary con-
text, and the resulting behavior is distilled back into the same model. For example, self-distillation
fine-tuning (SDFT) uses a demonstration-conditioned model as its own teacher and demonstrates
that such on-policy distillation can acquire new skills while preserving prior capabilities (Shenfeld
etal., 2026). Self-distillation policy optimization (SDPO) similarly uses a more-informed, feedback-
conditioned teacher to provide dense token-level supervision to the student policy (Hiibotter et al.,
2026). Together, these works suggest that on-policy self-distillation may be a practical recipe for

*Corresponding author. Email: fei.zhuQcair-cas.org.hk


https://github.com/Moenupa/SDPO-CL
https://arxiv.org/abs/2607.01763v1

GRPO CL Perf. GRPO OOD Perf. SDPO, CL Perf. SDPO, OOD Perf.
60 - 1 1 1

—

Math Math
Sci Sci

—30 4 % Tool i | === Tool i

== Code == Code

—60 - 00D b b 00D \. i

_90 - 1 1 1 - = 1 1 1 -
1 2 3 4 1 2 3 4

Task Learned Task Learned

Relative Performance (%)
=)

Math500
GPQA
BFCLv4
LCBv6
ZLogic
MMLU-R
Math500
GPQA
BFCLv4
LCBv6
ZLogic
MMLU-R

Figure 1: GRPO versus SDPO relative performance to base model (%) across sequentially learned
tasks (1—4) and out-of-distribution (OOD) benchmarks. The line plots track performance retention
across domains (MATH, SCIENCE, TOOLUSE, CODING, and macro OOD average) as new tasks are
acquired. The bar charts break down final relative performance across specific OOD benchmarks.

continual learning, combining the on-policy nature of RFT that mitigates forgetting with the effi-
ciency of dense supervised updates for learning new knowledge.

However, this view conflates two distinct ingredients: where the data come from and which objec-
tive is used to update the model. On-policy sampling determines the histories on which the model
is trained, but the training objective determines which continuation distribution is reinforced at each
history. This distinction is especially important for dense self-distillation. When every token be-
comes a training target, teacher drift, noisy rationales, formatting conventions, and domain-specific
artifacts can be reinforced as repeatedly as useful behavior (Li et al., 2026; Kim et al., 2026). Thus,
on-policy self-distillation may avoid the off-policy mismatch of SFT, but it does not automatically
inherit the conservative update bias of sequence-level on-policy RFT.

This paper studies whether on-policy self-distillation enables reliable continual post-training. We
focus on self-distillation policy optimization (SDPO, Hiibotter et al., 2026) and compare it with
sequence-level reward optimization (GRPO, Shao et al., 2024), from two perspectives:

e What are the key factors that make on-policy self-distillation beneficial? (§ 3)
* Does SDPO outperform GRPO in generalization or continual learning? (§ 4)

To answer these questions, we conduct post-training experiments in both single-domain and multi-
domain continual settings. We vary the supervision density by comparing GRPO, standard SDPO,
and SDPO variants with additional teacher strategies (§ 3.1) or supervision tweaks (§ 3.2), and
evaluate on in-distribution and general benchmarks to assess specialization, retention, and transfer
(§ 4.1 and 4.2). Finally, we connect behavior to diagnostics—parameter and response drift (§ 5.1),
collapse modes (§ 5.2), and theoretical analysis (§ 5.3) to interpret our observations.

Our results show that on-policy self-distillation offers a powerful yet fragile training signal (Fig-
ure 1). SDPO can substantially improve performance on the current training domain, but it also
increases the risk of drift, interference, and even collapse. Our observations suggest that supervision
density introduces a trade-off: it strengthens the local learning signal, but also increases sensitivity,
domain mismatch, and accumulated artifacts. Our main contributions are:

* We separate two factors often conflated in continual post-training: on-policy data and the
objective used to turn on-policy rollouts into updates. This lets us ask whether on-policy
self-distillation inherits the retention benefits attributed to on-policy RL.

* We show that SDPO is a strong specialization method but a fragile continual-learning sig-
nal. Its benefits depend on teacher stability and token reliability; CoT and fast teacher
updates can amplify noise and artifacts.

* Across single-domain and staged continual post-training, SDPO exhibits weaker retention
than GRPO, with forgetting concentrated on neighboring-yet-misaligned tasks and accu-
mulating across domains.

» Parameter drift, response drift, collapse analysis, and an excess-KL view diagnose how and
why SDPO yields such forgetting behavior.



2 PRELIMINARIES

2.1 POST-TRAINING OF LARGE LANGUAGE MODELS

Reinforcement Learning for Post-Training. Reinforcement learning is widely used to post-train
large language models with preference signals or reward functions derived from human feedback,
automated evaluators, or verifiable correctness criteria (Stiennon et al., 2020; Ouyang et al., 2022;
Ziegler et al., 2019; Bai et al., 2022). Recent methods, such as direct preference optimization
(Rafailov et al., 2023), recast preference optimization as a supervised objective, while on-policy
algorithms like group relative policy optimization (Shao et al., 2024) optimize relative advantages
over sampled response groups, often improving stability and scalability in large-scale settings.

On-Policy Distillation. On-policy distillation (OPD) methods construct training targets from sam-
ples generated by the current policy or its improved variants, thereby converting reinforcement sig-
nals into supervised learning updates (Agarwal et al., 2024; Gu et al., 2024). Recent self-distillation
methods remove the need for a separate teacher by running the same model under different informa-
tion conditions: the student observes only the original prompt, while the teacher is augmented with
privileged context c. The privileged signal can come from demonstrations or examples (Snell et al.,
2022; Shenfeld et al., 2026), correct solutions or textual feedback (Hiibotter et al., 2026), or revision
contexts, hints, and task-level feedback transformations (Zhao et al., 2026; Ye et al., 2026).

Chain-of-Thought Reasoning. Chain-of-thought (CoT) prompting and training encourage LLMs
to generate intermediate reasoning before final answers, often improving performance on arithmetic,
symbolic, and commonsense tasks (Wei et al., 2022; Kojima et al., 2022). Under final-answer su-
pervision, this lengthens the credit-assignment horizon; with step-level or process rewards, it offers
denser feedback and improves interpretability (Uesato et al., 2022; Lightman et al., 2023). CoT also
has drawbacks: it increases inference cost, may propagate errors across steps, and the generated
rationales need not faithfully reflect the model’s actual decision process (Turpin et al., 2023).

Continual Post-Training. Continual learning (Guo et al., 2025b) studies how models incorporate
new knowledge without catastrophic forgetting of acquired ones. Common approaches use regu-
larization, replay, or reference-model constraints to mitigate catastrophic forgetting across training
stages (Kirkpatrick et al., 2017; Zhu et al., 2021; Liu et al., 2025). A growing line of work shows
that RFT can substantially mitigate forgetting in continual post-training (Lai et al., 2025; Shenfeld
et al., 2025; Chen et al., 2025). For example, Lai et al. (2025) find that this benefit is not mainly
due to explicit KL penalties or chain-of-thought prompting, but rather to the implicit regularization
induced by reward-guided policy updates. Complementarily, Shenfeld et al. (2025) argue that on-
line RL is biased toward KL-minimal solutions among the policies that solve a new task, thereby
reducing the distributional shift from the base model that is predictive of forgetting. Similarly, Chen
et al. (2025) identify the use of on-policy data as a key factor behind RL’s robustness.

2.2  GROUP RELATIVE PoOLICY OPTIMIZATION

Group relative policy optimization (GRPO, Shao et al., 2024) assigns rewards at the sequence level.
Given a prompt z ~ D, GRPO samples a group of G responses {;}$; from the current policy,
ie., y; ~ mg,,(- | x), evaluates each response with a reward model to obtain rewards {r;}$ |,
and computes group-relative advantages by normalizing rewards within the group, e.g., A; = (r; —
mean({r; }?:1)) /(std({r; }chl) + ¢€). Training optimizes a PPO-style clipped objective:

G |y
1 1 . )
Jarro(0) = I Z m Z m11r1(pi7tAi7 clip(p; ¢, 1—¢, 1+5)Ai)—)\DKL (7r9(- | ) || et (- | x)),
i=1 7" =1
where p; ; = ToWitleyi<t)/rg  (yielz,yi,<:) and Teer is a reference policy used for KL regulariza-
tion. In essence, GRPO is a critic-free policy optimization method that stabilizes reinforcement
learning by using relative rewards among multiple sampled responses to the same prompt.

2.3 ON-PoOLICY SELF-DISTILLATION

Self-distillation policy optimization (SDPO, Hiibotter et al., 2026) instead provides dense token-
level rewards using the same model as both teacher and student. For each student-generated response
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(a) Performance ranking across six benchmarks after MATH, TOOLUSE, and SCIENCE training.
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(b) Training dynamics on MATH-SDPO with different teacher EMAs « € {0,0.5%, 1%, 2%, 5%}.

Figure 2: Effect of SDPO teacher EMA update rate . No single « is globally optimal. (a) Ranking-
based radar plots. A larger area is better. (b) Training dynamics during MATH-SDPO.

y ~ mo(- | =), the student is trained to align with the more-informed teacher my(- | x, ¢) having
richer context c (including solutions or other auxiliary signals). Training minimizes the generalized
Jensen—Shannon divergence (JSD, Equation (A.2)) between student and teacher distributions:

Lspro(8) = ZDJSD(ﬂ) (mo(- | @, y<¢) || stopgrad (me(- | z,¢,y<t))) -

This yields dense supervision: instead of a single reward for the whole sequence, SDPO encourages
student distribution at each generated token to align with more informed teacher distribution.

3 TOKEN-LEVEL DENSE SUPERVISION IS POWERFUL BUT SENSITIVE

First, we claim that SDPO’s benefits depend on the quality of the dense signal. SDPO distills token
logits from the teacher model, improving sample efficiency because every generated token con-
tributes supervision. However, it also means that teacher noise, temporal mismatch, and formatting
artifacts are reinforced many times within a single response. We therefore begin by asking: how do
token-level reward stability (§ 3.1) and density (§ 3.2) affect self-distillation?

3.1 TOKEN-LEVEL SUPERVISION REQUIRES FRESH BUT TEMPORALLY STABLE TEACHERS

A natural intuition in SDPO is that the teacher should be updated frequently: a fresher teacher

should better reflect the student’s latest improvements and therefore provide stronger token-level

supervision. To test this intuition, we sweep the EMA update rate o € {0, 0.5%, 1%, 2%, 5%}:
Ol =01 -l + a0l

teacher teacher student

Surprisingly, freshness alone does not predict performance. As shown in Figure 2a, no single « is
uniformly optimal: in MATH-SDPO, o = 1% gives the best overall profile, while o = 5% performs
worst; in TOOLUSE training, the frozen teacher is best, although oo = 5% is competitive. This raises
a question: if a larger EMA rate makes the teacher fresher, why can it hurt SDPO so severely?

We argue that EMA entangles two different properties of the teacher: freshness and temporal stabil-
ity. A larger o makes the teacher weights closer to the current student, but it also makes the teacher
a more rapidly moving target. This is particularly risky for dense distillation: because SDPO applies
supervision at every generated token, small teacher fluctuations can be reinforced repeatedly within



Table 1: MATH-SDPO performance (Acc@8). Restart-and-freeze offers a middle ground: it period-
ically re-initializes the teacher but prevents per-step noise from being distilled repeatedly.

Teacher Strategy AIME Math500 GPQA ZLogic MMLU-R Avg
- 32.71 73.85 62.94 81.62 86.02 67.43
SDPO (EMA « = 0) 56.42 84.29 58.72 74.50 85.47 71.88
StableSDPO (v = 1) 57.50 85.05 60.86 74.68 86.60 72.94+1.06
SDPO (EMA o = 5%) 34.38 78.97 55.87 73.68 83.82 65.34
StableSDPO (v = 40%) 55.00 84.62 59.03 73.50 87.05 71.84+6.50
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Figure 3: Training dynamics during MATH-SDPO with teacher frozen versus 10-step-hard-restart.

a single response. The training curves in Figure 2b support this view. Large EMA rates, especially
a = 2% and o = 5%, observe late-stage increases in entropy and JS divergence, indicating grow-
ing teacher—student mismatch and less reliable token targets. Smaller or frozen teachers avoid this
instability, but they introduce the opposite problem: the teacher can become stale and provide a
weakening optimization signal as the student evolves.

To separate freshness from per-step teacher dynamics, we introduce a simple restart-and-freeze
strategy named StableSDPO. Instead of updating the teacher continuously, we periodically refresh
it from the current student and then keep it frozen within the next interval:
k
G)teacher — (1 - 7)@?elgcher + 7@( ) 0< Y <L

student?

This design preserves teacher freshness at refresh points while removing the step-to-step volatility
of EMA updates. For comparison with EMA, we match the effective k-step refresh amount by
v~ 1— (1 — a)¥; for example, o = 5% over k = 10 steps corresponds to v ~ 0.40.

The results in Table 1 strongly support this decomposition. Replacing continuous EMA with
matched restart-and-freeze substantially repairs the destructive behavior of « = 5%: on AIME,
performance improves from 34.38% to 55.00%, and the average score improves from 65.34% to
71.84%, a gain of 6.50 points. Importantly, StableSDPO also improves over the frozen teacher: hard
restart with v = 1 outperforms the frozen teacher on all five benchmarks, improving the average
score from 71.88% to 72.94%. Thus, the problem is not that freshness is harmful. Rather, freshness
is useful only when it is delivered through a stable teacher signal. The training dynamics in Figure 3
further illustrate this point. The frozen teacher produces smooth curves, but its entropy and JS di-
vergence gradually decline, suggesting that the teacher becomes increasingly outdated. In contrast,
restart-and-freeze produces bounded oscillations aligned with refresh events: each restart renews the
teacher signal, and avoids noisy per-step target changes. The JS divergence remains bounded, with
neither late-stage blow-up nor collapse.

Teacher design is central to on-policy self-distillation, with a stability—freshness dilemma: a
frozen teacher is stable but stale in the long term; a fast EMA teacher is fresh but can amplify
online noise. Periodic refresh-and-freeze provides a more reliable dense target.

3.2 CoOT DISTILLATION: MORE SUPERVISION IS NOT ALWAYS BETTER

We next consider the supervision density of SDPO, by additionally distilling Chain-of-Thought
tokens. This is a stronger test of the dense-supervision hypothesis: if more token-level targets were
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Figure 4: With and without CoT SDPO Performance (Acc@8) and training dynamics.

uniformly beneficial, CoT distillation should consistently improve performance. Figure 4a shows
the opposite: CoT helps TOOLUSE training but hurts MATH and SCIENCE training.

We attribute this contrast to the reliability of intermediate tokens. CoT distillation does not merely
add more supervision; it changes the target from answer-producing behavior to a particular reason-
ing trajectory. In long-form MATH and SCIENCE tasks, such trajectories are underdetermined and
often contain redundant self-checks, uncertain interpretations, formatting habits, or incorrect inter-
mediate claims. These tokens are weakly tied to final correctness, so distilling them can dilute credit
assignment and encourage imitation of reasoning artifacts. This is reflected in MATH training by
longer responses, higher entropy, and larger JS divergence (Figure 4b).

By contrast, TOOLUSE traces are short and schema-constrained. CoT therefore acts as useful pro-
cess supervision in TOOLUSE training, yielding stable dynamics and improved BFCLv4 perfor-
mance (Figure 4c). Additional EMA ablations further show that long-CoT supervision becomes
especially harmful when the teacher is updated rapidly (Table D.2), consistent with a confirmation-
bias loop in which noisy reasoning patterns are copied into the teacher and reinforced again.

More supervision is useful only when reliable. CoT distillation benefits short and structured
traces, but can harm long, noisy, or artifact-prone rationales.

4 SDPO TRADES RETENTION FOR SPECIALIZATION

The previous section reveals that SDPO’s dense signal is conditional: it helps only when the teacher
is stable and the distilled tokens are reliable. We now ask whether these local benefits translate into
broader training advantages. Does token supervision improves out-of-distribution (OOD) general-
ization (§ 4.1), and mitigates forgetting in continual post-training (§ 4.2)?



Table 2: Performance (Acc@38) trained on a single domain. Rows indicate training domain and
method; columns indicate evaluation benchmarks. SDPOg and SDPOys¢, denote SDPO with teacher

EMA 0 and 5%, respectively. SDPOS°T denotes SDPO, with CoT distilled.

MATH SCIENCE ToOLUSE CODING LoGgic KNOWw.
Method AIME Math500 SCIENCE GPQA TooLUSE BFCLv4 CODING LCBv6 ZLogic MMLU-R
- 3271 7385 5054 6294 4890 7625 5639 46.73 81.62  86.02
= GRPO 44.67 76.84 5133 6283, 5048 7833 60.73 5293 80.82, 85.74,
S SDPOsy, 34.38 78.97 45.00] 55.87] 53.31 78.12  52.37] 50.86 73.68] 83.82]
Z SDPO, 5642 84.29 47.36] 5872 52.06 77771 57.58 4852 7450/ 8547,
2 GRPO 35.00 73.47, 59.05 6250, 48.71, 75.00, 5553, 4590, 87.40  87.50
& SDPOsy, 53.34 7842 7226 5739, 5129 72.29] 60.66 56.11 90.68  84.104
S SDPO, 5563 7925 69.46 61.62, 5055 7479, 60.01 51.94 89.80  87.00
E GRPO 38.55 76.60 49.11y 62.25, 5790 79.58 57.88 47.69 77.35] 84.95,
2 SDPOsy, 47.71 7857 46.55] 57.39) 5276 7771 54.94, 5590 84.02  86.25
g SDPO, 47.71 7888 50.65 60.73) 5551 76.04, 61.00 5848 86.48  87.82
g GRPO 33.54 73770, 5196 62.63, 5037 7542, 57.84 46.81 8190 8552,
é SDPOsy, 49.17 7798  47.92| 5833 49.63 73.96] 62.10 5847 80.53, 87.25
O SDPOo 49.59 7750 50.00, 60.29, 51.47 79.17 64.18 60.12 82.58  86.65
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Figure 5: Relative Performance change as gain G and forgetting F' with respect to Maximum Mean
Discrepancy with a Radial Basis Function kernel.

4.1 RETHINKING OOD GENERALIZATION: INTERMEDIATE-DISTANCE INTERFERENCE

SDPO’s main advantage is specialization, not uniformly better generalization (Table 2). Under
MATH training, SDPOQy is the strongest math specialist, raising AIME from 32.71% to 56.42% and
Math500 from 73.85% to 84.29%. Similarly, CODING-SDPO, improves LCBv6 by 13.39%. These
results confirm that token-level supervision can strongly exploit source-like evaluation distributions.

However, this specialization does not translate into uniform retention. We decompose relative per-
formance change into positive gain and negative forgetting (Equations (A.5) and (A.6)), and demon-
strate that the SDPO-induced forgetting pattern is non-monotonic, as Figure 5 plots gain and forget-
ting against the distributional distance measured by Maximum Mean Discrepancy (MMD, Gretton
et al., 2012). Source-like tasks (e.g., MMD < 0.05) and very distant tasks (e.g., MMD 2 0.4)
mostly improve, while the largest drops concentrate in intermediate-distance tasks.

GPQA is the clearest intermediate-forget example: it is not the farthest benchmark, but consistently
degrades after SDPO training from multiple source domains. We interpret this pattern as evidence
that GPQA may lie in an interference region: it is close enough to be affected by source-domain up-
dates, yet insufficiently aligned to benefit from them. More broadly, we observe SDPO degradation
on MATH-to-SCIENCE, MATH-to-ZLogic, and SCIENCE-to-BFCLv4 (more cases are in Table D.4).

These results suggest that SDPO’s OOD failures are consistent with an intermediate-distance in-
terference pattern, rather than a simple monotonic function of distributional distance. Distillation
specializes the model toward the source-domain response manifold. When an OOD task is very
close, this specialization transfers. When it is very far, the perturbation may not strongly affect
it. The most vulnerable tasks are partially aligned OOD tasks: close enough to be changed, but
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Table 3: Continual learning performance (Acc@8) of SDPO versus GRPO. SDPO often wins early
(better current-stage), but GRPO wins over time (better last-stage).

Method Stage | MATH SCIENCE TOOLUSE CODING LOGIC KNOWLEDGE
Baseline - \ 32.71 50.54 48.90 56.39 81.62 86.02
GRPO Current | 44.67+37% 56.39t129  58.71120% - - -
Last 57.29175% 61.85t22%  57.72+118%  64.68+15% 89.52+10% 88.70+3%
SDPO Current | 56.42+729 65.70130%  37.35124% - - -
0 Last 34.38+t5% 70.71+40% 9.93180% 61.77+110% 72.15112% 84.2012%
SDPOCCT Current | 38.13117% 70.89t40%  38.60121% - - -
0 Last 14.17157% 68.69+36%  23.351529  30.01147% 59.95)27% 81.6215%
Current | 34.38+5% 76.37151% 0.004100% — — —
SDPOsg ; }
Last 0.001100% 0.001100% 0.001100%  0.001100% 0.021100% 0.181100%

misaligned enough not to benefit. This non-monotonic pattern is consistent with prior theory of
continual learning with linear models (Lin et al., 2023; Goldfarb et al., 2024), and our results show
that a similar interference regime emerges in LLM continual post-training,

For OOD generalization, dense supervision improves source-aligned tasks, leaves distant tasks
relatively unaffected or even improved, but most strongly interferes with partially aligned tasks
that are close enough to be shifted and misaligned enough not to benefit.

4.2 CONTINUAL LEARNING EXPOSES THE ACCUMULATED COST OF DENSE SUPERVISION

Single-domain interference becomes more severe when updates are composed across domains. We
therefore train models sequentially on MATH — SCIENCE — TOOLUSE — CODING and evaluate
after each stage. We report both Current, i.e., performance on the current domain immediately after
training it, and Last, i.e., performance after the full training sequence.

The continual setting reverses the single-domain picture. SDPQy is a strong early specializer: it
reaches 56.42% on MATH and 65.70% on SCIENCE, exceeding GRPO’s 44.67% and 56.39%. How-
ever, these gains do not survive later domain shifts: after the full sequence, SDPOg drops to 34.38%
on MATH and 9.93% on TOOLUSE, and also falls below the base model on LOGIC and KNOWL-
EDGE. SDPOSOT degrades even earlier, consistent with the instability of long-CoT token targets.
The most severe case is SDPO5¢;, which collapses after the third stage and remains near zero. By
contrast, GRPO adapts more conservatively but retains capabilities more reliably, achieving final
improvements over the base model across all evaluated categories (Figure 6 and table 3).

These results argue that single-domain specialization is not evidence of continual learning. SDPO’s
dense token-level updates can accelerate local adaptation, but the same updates also accumulate



drift, interference, and artifacts across domain shifts. Sequence-level GRPO is less aggressive, but
its more selective reward signal better supports long-horizon retention.

For continual post-training, dense token-level supervision improves local adaptation but is not
inherently retention-preserving; when composed across tasks, it can accumulate drift and inter-
ference that lead to forgetting.

5 UNDERSTANDING SDPO IN CONTINUAL POST-TRAINING

5.1 DENSE SUPERVISION CAUSES LARGER PARAMETER AND RESPONSE DRIFT

The benchmarks report that SDPO adapts more aggressively than GRPO. To understand why, we
look inside the model and ask whether SDPO’s greater behavioral changes correspond to larger
parameter shifts. For each LLM weight matrix (e.g., self-attention V) at training step k: W®*) ¢
R™*™ we compute the compact singular value decomposition:

wk — gksmyE "

where UF) ¢ R™x4 V(k) ¢ R"*? and d = min(m,n). The SVD decomposes each matrix into
input-output directions and their associated spectral strengths, and we use it to quantify how training
changes the geometry, spectral magnitude, subspace orientation, and dominant parameter regions of
the model. Specifically, we calculate the following metrics between W(?) and W (%)

* Normalized spectral shift: fs-normalized drift of the singular-value profile in Equa-
tion (A.8). Larger values indicate substantial strength changes in dominant directions.

* Principal-angle rotation: maximum rotation within top-k left singular subspaces, as shown
in Equation (A.11). A small value implies better preservation of dominant subspaces.

* Principal-mask overlap: intersection-over-union of principal masks before and after train-
ing per Equation (A.12). High values mean dominant entries remain important.

* Principal-mask update sparsity: intersection-over-union of the initial principal mask and
the changed-parameter mask in Equation (A.14). A high value demonstrates that training
directly modifies structurally important parameters.

Figures 7a and 7b highlight a consistent drift hierarchy. GRPO changes the model least: its spec-
tral shift and subspace rotation remain small, and its principal-mask overlap stays near 99.9%.
SDPO variants move farther, with SDPOSOT producing the largest subspace change. This pat-
tern supports an accumulated-drift explanation of continual-learning failure: SDPO produces no-
tably larger spectral shifts and more principal-parameter modifications than GRPO. The ordering
SDPOS"T > SDPOj¢ > SDPO,y > GRPO matches the aggressiveness of the supervision signal:
CoT increases token coverage, while fast EMA increases target non-stationarity. This supports the
view that denser or less stable token-level targets drive stronger internal updates.

Parameter drift is mirrored in the model’s outputs. Response-embedding similarities remain tightly
concentrated under GRPO, whereas SDPO shifts the distribution downward and develops heav-
ier lower tails (Figures 7c and 7d, embedding computed by Qwen3-Embedding-4B, Zhang et al.,
2025a). This suggests that SDPO does not merely improve selected answers; it reshapes the re-
sponse manifold more strongly than sequence-level GRPO.

Faster adaptation comes with larger drift. SDPO reshapes parameters and responses more than
GRPO, which helps specialization but hurts continual stability.

5.2 COLLAPSE AS ARTIFACT AMPLIFICATION UNDER DENSE SELF-DISTILLATION

Finally, we diagnose one extreme failure mode as a case of artifact amplification in self-distillation.
SDPOs9; collapses with a visible generation artifact: endlessly repeated “\boxed” tokens. This
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Figure 7: (a, b) Model parameter drift (y-axis) against training steps (z-axis). Metrics are aver-
aged across all layers with 95% confidence interval. NSS, PA, PM denote normalized spectral shift,
principal-angle, and principal-mask, respectively. (¢, d) Cosine similarity (%) of rollout(@8) em-
beddings before and after GRPO (left half) versus SDPO,, (right half) training.

behavior coincides with a change in final-answer formatting requirement at the third stage, where
ToOLUSE differs from earlier MATH and SCIENCE stages (data samples in Appendix C.2). The
collapsed model is over-amplifying the high-frequency pattern from earlier on-policy training stages,
as JS divergence (Figure 8) plummets in the third stage, even to zero within the first few steps of
TOOLUSE training. More experiments show that reordering data or masking tokens only partially
mitigates this collapse (Tables D.5 and D.6).

This failure is consistent with the central diag-
nostic observed throughout our analyses. Be-
cause supervision is token-level, frequent to-

kens (e.g., formatting patterns) can receive re- 0.01 __/‘//V\\

JS Divergence

peated reinforcement. As the teacher is de- \
rived from the student, such artifacts can en-

. ) 0.00
ter a feedback loop we call confirmation bias: 0 20 40 60 80 100 120
the student emits the artifact, the teacher as- — Coding —— ToolUse —— Science —— Math

signs it token-level support, and the next stu-
dent update makes the artifact more likely. A
frequently refreshed teacher or denser supervi-
sion can worsen this process and, in severe cases, lead to near-complete collapse.

Figure 8: JS divergence during continual-SDPO5¢;
with TOOLUSE or CODING as third stage.

5.3 THEORETICAL VIEW ON FORGETTING: EXCESS KL DRIFT

Existing studies have revealed that on-policy RL is biased toward solutions that solve the new task
while staying close to the base policy in KL (Shenfeld et al., 2025). However, SDPO does not
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inherit this bias: its rollouts are on-policy, but its local target is a teacher distribution conditioned on
augmented context, rather than the KL-minimal distribution induced by a sequence-level reward.

Let  ~ D be a prompt, y a response, and S, C ) the set of successful responses under a binary
sequence reward. Let Py(- | «) be the sequence distribution induced by the base policy 7. For any
success level a € (0, 1), define the matched-success Razor policy

QL@ := argmin DKL(Q I Po(- | x)) (D
Q: Q(Sz)=cx
Let g, (- | h¢) be its autoregressive token kernel at history sy = (,y<¢). This is the token distri-
bution induced by the sequence-level reward: it preserves the base policy except for the reweighting
needed to change the probability of eventual success. In the exact-success limit o — 1, QL@
becomes the base-conditioned solution Py(- | z,y € Sy).

In contrast, SDPO distills a teacher that observes augmented context ¢, such as a solution, rationale,
or auxiliary signal. Its local targetis T.(- | hy) = 77 (- | x, ¢, y<¢). For a strict distillation divergence
D, e.g., generalized JSD, the population token-level target is the teacher projection

B(- | hy) € argminEp,, D (u, To(- | hy)). (2)
ueA(V)

When c is deterministic, this reduces to B(- | ht) = T.(- | ht). Let Pg(- | =) be the sequence
distribution induced by this SDPO token target and set ., = Pp(S; | ).

Theorem 1 (Teacher projection induces excess KL drift). Assume 0 < o, < 1. Then
Dxr(P(- | 2) | Po(- | 2)) = Dxu(QL, . | Pol- | 2))

lyl (3)
= Eyory(ia) ) Dru(BC [ he) || gk, o(- [ he)) = 0.
t=1
The inequality is strict whenever the SDPO teacher target differs from the sequence-reward Razor
kernel on a set of histories with positive Pp-probability.

The no-excess-drift case is therefore restrictive: SDPO must satisfy B(- | hy) = qgr,x( | he) at
every visited history. This is not implied by teacher—student parameter sharing. Because the teacher
conditions on augmented context c, it may select a particular reasoning trace, formatting pattern, or
artifact even when many continuations are equally successful. Thus, SDPO’s on-policy sampling
controls where supervision is applied, but the distribution selected at each token is the teacher pro-
jection, not the KL.-minimal sequence-reward projection. Combined with the KL-forgetting law, the
excess drift in Equation (3) predicts additional forgetting. Full proofs are in Appendix B.

Takeaways 6

On-policy data alone does not guarantee forgetting mitigation. SDPO trains on on-policy histo-
ries, but each token is projected toward a privileged teacher rather than a KL-minimal successful
policy; this can amplify artifacts and induce excess drift across continual post-training.

6 CONCLUSION

This paper studied whether on-policy self-distillation improves continual post-training. Our re-
sults indicate that SDPO can be an effective specialization method when teacher signals are stable
and aligned with the target domain. However, it is not uniformly beneficial for continual learning.
SDPQO’s token supervision amplifies both useful supervision and harmful artifacts, making it sensi-
tive to teacher quality, update schedules, and token structure. Compared with GRPO, SDPO variants
exhibit greater forgetting, instability, parameter drift, and response-manifold shifts.

The main lesson is not that on-policy self-distillation methods are ineffective, but they are not auto-
matically safe. Token supervision can be a rapid specialization signal, but also a potentially danger-
ous signal: each token can reinforce useful signals and harmful artifacts. Sequence-level methods
such as GRPO learn more slowly, but in our experiments, they preserve capabilities more reliably.
Thus, the future of on-policy self-distillation for continual learning likely depends not on making
the signal denser, but on safeguarding it through token weighting, teacher controls, or data balancing
strategies to be more selective, stable, and artifact-aware.
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A MATH NOTATIONS

Kullback-Leibler (KL) divergence. For two discrete distributions P(X’) and Q(X),

Dxu(P||Q) =) Px) ( 8) (A.])

rzeX

Generalized Jensen—Shannon (JS) divergence. A weighted average of two KL divergences from
P and @ to their mixture with 5 € (0,1) (8 = 0.5 recovers the standard symmetric JS divergence):

Dysp(B)(P || Q) = BDxw(P || BP + (1 - B)Q) + (1 = B)Dkr(Q || BP+ (1 - B)Q). (A2)

Performance Change. We measure absolute (A) and relative (J) change against the base model:

A'rrL,tlrailrl,eval = Pm,train,eval - Pbase,evala (A3)
5m,train,eval = Am’train’eval/Pbase,eval X 100%, (A4)

where m is the training method, train is the training domain, and eval is the evaluation benchmark.
We define gain G and forgetting F as the positive and negative part of the relative change:

Gm,train,eval = HlaX(O, 5m,train,eval)a (AS)

F'rn,train,eval = Inax((), _5m,train,eva1)~ (A.6)

Intersection-over-Union. For two masks A and B (e.g., predicted mask and ground-truth mask),
IoU(A, B) = |ANBl|/|auB|, (A7)

where | - | denotes cardinality. The quantity lies in [0, 1], with 1 for a perfect overlap.

Normalized spectral shift. It is defined as the {5-normalized drift of the singular-value profile:

(W) —oAWD)]|,
NSS (WO, W) = e (A8)

T
Principal-mask (PM) and Principal-angles (PAs). Given W(k) Uﬁk)z:&’“)vﬁ’“) as the rank-
r approximation, PM is

Marincipa ™l ] = T (|Wli ]| 2 749)) (A.9)

where 7'( )

is a threshold controlled by the hyperparameter 7. Principal angles are
Hi(W(O),W(k)) = arccos o; (UgO)Tng)) , 1=1,....,k, (A.10)
where o;(+) denotes the i-th singular value.

Maximum principal-angle rotation. Max PA of the top-r left singular vectors:

maxPA (W<°>, W<’f>) = max (W), W), (A11)

Principal-mask overlap. Intersection-over-Union between the initial and current PM masks:

PMOverlap (W<°>, W(’“)) —IToU (Mpmip&l(o), Mprmcipal(“) . (A.12)

Changed-parameter-mask. Per-parameter mask with change threshold n > 0:
Maparam i ] =T (| (WE = W) [i, ]| = ) . (A.13)

Principal-mask update sparsity. Intersection-over-Union between the initial principal mask and
the changed-parameter mask:

PMUpdateSparsity (W<0>,W<k>) — 10U (Mpﬂndpal(o), Mparam<k>). (A.14)
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B PROOFS

We provide the proofs for results in § 5.3. All distributions are over finite spaces. We assume that
the base sequence distribution Py(- | ) has full support. When the prompt z is fixed, we suppress
it from notation.

Matched-success Razor policy. Let.S = .S, be the set of successful responses and let z = Py (.5 |
z) € (0,1). For a target success level « € (0, 1), define

Q0 ={Q € A(Y) : Q(S) = a}.

Lemma 2 (Closed form of the matched-success Razor policy). The solution of
Q. = arg win Dict,(Q || Pol-| 2))
is
n «a 11—«

Qaay) =Folyl2) | “Hy € Se} + T— Uy ¢ S} (B.1)

Equivalently,
QL,x = aPO(' | wvsﬂ:) + (1 - a)PO(' | x’S;)

Proof. Fix x and write p = Py(- | x). Letp™ = p(- | ) and p~ = p(- | S¢). Any Q € Q, can be

decomposed as
Q=0aQ" +(1-)Q",
where QT = Q(- | S) and Q~ = Q(- | S°). Then
D(Q || ) = alog & + (1 - ) log 1= +aDe (@ | ) + (1~ )Dxw(Q || 77).

The first two terms are constant over Q. The remaining terms are nonnegative and vanish if and
only if Q7 = p* and Q~ = p~. Thus the unique minimizer is

Ql,=ap™+(1—a)p”,
which is exactly Equation (B.1). O

Lemma 3 (Token kernel induced by the Razor policy). Let qlm( | hi) be the autoregressive token
kernel induced by QL,x at history hy = (z,y<¢). Define

« l1—«
Ca(h) =Eypy(|n) ;1{9 €S+ El{y ¢ S}t - (B.2)
Then O (hea)
t — Tallted) B
qa,w(a | ht) 7(0(0’ | ht) Ca(ht) . ( 3)

In the exact-success limit o« — 1,
Prp (y € S, | hia
(@ | ) = mofa | By el € 5o | 1ud)

. B.4
Prry(y € S, | o) B4

Proof. By Theorem 2,

QL) = Po(y | 2)wa(y),
where

waly) = 1y € S} + 121y ¢ 5.
For a history hy = (z,y<¢),
Zy» Po(a,y>t | he)wa(y)
Zth Po(g>t | h)wa(y)

gho(alh) = Pr(y=alh)=
Q..

The numerator equals
To(a | he)Eyn py(hea) [Wa(y)] = mo(a | he)Calhra),

and the denominator equals C, (h:). This proves Equation (B.3). Letting & — 1 gives Equa-
tion (B.4). ]
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Teacher projection and excess reverse KL. For a strict distillation divergence D, the population
SDPO token target is

B(- | h) € arguénAi?v) Eejn, D(u, Te( | he)).

When c is deterministic and D is generalized JSD, the minimizer is B(- | hy) = T.(- | hy) because
generalized JSD is nonnegative and equals zero if and only if its two arguments are identical.
Let Pp(- | x) be the sequence distribution induced by B(- | h), and let

a = Pg(S, | ).

The corresponding matched-success Razor policy is QL;F

ProofOfTheorem 1. Fix z and suppress x from notation. Let p = FPy(- | x), S = Su, 2 = p(5),
and QT = Q . By Theorem 2,

Q'(y) = p(y)wa(y),
where w,(y) = a/z on S and w,(y) = (1 —«)/(1 — 2) on S°.

Since P(S) = QT(S) =
Z Pg(y) logwa (y Z Q' (y) log wa (y). (B.5)

Therefore,

Dxr(Pg || p) = Dxr(Q" || p) ZPB

T
o) _ S Q'wlos it

= Pp(y)log Q1L ) log wa ()
2 o> ®6)
(y)
= Pp(y)log ———=—
Z Py)wa(y)
= DKL(PB QY.
where we used Equation (B.5) in the third line.
Now write both sequence distributions autoregressively:
H
Pp(y | z) = HByt\ht QM| z) =T o | ).
t=1
Then the autoregressive KL chain rule gives
Dt 1) By o UL
By | ht)
~Eyp Yl (B.7)

t=1 Qaz(yt | ht)

H
= Eyury p Dir(B( | he) || gl | ha)).

t=1

Combining Equation (B.6) and Equation (B.7) proves the theorem. The right-hand side is nonnega-
tive, and it is strictly positive whenever the two token kernels differ on a set of histories with positive
Pp-probability. O

Forward KL counterpart. The previous theorem uses reverse KL because RL’s Razor is naturally
stated as a reverse-KL projection. The empirical forgetting law is often measured by forward KL
from the base policy to the fine-tuned policy, so we also give the matched-success forward-KL
analogue.
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Proposition 4 (Forward-KL excess at matched success). Fix « and let p = Py(- | z). Let S = Sy,
z =p(S), and let Pp(S) = o € (0, 1). Define
pt=p(18), p =p(]5,
and
BT = Pgp(-]9), B~ = Pg(-| 59.
Then
Dxv(p || Ps) — Dxw(p || QL,) = 2D (0" || BY) + (1 —2)Dxu(p”™ | B7) 20.  (B.S)

Proof. Decompose Pg as
Pg=aBt+(1-a)B".
Then
z
DKL(p || PB) = zlog a + (1 — Z) IOg

z — _
4D || BY) + (1 - 2) Do | B,

For QT&’I = ap™ + (1 — a)p~, the two conditional KL terms vanish:

1—=2

z
Dxw(p || Q(er,;c) = zlog pol (1—2)log —a
Subtracting gives Equation (B.8). [

Connection to forgetting. We use the KL-forgetting law as an empirical bridge between distribu-
tional drift and prior-task forgetting.
Assumption 5 (KL-forgetting law). For policies matched in new-task success, let F(m) denote the
drop in prior-task performance. Suppose there exists a strictly increasing function w with w(0) = 0
such that

Ktwa(m1) = Ktwa(m2) > = F(m) — F(m2) > w(e),
where

Ktwa(m) = Egup D (Po(- | @) || Pr(- | 2)).

Corollary 6 (Teacher mismatch implies additional forgetting). Let Pp be the SDPO teacher-
projected sequence distribution and let QL,x be the matched-success Razor policy with « = Pg(S,, |
x). Define

Afwd = ExND [zwDKL(PO(' | J),SI) || PB( | l‘,SI))

+ (1= ) Die.(Pol- | 2,85) || Po(- | 2,55))]
If Atwq > 0, then under Theorem 5,
F(Pp) — F(Q) > w(Agwa) > 0.

Proof. Taking expectation over = ~ D in Theorem 4 gives

Ktwa(Ps) = Kswa (Q)) = Awa-
The result follows directly from Theorem 5. O

C TRAINING DETAILS

C.1 MODELS AND DATASETS

We adopt Qwen3 series (Qwen3-4B-Instruct-2507 and Qwen3-4B-Thinking-2507, Team, 2025),
Olmo-3 series (Olmo-3-7B-Instruct-DPO and Olmo-3-7B-Think-DPO, Olmo et al., 2025) as base
models' and train®> on 4 diverse tasks—MATH, SCIENCE, TOOLUSE, and CODING, with in-
distribution and out-of-distribution® test sets to evaluate model performance measured in averaged
accuracy (i.e., Acc@k). Data sources and training hyperparameters (learning rates according to
Hiibotter et al., 2026) are disclosed in Tables C.1 and C.2, respectively. We visualize the embed-
dings of each benchmark using Qwen3-Embedding-4B (Zhang et al., 2025a) in Figure C.1.

"For Instruct models, SDPO and SDPO°T are equivalent due to absence of think tags.
?Training framework from SDPO official implementation https: //github.com/lasgroup/SDPO.
3In-distribution and out-of-distribution are pragmatic labels, not strict measures of inter-dataset distance.
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Table C.1: Data sources for training or evaluation purposes across domains. AIME denotes AIME24
and AIME25 combined. Abbreviations ZLogic, MMLU-R denote Zebral.ogicBench, MMLU-Redux
2.0, respectively.

Evaluation
Domain Training In-Distribution Out-Of-Distribution
MATH DAPO-Math-17k AIME Math500
(Yu et al., 2026) (MAA, 2024-2025) (Lightman et al., 2023)
. GPQA
SCIENCE SciKnowEval (Feng et al., 2024) (Rein et al., 2023)
BFCLv4
TooLUSE ToolAlpaca (Tang et al., 2023) (Patil et al., 2025)
R LCBv6
CODING Dolci-Think-RL-7B (Olmo et al., 2025) (Jain et al., 2025)
ZLogic
Logcic - (Lin et al., 2025)
KNOWLEDGE MMLU-R
h (Gema et al., 2024)

Math 0.00 0.64 1.38 [ERZ1 6.74 PREFPERE 8.64 13.39PFK] 6.75 © Math Domain
AIME 0.64 0.00 1.94 PAECL] 7.38 PERRYSGE] 9.10 14.24PLWE 7.69 40 ¢ Sci. Domain
h * Tool Domain
Math500 1.38 1.94 0.00 5.52 PXWIRE] 8.36 13:75pARK] o Code Domain
Science [ FFET] EEWY] 32.20 31.25/19192 27.5340.50 LR 30 - Logic
GPQA 6.74 7.38 5.52 11.42 0.00 [k 1L 8.79 15.00P2%:8] 3.82 « Knowledge
BrTO10£YY2311023.642016132. RN 2112 28.29 41.95 ® Math
BFCLv4 PREGPZSERI T RIWE 104 9.50 0.00 PR PERSIEYRAY15.64 20 * ‘;4”‘3;3500
. - al
Coding 8.64 9.10 8.36 [Ll°k) 8.79 PANPIPRAE] 0.00 7.47 pilvkd 7.13 + Science
LCBvV6 13.3914.24 13.75 P6%115.00PLEPERE] 7.47 0.00 REJER]13.50 -10 + GPQA
PARS i To21.9829.43 21208 40.5024.83 41.95 44.71 2877 39.54 (XL 19517 + ToolUse
Know. 6.75 7.69 5.39 14.79 3.82 14.6415.64 7.13 13450m 0.00 0 4 BFCLv4
' ' ' (0 ' (0 (0 ' I ' - —60 = Coding
2 (W8 o (@ oo (357 a0 @ g gt
2 OO, & WO V8 MY v LCBv6
W g;w@°e&® ngd§g§0 C,°6 \ggﬂ}p « T T T "
-50 -25 0 25 50
. . KT —2 . . . .
(a) Pairwise MMD (multiplier 10~ ) between benchmarks. (b) Visualization using t-SNE.

Figure C.1: Embedding visualization of benchmarks by domain.

C.2 DATA SAMPLES

AIME

Every morning Aya goes for a $9$-kilometer-long walk and stops at a coffee shop afterwards. When she walks
< at a constant speed of $s$ kilometers per hour, the walk takes her 4 hours, including $t$ minutes

< spent in the coffee shop. When she walks $s+2$ kilometers per hour, the walk takes her 2 hours and 24
< minutes, including $t$ minutes spent in the coffee shop. Suppose Aya walks at $s+\frac{l}{2}$

< kilometers per hour. Find the number of minutes the walk takes her, including the $t$ minutes spent in
< the coffee shop.

Please reason step by step, and put your final answer within \boxed{}.

BFCLv4

Your task is to answer the user's question using available tools.
You have access to the following tools:
Name: Tools
Description: A set of functions/tools that you can use to answer the user's question.
Documentation:
math.triangle_area_heron: Calculates the area of a triangle using Heron's formula, given the lengths of
< its three sides.
Parameters: {"sidel": "integer. Length of the first side of the triangle.", "side2": "integer. Length of
< the second side of the triangle.", "side3": "integer. Length of the third side of the triangle."}
Output: Successful response.
- Format: application/json
math.circle_area: Calculates the area of a circle given its radius.
Parameters: {"radius": "float. The radius of the circle."}
Output: Successful response.
- Format: application/json




Table C.2: Hyperparameters for SDPO and GRPO training with Qwen3-4B-Thinking-2507.

Parameters SDPO | GRPO

& Max. prompt length 2048 2048

& Max. response length 14336 14336

E” Question batch size 32 8

S Mini batch size 32 8

&  Number of rollouts 8 8

. Inference engine vLLM vLLM

2 Temperature 1.0 1.0

E Top-p -1 -1
Top-k -1 -1
Distillation Top-K 100 -

8 Distillation divergence Jensen—Shannon -

% Teacher-EMA update rate (%) a€{0,0.5,1,2,5} | -
Rollout importance-sampling clip | 2 -

o KL coefficient (\) - 0.0

& elow 0.20 0.20

® c-high 0.28 0.28
Optimizer AdamW AdamW

., Learning rate 107° 10-¢

E Training steps 50 (20 for CODING) | 50 (20 for CODING)

g Warmup steps 10 10
Weight decay 0.01 0.01
Gradient Clip Norm 1.0 1.0

Calculates the area of a triangle using the formula (1/2)basexheight.
"height": "float. The height of the

math.triangle_area_base_height:
Parameters: {"base": "float. The base length of the triangle.",
< triangle."}
Output: Successful response.

— Format: application/json

Use the following format:

Thought: you should always think about what to do

Action: the action to take, should be one of the tool names.

Action Input: the input to the action, must be in JSON format. All of the action input must be realistic

<> and from the user.
Begin!
Question: Calculate the area of a triangle, given the lengths of its three sides: 3, 4, and 5.

CODING

You are tasked with creating a function that retrieves the details of a specific assignment based on its
ID. The function should take a string representing the assignment ID as input and return a dictionary
containing the assignment details. For the purpose of this question, you can assume that the
assignment details will be represented as a fixed dictionary for demonstration. Implement a function
named “get_assignment_details™ that takes an assignment ID and returns the corresponding assignment
details as a dictionary. If the assignment ID does not exist, return an empty dictionary. The
assignment details for valid IDs are predefined as follows: '101': {'title': 'Math Homework',
'due_date': '2023-11-01'}, '102': {'title': 'Science Project', 'due_date': '2023-12-15'}, '103':
{'title': 'History Essay', 'due_date': '2023-10-30'}.

Two quantum states with energies El and E2 have a lifetime of 107-9 sec and 10"-8 sec, respectively. We

rereeres

— want to clearly distinguish these two energy levels. Which one of the following options could be their
< energy difference so that they can be clearly resolved?

A. 10"-8 eV

B. 1074 eV

C. 107-11 ev

D. 10%-9 eV

Please reason step by step, and put your final answer within \boxed{}.




MATH

In triangle $ABCS, $\sin \angle A = \frac{4}{5}$ and $\angle A < 90"\circ$. Let $D$ be a point outside
< triangle $ABC$ such that $\angle BAD = \angle DAC$ and $\angle BDC = 90~\circ$. Suppose that $AD = 1$
< and that $\frac{BD}{CD} = \frac{3}{2}$. If $AB + AC$ can be expressed in the form

— S$\frac{a\sqgrt{b}}{c}$ where $Sa, b, c$ are pairwise relatively prime integers, find $a + b + c$.
Please reason step by step, and put your final answer within \boxed{}.

Math

Convert the point $(0,3)$ in rectangular coordinates to polar coordinates. Enter your answer in the form
< $(r,\theta),$ where $r > 05 and $0 \le \theta < 2 \pi.$
Please reason step by step, and put your final answer within \boxed{}.

MMLU-R

Determine whether the polynomial in Z[x] satisfies an Eisenstein criterion for irreducibility over Q. x"2
— - 12

A. Yes, with p=2.

B. Yes, with p=3.

C. Yes, with p=5.

D. No.

Please reason step by step, and put your final answer within \boxed{}.

SCIENCE

Which of the following molecules is the only correct reactant used in the synthesis of the product
<> "Nclcen(Cc2ccc(Cl)cc2C(F) (F)F)nl" 2

: 0=Clc2ccccc2C(=0)Nlclcen (Cc2cecc(Cl)cc2C(F) (F)F)nl
: O0=Clc2ccccc2C(Cl)Nlclcec2ecc (Cl)ne2nl

: 0=Clc2ccccc2C(=0)NlCclcec (Oc2cce (Cl)c(C(F) (F)F)c2)cecl
: 0=Clc2ccccc2C (=0)N1CC=C (Cclcccecl)C(F) (F)F

A
B
©
D
Please reason step by step, and put your final answer within \boxed{}.

TooLUSE

Your task is to answer the user's question using available tools.
You have access to the following tools:
Name: Axolotl
Description: Collection of axolotl pictures and facts
Documentation:
getRandomAxolotlImage: Retrieve a random axolotl image with information on the image source.
Parameters: {}
Output: Successful response.
- Format: application/json
- Structure: Object{url, source, description}
searchAxolotlImages: Search for axolotl images based on specific criteria such as color, gender, and size.

Parameters: {"color": "string. One of: [wild, leucistic, albino]. The color of the axolotl (e.g., 'wild',
< 'leucistic', 'albino', etc.).", "gender": "string. One of: [male, female]. The gender of the axolotl
<— ('male', 'female').", "size": "string. One of: [small, medium, large]. The size of the axolotl

— ('small', 'medium', 'large').", "page": "integer. The page number for pagination purposes."}

Output: Successful response.

- Format: application/json

— Structure: Object{results: Array[Object{url, source, description}], pagination: Object{current_page,
< total_pages, total_results}}

getAxolotlFacts: Retrieve interesting facts about axolotls such as their habits, habitats, and physical
< characteristics.
Parameters: {"category": "string. One of: [habits, habitat, physical characteristics]. The category of
— facts to retrieve (e.g., 'habits', 'habitat', 'physical characteristics').", "limit": "integer. The
< maximum number of facts to return."}
Output: Successful response.

— Format: application/json

— Structure: Array([Object{fact, source}]

Use the following format:

Thought: you should always think about what to do

Action: the action to take, should be one of the tool names.

Action Input: the input to the action, must be in JSON format. All of the action input must be realistic
<> and from the user.

Begin!
Question: Hey, can you show me a random picture of an axolotl?

ZLogic

There are 6 houses, numbered 1 to 6 from left to right, as seen from across the street. Each house is
<> occupied by a different person. Each house has a unique attribute for each of the following
< characteristics:

— Each person has a unique name: “Arnold’, “Peter”, “Eric”, “Alice”, “Bob~, “Carol”

— People have unique favorite book genres: “biography”, “science fiction®, ~fantasy®, “mystery’,

< “romance~, “historical fiction~

— People have unique favorite sports: “baseball”, “basketball”, “swimming~, “volleyball®, ~“tennis~”,

<> “soccer’

— People own unique car models: “honda civic™, “ford f150°, “tesla model 37, ~“chevrolet silverado, “bmw 3
<> series’, “toyota camry"

## Clues:
1. Eric is the person who loves mystery books.




2. The person who loves tennis is the person who loves fantasy books.

3. The person who loves soccer is directly left of the person who loves science fiction books.

4. There is one house between the person who owns a Honda Civic and the person who loves biography books.
5. Peter is somewhere to the right of Carol.

6. The person who loves tennis is in the first house.

7. The person who owns a Tesla Model 3 is somewhere to the right of the person who loves baseball.

8. Eric is somewhere to the left of the person who loves romance books.

9. The person who owns a Toyota Camry is somewhere to the right of the person who loves romance books.
10. The person who owns a BMW 3 Series is Peter.

11. The person who owns a BMW 3 Series is the person who loves basketball.

12. The person who owns a Tesla Model 3 is directly left of Arnold.

13. Alice and the person who loves volleyball are next to each other.

14. The person who loves historical fiction books is the person who loves soccer.

15. The person who owns a Chevrolet Silverado is not in the first house.

16. The person who loves science fiction books is directly left of the person who loves swimming.

What is Name of the person who lives in House 5?
A. Eric

B. Bob

C. Alice

D. Peter

E. Carol

F. Arnold

Please reason step by step, and put your final answer within \boxed{}.

C.3 MODEL CHAT TEMPLATES

Qwen3-4B-Thinking-2507

<|im_start|>user\n{prompt}<|im_end|>
<|im_start|>assistant\n<think>

Qwen3-4B-Instruct-2507

<|im_start|>user\n{prompt}<|im_end|>
<|im_start |>assistant\n

OLMo-3-7B-Instruct

<|im_start|>system\nYou are a helpful function-calling AI assistant. You do not currently
< have access to any functions. <functions></functions><|im_end]|>
<|im_start|>user\n{prompt}<|im_end|>

<|im_start|>assistant\n

OLMo-3-7B-Think

<|im_start|>system\nYou are OLMo, a helpful function-calling AI assistant built by Ai2.
< Your date cutoff is November 2024, and your model weights are available at

— https://huggingface.co/allenai. You do not currently have access to any functions.
< <functions></functions><|im_end|>

<|im_start|>user\n{prompt}<|im_end|>

<|im_start|>assistant\n<think>

C.4 PROMPT TEMPLATES

& AIME & Math50!

SCIENCE

Prompt f (€10)
{question}
Please reason step by step, and put your final answer within \boxed{}.

Prompt for TOOLUSE & BFCLv4

Your task is to answer the user's question using available tools.
You have access to the following tools:
{tool}

Use the following format:

Thought: you should always think about what to do

Action: the action to take, should be one of the tool names.

Action Input: the input to the action, must be in JSON format. All of the action input must
— be realistic and from the user.

Begin!
Question: {question}
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Table D.1: SDPO performance (Acc@8) against teacher EMA «. No « is globally best.

Trainedon «(%) AIME Math500 GPQA MMLU-R BFCLv4 LCBv6 Avg

- - 32.71 73.85 62.94 86.02 76.25 46.73  63.08

0 5642 8429 58.72 85.47 77.71 48.52  68.61

0.5 57.92 84.52 57.01 84.65 76.46 51.10 68.61

MATH 1 56.04 84.35 58.21 85.31 17.71 51.79 69.06
2 52.71 84.02 59.53 85.00 78.75 50.35  68.39

5 34.38 78.97 55.87 83.82 78.12 50.86  63.67

0 47.71 78.88 60.73 87.82 76.04 58.02  68.20

0.5 43.13 77.08 61.49 87.40 72.08 51.68  65.48

TOOLUSE 1 41.04 77.18 58.78 87.18 76.04 48.62  64.81
2 4500 7770 5890 8675 7479 5351 6611

5 47.71 78.57 57.39 86.25 77.71 55.55 67.20

0 55.63 79.25 61.62 87.00 74.79 5194  68.37

0.5 53.96 79.10 61.05 87.42 75.21 5293  68.28

SCIENCE 1 55.84 79.20 62.31 86.92 75.21 51.68  68.53
2 55.00 80.97 59.47 86.40 76.04 5492  68.80

5 53.34 78.42 57.39 84.10 72.29 56.11 66.94

Table D.2: SDPO with and without CoT Performance (Acc@8). CoT enhances TOOLUSE training
while impairing MATH and SCIENCE. Larger teacher EMA « generally worsens CoT performance.

a(%) CoT  Trainedon AIME Math500 GPQA MMLU-R BFCLv4 LCBv6

- - - 32.71 73.85 62.94 86.02 76.25 46.73
0 X MATH 56.42 84.29 58.72 85.47 71.71 48.52
0 v MATH 38.13 75.58 58.59 86.22 66.46 56.82
1 X MATH 56.04 84.89 58.62 85.31 71.71 51.79
1 v MATH 37.71 75.58 56.25 86.20 66.88 54.45
5 x MATH 34.38 78.97 55.87 83.82 78.12 50.86
5 v MATH 8.13 69.50 40.53 80.95 34.38 41.76
0 X SCIENCE 55.63 79.25 61.62 87.00 74.79 51.94
0 v SCIENCE 42.08 76.25 55.05 87.08 73.12 57.08
1 X SCIENCE 55.84 79.20 62.31 86.92 75.21 51.68
1 v SCIENCE 37.29 75.60 55.11 86.65 71.67 60.46
5 x SCIENCE 53.34 78.42 57.39 84.10 72.29 56.11
5 v SCIENCE 15.63 71.50 39.96 81.85 60.00 47.77
0 x TOOLUSE 47.71 78.88 60.73 87.82 76.04 58.48
0 v ToOOLUSE 53.34 82.28 56.69 84.38 80.62 56.66
1 X TOOLUSE 41.04 77.18 58.78 87.18 76.04 49.69
1 v ToOLUSE 53.55 82.90 56.38 84.55 80.42 59.11
5 x TOOLUSE 47.71 78.57 57.39 86.25 71.71 55.90
5 v ToOOLUSE 53.34 83.00 50.06 83.30 77.08 52.50

SDPO Regeneration Prompt

{question}

Please reason step by step, and put your final answer within \boxed{}.
Correct solution: {previously correct solution}

Correctly solve the original question.

D SUPPLEMENTARY RESULTS

Table D.1 presents the performance scores used to plot Figure 2a, and displays a configuration
matrix of EMA teachers « € {0,0.5%,1%, 2%, 5%} and training datasets MATH, TOOLUSE, and

SCIENCE. Table D.2 extends Figure 4 for SDPO versus SDPO“T under more teacher EMA settings
and evaluation benchmarks. The large degradation at o = 1%, 5% further verifies confirmation bias.
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Table D.3: Performance (Acc@8) trained on a single domain. Rows indicate training domain and
method; columns indicate evaluation benchmarks. GRPO outperforms SDPO at generalization.

Method AIME Math500 SCIENCE GPQA ToOOLUSE BFCLv4 ZLogic MMLU-R
Olmo-3-7B-Instruct-DPO

- 19.17  61.30 3250 3024 42.46 76.46 60.48 69.92

£  GRPO 1896  64.82 3524 3523 40.62 71.88 64.95 72.00

S SDPO, 1375 5124 2193 2494 34.38 57.08 34.31 58.96
Olmo-3-7B-Think-DPO

- 46.04  71.53 30.89  36.30 9.19 3.96 59.18 79.35

GRPO 51.67 7495 3756  44.32 9.38 3.33 61.58 79.47

E SDPOsy, 41.67  72.90 28.15 33.71 8.09 0.00 43.88 72.20

§ SDPO, 5125 7595 32.98 38.45 8.46 0.62 54.40 79.00

SDPOS°T 5459 7452 41.79 43.81 7.17 0.00 61.78 78.53

Table D.4: Representative gain, retention, and forgetting cases. Intermediate-distance targets exhibit
the clearest forgetting, while source-like and very distant targets are often stable or improve.

Train Test MMD-10"®  Asppo.,,  Aspro, ~Gain  Retention  Forgetting
MATH AIME 0.64 1167 123.71 v
5 MATH Math500 1.38 1512  110.44 v
2~ CODING  LCBv6 3.74 11174 11339 v
TooLUSE BFCLv4 4.75 11.46 10.21 v
o MatH GPQA 6.74 17.07 14.22 v
= SCIENCE GPQA 11.42 } 5.55 J} 1.32 v
8 ToOLUSE GPQA 18.89 15.55 1221 v
E CobpINg  GPQA 11.90 14.61 12.65 v
£ MATH ZLogic 21.98 17.94 17.12 v
— SCIENCE  BFCLv4 25.16 J 3.96 1 1.46 v
=  SCIENCE ZLogic 32.66 19.06 1 8.18 v
£ TOOLUSE ZLogic 43.33 1 2.40 1 4.86 v
A CODING  ZLogic 31.66 11.09  10.96 v

Table D.5: SDPO5q, performance (Acc@8) continually trained with various data at 2nd & 3rd stage.
Altering order only partially mitigates collapse; SDPO still degrades significantly under data shifts.

MATH SCIENCE TooLUSE CODING LoGgic KNOw.

Trained on AIME  Math500 SCIENCE GPQA ToOLUSE BFCLv4 CODING LCBv6 ZLogic MMLU-R

- 3271 73.85 50.54 6294 4890 7625 5639 46.73 81.62 86.02

1. MATH 3438 7897 45.00 55.87 53.31 78.12 5237 50.86 73.68 83.82

2. SCIENCE 21.25 7395 7637 4798 30.15 5125 5933 4882 61.88 82.12
5}; 3. TooLUSE 0.00 0.00 0.18 0.13 0.00 0.00 0.00 0.00 0.10 0.12
B 2. SCIENCE 21.25 7395 7637 4798 30.15 5125 5933 4882 61.88 82.12
»v» 3. CODING 17.09 69.53 7452 4293 0.74 0.00 5479 54.01 58.00 80.50
2. TooLUSE 22.29 73.82 38.63 4236 12.68 9.79 - - 56.95 77.35

3. SCIENCE 1042 66.50 7256 36.55 13.60 20.62 - - 4920 77.75

For single-domain training, Table D.3 examines SDPO and GRPO for Olmo-3 series. For continual
training, Table D.6 presents detailed scores for Figure 6 and table 3 across each stage, with a data-
ordering ablation on collapsed SDPOy;q, in Table D.5. We supplement diagnoistics (Figure 7) with
additional matrices (Figure D.1), more training (Figure D.2), and more benchmarks (Figure D.3).
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Table D.6: SDPO versus GRPO performance (Acc@8) continually trained. SDPOy and SDPOxg;
denote SDPO with teacher EMA 0 and 5%, respectively. SDPOS°T denotes SDPO, with CoT dis-
tilled. SDPO};” denotes SDPOj¢; randomly masked out 25% tokens. S-SDPO, denotes SDPO
with restart-and-freeze teacher strategy (y = 1).

MATH SCIENCE ToOOLUSE CODING LoGgic KNow. Avg

Trainedon ~ AIME Math500 SCIENCE GPQA TOOLUSE BFCLv4 CODING LCBv6 ZLogic MMLU-R
Qwen3-4B-Thinking-2507
- 3271 73.85 50.54 62.94 4890 76.25 56.39 46.73 81.62 86.02 61.60
. MATH 44.67 76.84 51.33 62.83 5048 78.33 60.73 52.93 80.82 85.74 64.47

8 . SCIENCE 54.88 78.28 5639 6423 52.06 76.67 60.06 50.17 88.23 8791 66.89
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Figure D.1: Parameter drift (y-axis) against training steps (x-axis), with metrics averaged across all
layers with a 95% confidence interval. (a-f) MATH training. (g-1) continual training.

26



g = 8 8 — 3 ooes
£ -t g £ -6 g
4| ] ) ]
H H H S r— H
-0 e e — -3.0
H —— H H ' H
! —— L f |, |
H Z H Z
g -88 £ 2 £ -7
H H H B
= 2 = 2

6%

—8—GRPO —#—SDPO; —+—SDPOs;, —4—SDPOS"

(a) SCIENCE MLP Down

‘4__4,:;;‘

- 6005

Nss

-3.005

e

—8—GRPO —#—SDPO; —+—SDPOsy;, —4— SDPOS""

(b) SCIENCE MLP Up

NSs

6%

—8—GRPO —#—SDPO; —+—SDPOs;, —4—SDPOS"

(c) SCIENCE MLP Gate

Nss

e

—8—GRPO —#—SDPO; —+—SDPOsy;, —4— SDPOS""

(d) SCIENCE Self-Attn Qs

- 6des

NSs

-0s

Max PA
)\

Max PA

- 2505

E 5 - 6005
-~ 4505
-3

Max PA

Max PA

PMupdate PM overlap

PMupdate PM overlap

PMupdate PM overlap

PMupdate PM overlap

e

—#— GRPO —#—SDPO, —#—SDPO;y —a—SDPOS*"

(e) SCIENCE Self-Attn K's

- 6.005

Nss

e
—#—GRPO —#—SDPO; —+—SDPO;; —k—SDPOS""

)
™

—8—GRPO —#—SDPO; —+— SDPOs;, ——SDPOS""

(f) SCIENCE Self-Attn V's (g) SCIENCE Self-Attn Os

NSS

-5605

- 4805

C
—8— GRPO —#—SDPO; ——SDPOs —a—SDPOGT

(h) ToOoLUSE MLP Down

/ s

NSS

Max PA|

Max PA

Max PA

2505
02

~T00.0

Max PA

PMupdate PM overlap

PMupdate PM overlap

PMupdate PM overlap

PMupdate PM overlap

/é‘gﬁ

————e———e——8 _,

e

—#—GRPO —#—SDPOy —+— SDPO5; —4—SDPOS"™

(i) TOOLUSE MLP Up

- 4505
- 3005

Ns$

e
—8—GRPO —#—SDPO; —+—SDPO;; —4— SDPOST

o™
—@—GRPO ~#—SDPO, —4—SDPOy; —4—SDPO{*T

€™
—#—GRPO —#—SDPO; —+—SDPO;; —4— SDPOST

(j) TOOLUSE MLP Gate (k) TOOLUSE Self-Attn Qs(l) TOOLUSE Self-Attn K's

NSs

g
£ . ,
g = ~900.0
2 = -995 s -
Z £ —
~, £ iy
g z ——
z i
)
e z -7

——GRPO ~#—SDPO; —+—SDPOsy; —4—SDPOS""

o
0
—8—GRPO —#—SDPO; —+—SDPOsy;, —4— SDPOS""

(m) TOOLUSE Self-Attn

Vs (n) TOOLUSE Self-Attn Os

Figure D.2: Parameter drift (y-axis) against SCIENCE or TOOLUSE training steps (z-axis, t =
10,20, ..., 50), with metrics averaged across all layers with a 95% confidence interval.

27



10()-|

90
[0 GRPO [ SDPOq [0 GRPO [ SDPOq

(a) Math500 during MATH training. (b) Math500 during continual learning.

[0 GRPO [ SDPOg [0 GRPO [ SDPOg

(c) GPQA during MATH training. (d) GPQA during continual learning.

IOO-I \

90

[ GRPO [ SDPO,

[ GRPO [1 SDPO,

() MMLU-R during MATH training. (f) MMLU-R during continual learning.
Figure D.3: Cosine similarity (%) of rollout(@8) embeddings before and after GRPO (in blue)
versus SDPO, (in orange) training. For MATH training, x-axis denote checkpoints at steps k =

10, 20, ..., 50 from left to right; for continual learning, x-axis denote checkpoints after tasks MATH,
SCIENCE, TOOLUSE, and CODING from left to right.

28



E GENERATION SAMPLES

FEELELEY EEEELL

FEELL

—
—

—

—
—

FELELL

This is a complex or challenging question, and it is difficult to provide a direct and correct answer. I
need to think about it.\nWell, let's tackle this problem step by step. So, first, let's make sure I
understand what's given and what's being asked. Aya does a 9 km walk every morning, but wait, hold
on\u20l4wait, no, wait: "a 9-kilometer-long walk"\u20l4does that mean the walk itself is 9 km, not
including the coffee shop? Wait, the problem says "the walk takes her 4 hours, including t minutes
spent in the coffee shop." Hmm, okay, so the "walk" here is the time from when she starts walking
until she gets to the coffee shop? Wait, no, maybe better to parse the problem carefully.

"Every morning Aya goes for a 9-kilometer-long walk and stops at a coffee shop afterwards." So, the walk

"When she walks at a constant speed of s kilometers per hour, the walk takes her 4 hours, including t

Let's define:

Let\u2019s let the time she spends walking (i.e., the time actually moving) be W hours, and the time spent

Wait, let's try to set up equations based on the two scenarios.

First scenario: speed = s km/h, total time (walk + coffee shop) = 4 hours, which includes t minutes at

< coffee shop. Wait, but hold on\u2014if the walk is 9 km long, then the walking time should be distance
— over speed, right? So maybe the "walk" here is the 9 km, so the time she spends walking (moving) is
< 9/s hours, and then she spends t minutes at the coffee shop, so total time from start to finish

<+ (including coffee shop) is (9/s) + (t/60) hours. The problem says "the walk takes her 4 hours,

< including t minutes spent in the coffee shop." Wait, maybe the problem is using "walk" to mean the
< entire trip? Like, "the walk" is the activity from when she starts walking until she stops at the

< coffee shop, so the duration of that activity is 4 hours, which consists of the time walking (9 km)
< plus time at coffee shop (t minutes). That might be the right interpretation.

Yes, that makes sense. So "the walk takes her 4 hours"\u20l4the entire walk activity (which includes

< walking the 9 km and then stopping at coffee shop) takes 4 hours total, with t minutes of that time
<> spent at the coffee shop. So the rest of the time (4 hours minus t minutes) is spent actually walking
<~ the 9 km.

Similarly, second scenario: speed = s + 2 km/h, total walk activity time = 2 hours 24 minutes, which

< includes t minutes at coffee shop, so walking time is 2h24m - t minutes.

Okay, that seems to be the key interpretation. Let's formalize this.

Let me convert all times to hours to make the equations easier, or maybe keep t in minutes and convert the

First scenario:

Total time (including coffee shop) = 4 hours = 240 minutes.

Time spent at coffee shop = t minutes = t/60 hours.

Therefore, time spent walking = total time - coffee shop time = 240 - t minutes = (240 - t)/60 hours.
But she walks 9 km at speed s km/h, so walking time = 9 / s hours.

Therefore, we have equation 1: 9 / s = (240 - t)/60.

Second scenario:

Total time (including coffee shop) = 2 hours 24 minutes = 2 + 24/60 = 2.4 hours = 144 minutes.

Time spent at coffee shop = still t minutes (the problem says "including t minutes spent in the coffee

Therefore, time spent walking = total time - coffee shop time = 144 - t minutes = (144 - t)/60 hours.
She walks 9 km at speed s + 2 km/h, so walking time = 9 / (s + 2) hours.
Therefore, equation 2: 9 / (s + 2) = (144 - t)/60.

Okay, great! So now we have two equations with two variables: s (km/h) and t (minutes). We need to solve

is 9 km long, then she stops at a coffee shop (so the coffee shop is the endpoint of the walk? Maybe
the walk is the 9 km journey to the coffee shop, and then she spends t minutes there? Wait, but the
problem says "the walk takes her 4 hours, including t minutes spent in the coffee shop." Wait, that's
confusing. If the walk is the 9 km, then why is the time including time spent in the coffee shop?
Maybe the problem is using "walk" to mean the entire activity? Wait, no, let's check the problem
statement again:

minutes spent in the coffee shop." Oh! Wait, maybe "the walk" here is a misnomer, but actually, the
total time from when she starts walking until she finishes at the coffee shop (i.e., the time to walk
the 9 km plus the time she spends at the coffee shop) is 4 hours? Wait, but the problem says "the walk
takes her 4 hours, including t minutes spent in the coffee shop." Hmm, maybe the problem is translated
or phrased a bit awkwardly, but let's think in terms of variables.

at the coffee shop be T hours? Wait, no, the problem says t minutes, so maybe better to use minutes
for the coffee shop time to avoid decimals, but maybe keep it in hours first.

total times to minutes? Let's see. Let's try hours first, then convert t to hours.

shop" in both cases, so t is the same in both scenarios\u20l4she spends t minutes at coffee shop
regardless of walking speed, which is good, that's a constant we need to find or relate).

for s and t, then find the total time when speed is s + 1/2 km/h, which would be (walking time) + t
minutes, so total time in minutes is (9 / (s + 1/2) % 60) + t, right? Wait, let's confirm: walking
time at speed s + 1/2 is 9 / (s + 1/2) hours, which is 60%x(9 / (s + 1/2)) minutes, then add t minutes
for coffee shop, so total time in minutes is 540 / (s + 1/2) + t. Maybe better to keep everything in
minutes to avoid confusion later.
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Let's write equations 1 and 2 again, but let's multiply both sides by 60 to eliminate denominators, that
< might make it cleaner.

Equation 1: 9 / s = (240 - t)/60 \u2ld2 multiply both sides by 60s: 540 = s(240 - t) \u2ld2 540 = 240s -
< st. Let's call this Eql.

Equation 2: 9 / (s + 2) = (144 - t)/60 \u21d2 multiply both sides by 60(s + 2): 540 = (s + 2) (144 - t).
< Let's call this Eqg2.

Okay, now we have two linear equations in terms of s and t? Wait, no, actually, Eql and Eg2 are both
< linear in s and t, yes! Let's check:

Eql: 240s - st = 540 \u2ld2 s(240 - t) = 540

Eg2: (s + 2) (144 - t) = 540

Oh, nice! Both equal 540, so we can set them equal to each other to eliminate the 540.
So, s(240 - t) = (s + 2) (144 - t)

Let's expand the right-hand side: s (144 - t) + 2(144 - t) = 144s - st + 288 - 2t
Left-hand side: 240s - st

So set equal: 240s - st = 144s - st + 288 - 2t

Wait, look, we can subtract (-st) from both sides? Wait, let's subtract 144s - st from both sides to
— simplify.

Left side minus (144s - st) = (240s - st) - 144s + st = 96s
Right side minus (144s - st) = (144s - st + 288 - 2t) - 144s + st = 288 - 2t
So we get 96s = 288 - 2t

Oh, that's a nice simplification! The st terms canceled out, which is good, we didn't want to deal with
<+ quadratic equations. Let's write that as:

96s = 288 - 2t \u2ld2 let's divide both sides by 2 to simplify: 48s = 144 - t \u2ld2 t = 144 - 48s. Let's
< call this Eqg3.

Okay, great, now we can plug Eg3 into one of the original equations to solve for s. Let's pick Eql: s (240
— - t) = 540.

First, compute 240 - t using Eqg3: 240 - (144 - 48s) = 240 - 144 + 48s = 96 + 48s.
So Eql becomes: s(96 + 48s) = 540.

Wait, hold on: is that right? Wait, Eql was s(240 - t) = 540, yes, and we found 240 - t = 96 + 48s, so
— yes, s%(96 + 48s) = 540.

Let's write that as 48s\u00b2 + 96s - 540 = 0. Maybe we can simplify this equation by dividing all terms
— Dby 24? Let's see: 48/24=2, 96/24=4, 540/24=22.5, which is not integer. Divide by 12: 4s\u00b2 + 8s -
— 45 = 0. Wait, 48\u00f712=4, 96\u00£712=8, 540\u00£712=45, yes! Perfect, that's integer coefficients.

So 4s\u00b2 + 8s - 45 = 0. Now let's solve for s using quadratic formula.
Quadratic in standard form: as\u0Ob2 + bs + c = 0, solutions s = [-b \u0O0bl \u22la(b\u00b2 - 4ac)]/(2a)
Here, a=4, b=8, c=-45.

Discriminant D = b\uO0b2 - 4ac = 64 — 4%4x(-45) = 64 + 720 = 784. Oh, nice, 784 is a perfect square!
— \u221a784 = 28.

So s = [-8 \uOObl 28]/(8). Now, speed can't be negative, so we take the positive root: (-8 + 28)/8 = 20/8
<« = 5/2 = 2.5 km/h? Wait, hold on, wait: 20 divided by 8 is 2.5, yes, that's 2.5 km/h. Wait, but let's
< check if that makes sense with the times.

Wait, but hold on, let's make sure we didn't make a mistake in setting up the equations, because if s is
< 2.5 km/h, then walking time for 9 km is 9 / 2.5 = 3.6 hours = 216 minutes, so total time including

< coffee shop is 216 + t minutes = 4 hours = 240 minutes, so t = 24 minutes. Let's check the second

< scenario: speed s + 2 = 4.5 km/h, walking time = 9 / 4.5 = 2 hours = 120 minutes, total time including
< coffee shop is 120 + t = 120 + 24 = 144 minutes = 2 hours 24 minutes, which matches the problem

< statement! Oh, that's perfect! So that checks out.

Wait, so why did I doubt? Let's go through the algebra again to make sure I didn't skip a step wrong.

We had Eql: s(240 - t) = 540 (from 9/s = (240 - t)/60 \u2ld2 9+60 = s(240 - t) \u2ld2 540 = s(240 - t),
<~ yes, that's correct, 9%60 is 540, right).

Eq2: (s + 2) (144 - t) = 540, same way: 9/(s+2) = (144 - t)/60 \u2ld2 9x60 = (s+2) (144 - t) \u2ld2 540 =
— (s+2) (144 - t), correct.

Set equal: s(240 - t) = (s + 2) (144 - t). Expanded RHS: s(144 - t) + 2(144 - t) = 144s - st + 288 - 2t.
< LHS: 240s - st. Subtract 144s - st from both sides: 96s = 288 - 2t \u2ld2 48s = 144 - t \u2ld2 t = 144
—> - 48s, correct.

Then plug into Eqgl: s (240 - (144 - 48s)) = s(96 + 48s) = 540 \u21d2 48s\u00b2 + 96s - 540 = 0 \u2ld2
< divide by 12: 4s\u00b2 + 8s - 45 = 0, correct.

Quadratic formula: s = [-8 \u0Obl \u22la(64 + 720)]1/8 = [-8 \u0Obl \u221a784]/8 = [-8 \uOObl 28]/8.

<> Positive solution: 20/8 = 2.5, yes, 2.5 km/h. Then t = 144 - 48s = 144 - 48x%(2.5) = 144 - 120 = 24

< minutes. Perfect, matches the check we did earlier.
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Wait, so in the check, when s=2.5, walking time is 9/2.5=3.6 hours=216 minutes, total time=216 +24=240
< minutes=4 hours, correct. Second scenario: s+2=4.5, walking time=9/4.5=2 hours=120 minutes, total
— time=120+24=144 minutes=2h24m, correct. So all checks out.

Now, the problem asks: Suppose Aya walks at s + 1/2 kilometers per hour. Find the number of minutes the
< walk takes her, including the t minutes spent in the coffee shop.

So first, s + 1/2 = 2.5 + 0.5 = 3 km/h. Wait, that's nice! 2.5 is 5/2, so 5/2 + 1/2 = 6/2 = 3 km/h. Good,
<> so speed is 3 km/h.

Now, walking time at 3 km/h for 9 km: 9 / 3 = 3 hours. Then add t minutes for coffee shop, which we found
— t=24 minutes.

Wait, hold on! Wait, the problem says "the number of minutes the walk takes her, including the t minutes
— spent in the coffee shop." So total time in minutes is (walking time in hours = 60) + t.

Walking time at 3 km/h: 9 km / 3 km/h = 3 hours = 180 minutes. Then add t=24 minutes, so total time=180
— +24=204 minutes.

Wait, is that it? Let me make sure we didn't misinterpret "the walk takes her...". Wait, in the problem
< statement, when she walks at s km/h, the walk takes 4 hours including t minutes at coffee shop. So in
< our interpretation, "the walk" (the activity) takes total time = walking time + coffee time. So yes,
< for the new speed, it's walking time (at s+1/2) + t minutes, which is what we did.

But let's just go through the problem statement again to be 100% sure we didn't flip something.

"Every morning Aya goes for a 9-kilometer-long walk and stops at a coffee shop afterwards." So the walk is
< 9 km, then she stops at coffee shop (so coffee shop is after the walk? Wait, maybe that's the

< confusion! Maybe "the walk" is 9 km, then she goes to coffee shop, so the time to walk the 9 km is

<> separate from the time at coffee shop, and the problem says "the walk takes her 4 hours, including t
< minutes spent in the coffee shop"\u20l4wait, that would be odd, because if the walk is the 9 km, it
< shouldn't include coffee shop time. Wait, but in our check, it worked out perfectly, so maybe the

< problem statement is a bit poorly worded, but the math checks out with the interpretation that total
< time from start of walk (when she begins walking) until she finishes at coffee shop is 4 hours (which
< includes the time she's walking the 9 km plus time at coffee shop) .

Wait, another way: suppose "the walk" refers to the 9 km journey, so time to walk 9 km is some time, then
<— she spends t minutes at coffee shop, so total time from when she starts walking until she leaves

— coffee shop is (walking time) + t minutes. The problem says "the walk takes her 4 hours, including t
< minutes spent in the coffee shop"\u20l4maybe "takes her" is the duration of the entire activity

<~ (walking + coffee), so yes, that's how we took it, and the check worked, so probably that's the right
< interpretation.

Let's see, if we had misinterpreted and thought that the coffee shop time is part of the walk time, but
< no, the problem says "including t minutes spent in the coffee shop", so the t minutes are added to the
< walk time to get the total time.

Wait, in our check, with s=2.5 km/h, walking time (just walking) is 3.6 hours=216 minutes, total time with
<> coffee is 240 minutes, so t=24 minutes. Second scenario: walking time 2 hours=120 minutes, total time
<> 144 minutes, so t=24 minutes, same t, which the problem states, so that's consistent.

So when speed is 3 km/h, walking time is 9/3=3 hours=180 minutes, total time=180 +24=204 minutes.

Wait, but let's try to do it without plugging in numbers early, to verify.

We had s=2.5, t=24, so s + 1/2=3, walking time=9/3=3 hours=180 min, total=180+24=204.

Alternatively, let's see if we can find the total time without finding s and t individually, maybe as a
<> check.

Let\u2019s denote for a given speed v (km/h), walking time is 9/v hours, total time T(v) = 9/v + t/60
< hours (since t minutes is t/60 hours).

In first case, v=s, T(s)=4 hours \u2ld2 9/s + t/60 = 4 \u2ld2 9/s = 4 - t/60 \u2l1d2 which is what we had
< (since 4 - t/60 = (240 - t)/60 hours).

Second case, v=st2, T(s+2)=2 + 24/60=2.4 hours \u21d2 9/(s+2) + t/60=2.4 \u2ld2 9/ (s+2)=2.4 - t/60=(144 -
<~ t)/60, same as before.

So we can write the two equations as:

9/s = 4 - t/60 ...(la)

9/(s+2) = 2.4 - £/60 ... (2a)

Let\u2019s let u = t/60, so u is time in hours at coffee shop. Then equations become:
9/s =4 - u ... (lb)

9/(s+2) = 2.4 - u ...(2b)

Now, subtract equation (2b) from equation (1b):

9/s - 9/(s+2) = (4 —u) - (2.4 —u) = 1.6

Simplify left side: 9[ (s+2 - s)/(s(s+2)) 1 = 9[2/(s(s+2))] = 18/ (s(s+2))
So 18/(s(s+2)) = 1.6 = 8/5 (converting 1.6 to fraction: 8/5)

Therefore, s(s+2) = 18 % (5/8) = 90/8 = 45/4 = 11.25

Wait, s(s+2)=45/4 \u2ld2 s\u00b2 + 2s - 45/4=0 \u21d2 multiply by 4: 4s\u00b2 +8s -45=0, which is exactly
< the quadratic we had earlier! Good, so that's a good consistency check.
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Then from (lb): u=4 - 9/s. We know s=2.5=5/2, so 9/s=9/(5/2)=18/5=3.6, so u=4 - 3.6=0.4 hours=24 minutes,
=  COEEREE.

Now, for speed v=s + 1/2=5/2 +1/2=3 km/h, total time T(v)=9/v + u=9/3 + 0.4=3 + 0.4=3.4 hours. Convert to
< minutes: 3.4%x60=204 minutes. Perfect, same answer.

So that's reassuring. The key was setting up the equations correctly, which we verified with two methods
— and a check, so the total time is 204 minutes.

Wait, just to make sure there isn't a trick in the problem statement: "the walk takes her 4 hours,
including t minutes spent in the coffee shop". Does "the walk" refer to the coffee shop trip? No, the
coffee shop is where she stops after the walk, so the walk is the 9 km, then coffee shop is separate.
But the problem says the time for the walk (activity) includes coffee shop time, which is a bit
confusing, but since the math checks out with the problem's given times (4 hours total with t minutes
2h24m total with t minutes), and we found consistent t, it's probably the right interpretation.

EEELS

Another possible misinterpretation: maybe t minutes is the time she spends walking? But no, the problem
< says "t minutes spent in the coffee shop", so t is coffee time.

Wait, let's suppose for a second that we misread and thought the 9 km is the time or something, but no, it
< says "9-kilometer-long walk", so distance is 9 km.

Wait, let's see if the problem says "the walk takes her 4 hours"\u2014if "the walk" is the 9 km, then

< walking time is 4 hours, but then she spends t minutes at coffee shop, so total time is 4h + t min,

< but the problem says "the walk takes her 4 hours, including t minutes...", so "including" implies that
< the t minutes are part of the 4 hours, so the walk's duration is 4 hours, which comprises walking and
<> coffee time. So yes, our original interpretation is correct.

I think the key was not overcomplicating it and setting up the equations with total time = walking time +
< coffee time, which gave us two equations that simplified nicely, and the check confirmed the values of
< s and t, so we didn't have to worry about extraneous solutions or wrong interpretations.

So to recap:

- Found s=2.5 km/h, t=24 minutes via equations, verified with time calculations.

- New speed: 2.5 + 0.5=3 km/h.

- Walking time for 9 km at 3 km/h: 3 hours=180 minutes.

- Total time including coffee: 180 +24=204 minutes.

All steps check out, multiple methods confirm the answer. I think that's solid.

I think sometimes when problems say "the walk takes X time including Y time", it's easy to get confused
< about what's included, but by testing with the numbers we got (which matched the problem's time

< descriptions), we could be confident in the setup.

Just to write the final answer clearly: 204 minutes.

«*Final Answerxx\n\boxed{204}\n</think>

We are given that Aya walks a *x*9-kilometer-long walkxx and stops at a coffee shop after. The problem
—> states:

- When she walks at a constant speed of $ s $ km/h, the *xtotal timexx (including $ t $ minutes spent in
<> the coffee shop) is x*4 hours**.\n- When she walks at $ s + 2 $ km/h, the xxtotal timex* (including $

< t $ minutes at the coffee shop) is **2 hours and 24 minutesxx.

We are to find how many **minutes++ the walk takes her when she walks at $ s + \frac{1l}{2} $ km/h,
< including the $ t $ minutes spent at the coffee shop.

### Step 1: Convert all times into minutes for consistency

Let\u2019s define:\n- Total time in minutes for first scenario: $ 4 \times 60 = 240 $ minutes\n- Total
< time in minutes for second scenario: $ 2 \times 60 + 24 = 144 $ minutes

Let:\n- $ t $ be the number of minutes spent at the coffee shop (same in both scenarios)\n- Then the
< +xwalking timexx in each case is:\n - First scenario: $ 240 - t $ minutes\n - Second scenario: $ 144
< - t $ minutes

Since she walks 9 km in each case, we can write equations based on speed and time:

$$\n\text {Speed} = \frac{\text{Distance}}{\text{Time}} \Rightarrow \text{Time} =
— \frac{\text{Distance}}{\text{Speed}}\n$s$

So for the first scenario:
$$\n\frac{9}{s} = \frac{240 - t}{60}\n\quad \Rightarrow \quad 540 = s (240 - t) \tag{1l}\n$$
For the second scenario:

$$\n\frac{9}{s + 2} = \frac{l44 - t}{60}\n\quad \Rightarrow \quad 540 = (s + 2) (144 - t) \tag{2}\n$s$

### Step 2: Solve the system of equations
From (1): \n$$\ns(240 - t) = 540\n$$

From (2): \n$$\n(s + 2) (144 - t) = 540\n$$
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Set them equal:

$$\ns (240 - t) (s + 2) (144 - t)\n$$

Expand both sides:

Left: $ 240s - st $

Right: $ s(144 - t) + 2(144 - t) = 1l44s - st + 288 - 2t §

Subtract $ 144s - st $ from both sides:

$$\n9%6s = 288 - 2t\n\quad \Rightarrow \quad 48s = 144 - t\n\quad \Rightarrow \quad t = 144 - 48s

—  \tag{3}\n$s$

Now plug (3) into equation (1):

$$\ns (240 - (144 - 48s)) = 540\n\quad \Rightarrow \quad s (96 + 48s) = 540\n\quad \Rightarrow \quad 48s"2 +
— 96s - 540 = 0\n$$

Divide by 12:

$$\n4s”2 + 8s - 45 0\n$$

Use quadratic formula:

$s\ns = \frac{-8 \pm \sqrt{64 + 720}}{8} = \frac{-8 \pm \sqrt{784}}{8} = \frac{-8 \pm 28}{8}\n$s

Take positive root:

$$\ns = \frac{20}{8} = 2.5 \text{ km/h}\n$$

Now compute $ t $ using (3):

$$\nt 144 - 48 \cdot 2.5 144 - 120 24 \text{ minutes}\n$$

### Step 3: Compute total time at new speed

New speed: $ s + \frac{l}{2} Zod a8 e 3 $ km/h

Walking time for 9 km:

$$\n\frac{9}{3} 3 \text{ hours} 180 \text{ minutes}\n$s

Add coffee shop time $ t 24 $ minutes:

$$\n\text {Total time} 180 + 24 = \boxed{204} text{ minutes}\n$$

### Final Answer

$$\n\boxed{204}\ns$$

OLUSE Qwen3-4B-Thinking-2507 Generatio

Okay, the user is asking for a random picture of an axolotl. Let me check the available tools.

First, there's the Axolotl tool with two main functions: getRandomAxolotlImage and searchAxolotlImages.

<> Since the user wants a random picture, the getRandomAxolotlImage tool seems perfect here. The search
<% tool requires parameters like color, gender, size, which the user didn't specify, so that's not

< needed.

The getRandomAxolotlImage has no parameters, so the Action Input should be an empty JSON object. I need to
< make sure the response is in the correct JSON format as per the documentation. The output should be an
<> object with url, source, and description.

I should call getRandomAxolotlImage with no parameters.

Let me structure the Action correctly. The user

< didn't mention any specific criteria,
</think>

Thought: The user is asking for a random
— getRandomAxolotlImage,

Action: getRandomAxolotlImage
Action Input: {}

so no need for the search tool.

picture of an axolotl.

which requires no parameters.

Just use the random one.

The appropriate tool for this is
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