Extended Abstract

Motivation On-policy distillation (OPD) has emerged as an effective approach for transferring
capabilities from specialized teacher language models to smaller student models. Recent advances
such as G-OPD further improve distillation by extrapolating beyond the teacher rather than merely
imitating it. However, existing OPD methods rely exclusively on feedback from teachers that are
aligned with the target task and largely ignore signals from other available teachers. In practice,
specialized teachers often exhibit strong domain-specific biases: a teacher that performs well on
one task may perform poorly on unrelated tasks. We hypothesize that such misaligned teachers can
provide useful negative feedback by revealing behaviors that should be discouraged for the target
task.

Method We propose Teacher-Contrastive On-Policy Distillation (TC-OPD), a multi-teacher ex-
tension of OPD that incorporates both expert and anti-expert feedback. Building on the teacher
extrapolation framework of G-OPD, our method simultaneously extrapolates toward an aligned expert
teacher and away from a misaligned anti-expert teacher. Intuitively, the expert teacher provides
positive learning signals describing what the student should do, while the anti-expert provides con-
trastive signals describing what the student should avoid. This enables the student to exploit teacher
information that is discarded by existing expert-only approaches.

Implementation We implement TC-OPD by extending the G-OPD framework with an additional
teacher model. During training, we collect student rollouts and evaluate them under both the expert
and anti-expert teachers. The resulting teacher scores are combined through a teacher-contrastive
extrapolation objective. To isolate the effect of contrastive feedback, we consider a controlled single-
task setting where mathematical reasoning is the target task, a math-specialized model serves as
the expert teacher, and a coding-specialized model serves as the anti-expert. All experiments are
implemented using the verl framework on 8 NVIDIA A100 GPUs.

Results We evaluate TC-OPD on the AIME24 and AIME25 mathematical reasoning benchmarks.
Compared with standard G-OPD, moderate anti-expert extrapolation improves final performance
and achieves the best result on AIME24. We additionally observe faster learning during training,
indicating that teacher-contrastive feedback can improve optimization efficiency. Interestingly, overly
aggressive anti-expert extrapolation degrades performance, suggesting that the signals provided by
the expert and anti-expert must be balanced carefully.

Our qualitative analysis shows that the coding anti-expert exhibits reasoning patterns that differ
substantially from those of the mathematical expert, supporting the hypothesis that specialization
induces domain-specific preferences. Consistent with this observation, TC-OPD encourages the
student to move away from the verbose reasoning style exhibited by the coding anti-expert. This
provides evidence that anti-expert feedback can shape not only task performance but also the reasoning
behavior learned by the student.

Discussion Our experiments focus on a controlled single-task distillation setting. An important
direction for future work is to evaluate TC-OPD in multi-task settings, where the student must
simultaneously acquire capabilities from multiple specialized teachers. In such settings, knowledge
interference and catastrophic forgetting become important concerns, and it remains unclear whether
teacher-contrastive feedback alleviates or exacerbates these effects. Understanding this trade-off is an
interesting direction for future research.

In addition, while TC-OPD incurs only a modest runtime overhead, its memory consumption grows
with the number of teachers. Future work could explore distributed implementations that shard
teachers across GPUs, reducing the memory overhead of multi-teacher distillation.

Conclusion We demonstrated that such feedback can be transformed into useful learning signals
through teacher-contrastive extrapolation. By simultaneously extrapolating toward expert teachers and
away from anti-experts, TC-OPD extends the teacher extrapolation framework beyond expert-only
supervision. Our results suggest that teacher-contrastive distillation is a promising direction for multi-
teacher post-training and motivate future work on multi-task distillation and scalable multi-teacher
training systems.
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Abstract

On-policy distillation (OPD) transfers capabilities from specialized teacher lan-
guage models to smaller student models by training on student-generated trajecto-
ries with teacher feedback. Recent work has shown that teacher extrapolation can
further improve distillation by amplifying teacher-preferred behaviors. However,
existing methods rely exclusively on expert-aligned feedback and ignore potentially
useful information from other available teachers. In this work, we propose Teacher-
Contrastive On-Policy Distillation (TC-OPD), a multi-teacher extension of OPD
that simultaneously extrapolates toward an aligned expert teacher and away from a
misaligned anti-expert teacher. We evaluate TC-OPD on mathematical reasoning
tasks using a math teacher as the expert and a coding teacher as the anti-expert.
Experimental results show that moderate anti-expert extrapolation improves perfor-
mance and learning efficiency over standard G-OPD while introducing only modest
computational overhead. These findings suggest that feedback from misaligned
teachers can provide useful learning signals and highlight teacher-contrastive distil-
lation as a promising direction for multi-teacher post-training.

1 Introduction

Post-training has become a critical component of modern large language models (LLMs), enabling
strong capabilities in reasoning, instruction following, and other specialized tasks. Among recent post-
training techniques, On-Policy Distillation (OPD) (Lu and Labl|2025) has emerged as an effective
approach for transferring capabilities from a large specialized teacher to a smaller student model.
Unlike supervised fine-tuning (SFT), which trains the student on teacher-generated trajectories, OPD
trains on the student’s own trajectories and uses the teacher to provide corrective feedback. This
approach improves distillation efficiency and stability and has become an increasingly important
component of modern post-training pipelines (Yang et al., 2025b; [DeepSeek-AlL 2026)).

Existing OPD methods primarily focus on distillation from a single teacher. More recently, multi-
teacher distillation has been explored, where multiple specialized teachers provide feedback on their
corresponding domains. In practice, these approaches (Yang et al.,2025b; |[DeepSeek-All 2026; |Yang
et al., [2026) use only expert-aligned feedback and largely ignore feedback from teachers that is
misaligned with the current task (Figure[I). However, such feedback is both inexpensive to obtain
and potentially informative. Due to specialization, a teacher that performs well in one domain often
performs worse in unrelated domains. Consequently, its preferences may reveal behaviors that should
be discouraged for the target task, allowing it to serve as an informative anti-expert that provides
negative learning signals. Furthermore, these signals are inexpensive to acquire in practice, since
scoring responses can be performed in parallel, whereas rollout generation is sequential and typically
dominates the cost of OPD.

Motivated by this observation, we propose TC-OPD (Teacher-Contrastive On-Policy Distillation),
a multi-teacher extension of OPD that incorporates both expert and anti-expert feedback. Building
on the teacher extrapolation framework of G-OPD (Yang et al.,|2026), our method simultaneously
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Figure 1: Compare Expert-Aligned Feedbak in the single tearcher distillation settig and Teacher-
Contrastive Feedback in the multi-teacher distillation setting.

extrapolates toward an aligned expert teacher and away from a misaligned anti-expert teacher. This
allows the student to leverage teacher-contrastive signals that are discarded by existing expert-only
approaches.

We evaluate TC-OPD in a controlled mathematical reasoning setting using a math teacher as the
expert and a coding teacher as the anti-expert. Experimental results show that moderate anti-expert
extrapolation improves both final performance and learning efficiency over standard G-OPD, while
introducing only a modest computational overhead. These findings suggest that feedback from
misaligned teachers can provide useful learning signals and that teacher-contrastive distillation is a
promising direction for multi-teacher post-training.

2 Related Work

On-policy distillation. On-policy distillation (OPD) (Lu and Lab} 2025) has emerged as an effective
approach for transferring knowledge from a specialized teacher language model to a small, non-
specialized student model. It is increasingly used in post-training pipelines for modern language
models (Yang et al.| 2025bj DeepSeek-AlL [2026). Unlike traditional supervised fine-tuning (SFT),
which trains the student on full teacher-generated trajectories, OPD conditions training on the
student’s self-generated trajectories and uses the teacher to provide correction signals. This shifts
the training distribution from the teacher’s behavior to the student’s own behavior, which makes the
student more robust to compounding error. Conceptually, this distinction resembles the difference
between behavior cloning and DAgger (Ross et al.,2011) in imitation learning.

Teacher-extrapolated on-policy distillation. Generalized On-Policy Distillation (G-OPD) (Yang
et al.| 2026)) extends vanilla OPD by allowing the student to extrapolate beyond the teacher. Specif-
ically, G-OPD replaces the original teacher distillation target with a teacher-extrapolated Product-
of-Experts target constructed from the teacher and a reference model. This target amplifies teacher-
preferred behaviors, so the student is encouraged not only to match the teacher but also to move
further in the direction favored by the teacher. Our method builds directly on this extrapolation
framework and extends it to incorporate contrastive feedback from multiple teachers.

Multi-teacher Distillation. Recently, OPD has been extended to the multi-teacher setting, where each
teacher specializes in a different domain and the student is trained to acquire all of their capabilities
simultaneously. Prior approaches (Team et al., 2026} DeepSeek-Al, 20265 Yang et al., [2026]) typically
use each teacher only on its corresponding domain, which can be viewed as performing multiple
single-task OPD at the same time. Compared to our method, it failed to explore potentially useful
learning signals from feedback of misaligned teachers.

More complex approaches (Yuan et al 2020; |Yang et al.| 2025c) use routing or learned weighting
to route each input to the most relevant set of effective teachers. While these methods can combine
signals from different teachers, they rely on indirect signals derived from the input rather than directly
leveraging the information in teacher predictions. Furthermore, these approaches are often evaluated
on simple classification or prediction tasks, and it remains unclear how well they extend to open-ended
generation tasks.



3 Preliminaries

3.1 Problem Setup

Let 7, denote a base student language model and {7, } /-, denote a collection of specialized teacher
models. Each teacher is associated with a task domain Dy, such as mathematical reasoning or code
generation. Our goal is to transfer the specialized capabilities of the teacher models into the smaller
and more efficient student model.

3.2 On-Policy Distillation (OPD)

We briefly review On-Policy Distillation (OPD) (Lu and Lab)} 2025)), which serves as the foundation
of our method. Consider a prompt x ~ D, a response y, a reference policy Ty, and a trainable policy
mg. In KL-regularized, on-policy reinforcement learning, we want to maximize the objective:
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A well-known result shows that the optimal policy induced by reward r takes the form
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where Z(x) is a normalization constant.

OPD follows the same idea. Suppose instead that we are given a target teacher policy 7* and wish to
train the student to mimic it. By choosing the reward
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Therefore, OPD can be viewed as a form of on-policy reinforcement learning that implicitly minimizes
the reverse KL divergence between the student and teacher distributions.

A key feature of OPD is that the expectation is taken over responses sampled from the current student
policy, i.e., y ~ mg(-|x). Consequently, the teacher is queried on trajectories that are actually visited
by the student during training. This contrasts with conventional supervised distillation, which only
matches the teacher distribution on trajectories sampled from the teacher itself.

OPD can also be viewed as a language-model instantiation of DAgger (Ross et al., [2011)), where
teacher feedback on student-generated trajectories helps reduce the compounding errors caused by
distribution shift.

3.3 Teacher-Extrapolated OPD

We next review Teacher-Extrapolated OPD, also known as Generalized OPD (G-OPD) (Yang et al.}
2026)), a single-teacher extension of OPD. While OPD trains the student to match the teacher
distribution, it is natural to ask whether the student can surpass the teacher by extrapolating its
behavior. To this end, G-OPD replaces the teacher policy 7¢ with an extrapolated target distribution
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where A controls the degree of extrapolation. When A = 1, the target reduces to the original teacher
policy and recovers OPD. When 0 < A < 1, the target interpolates between the reference and teacher
policies. When A\ > 1, the target extrapolates beyond the teacher by further amplifying behaviors



preferred by the teacher relative to the reference model, while actively suppressing behaviors preferred
by the reference model relative to the teacher.

Using the reward-tilted policy formulation in Equation (2)), the reward corresponding to this target
distribution is
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Substituting this reward into the KL-regularized RL objective yields
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4 Method

Teacher-Extrapolated OPD considers a single teacher and extrapolates its behavior relative to the
reference model. As a result, it relies exclusively on expert-aligned feedback and discards information
from other available teachers. In practice, however, we often have access to multiple specialized
teachers. For example, when distilling mathematical reasoning, we may have access not only to a
mathematics specialist but also to a coding specialist. While only the mathematics teacher is directly
aligned with the target task, the coding teacher may still provide useful information about behaviors
that should be discouraged.

This observation is motivated by the fact that specialization often comes with trade-offs. A teacher that
is highly optimized for one domain typically improves in that domain at the expense of performance
on unrelated domains. Consequently, a mismatched teacher can reveal behaviors that are less desirable
for the target task and therefore serve as an informative anti-expert. Rather than treating such teachers
as irrelevant, we propose to incorporate them as a source of teacher-contrastive feedback.

Motivated by the observation that teacher feedback can be either supportive or contradictory, we
assign each teacher an individual extrapolation coefficient that controls both the direction and strength
of extrapolation. We then define the target distribution as a product of teachers extrapolated to

different degrees:
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The sign of Ay controls the extrapolatlon dlrectlon of teacher k: positive coefficients amplify behaviors
preferred by teacher k, whereas negative coefficients suppress them. The magnitude of )\, determines
the strength of extrapolation. The factor 1/K normalizes the contribution of the teacher and ensures
that when K = 1, the formulation reduces to Teacher-Extrapolated OPD.

This formulation naturally allows different teachers to play different roles in the distillation process.
Teachers whose expertise aligns with the target task are treated as experts and assigned positive extrap-
olation coefficients, encouraging the student to move toward their preferred behaviors. Conversely,
teachers specialized in other domains are treated as anti-experts and assigned negative extrapolation
coefficients, discouraging behaviors they favor. For example, when distilling mathematical reasoning,
the mathematics teacher acts as an expert while the coding teacher acts as an anti-expert.

Using the reward-tilted policy formulation in Equation (2)) again, the reward corresponding to this
target distribution is
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Finally, substituting this reward function into the KL-regularized RL objective Equation (1)) yields
the Teacher-Contrastive OPD (TC-OPD) objective
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TC-OPD can be viewed as a strict generalization of Teacher-Extrapolated OPD. When K = 1, the
objective reduces to the single-teacher setting, whereas for K > 1 it allows feedback from multiple
specialized teachers to be integrated within a unified extrapolation framework.

5 Experimental Setup

As discussed in the previous sections, our experiments focus on a controlled single-task distillation
setting, where the teachers are specialized in different domains but distillation is performed on a single
target task. We chose this setting to isolate and better understand the effect of teacher-contrastive
feedback. The models we used are relatively small with limited capacity, so multi-task distillation may
introduce additional confounding factors such as knowledge interference and forgetting. Evaluating
on a single task, therefore, provides a cleaner and more interpretable testbed for analyzing the benefits
of TC-OPD.

The experiment setting we used is adapted from Yang et al.|(2026)), and the single task we focused on
is math reasoning. Specifically:

Training Datasets. Training Datasets. We use the filtered training datasets released by Yang et al.
(2026). For the math domain, they filter the DeepMath (He et al., |2025) dataset and retain 57K
samples with difficulty greater than or equal to 6. DeepMath contains challenging competition-level
mathematical reasoning problems spanning topics such as algebra, geometry, number theory, and
combinatorics. The problems are collected from mathematically verified human-created sources, such
as math forums and competition repositories, and are curated through a rigorous filtering pipeline.
The corresponding solutions and reasoning traces are generated by LLMs.

Student Model. We use the base Qwen3-4B model (Yang et al.|[2025a) as the student. Unlike
instruction-tuned or reasoning-enhanced variants, this model has not undergone additional supervised
fine-tuning and does not possess an explicit thinking mode. As a result, it provides a clean initialization
for subsequent RL training and distillation.

Teacher Models. We reuse the teacher models released by [Yang et al.| (2026)). Both teachers are
initialized from the same Qwen3-4B base model as our student and are subsequently trained with
reinforcement learning on domain-specific datasets with verifiable rewards. The math teacher is
trained with GRPO on DeepMath, which is also the dataset used for our distillation experiments. We
therefore designate it as the expert teacher, since its training domain aligns with our target task.

In addition, |Yang et al.|(2026)) trains a coding teacher on the Eurus-RL-Code dataset (Cui et al., 2025)),
which contains 25K coding problems with verifiable solutions. We use this model as the anti-expert
teacher. Intuitively, coding and mathematical reasoning require substantially different capabilities,
making the coding teacher a natural source of contrastive feedback for math distillation.

Training Settings. we use a binary reward function: a response receives a reward of 1 if its
final answer is correct and 0 otherwise. Building on this setup, we evaluate G-OPD under several
expert/anti-expert extrapolation configurations, (A., A,) € {(1.5,0.0), (1.5, —0.5), (1.5, —1.5)}. A,
denotes the extrapolation factor applied to the expert, and A\, denotes that applied to the anti-expert.
The configuration (1.5, 0.0) corresponds to the original G-OPD, which extrapolates only the expert
teacher. In all experiments, the reference model is fixed to the student’s initialization, namely the
base Qwen3-4B model. We run TC-OPD off-policy, with multiple gradient steps on a single sampple.
The imporatance weight is implemented as the simple token-level version.

Our implementation is built on the verl framework (Sheng et al.[2024), which provides efficient
multi-GPU training for large-scale RL. All experiments are conducted with BF16 precision on 8
NVIDIA A100 GPUs with a training batch size of 128 and a micro-batch size of 1 per GPU. During
rollout generation, we dynamically allocate samples until approximately 60% of GPU memory is
utilized. Each model is trained for 50 batches. Additional implementation details and hyperparameters
can be found in the training scripts provided in our codebase.

Evaluation. For mathematical reasoning evaluation, we consider two challenging competition-level
benchmarks: AIME24 (AI-MO| 2024) and AIME25 (OpenCompass} 2025)), each containing 30
questions with human-verified solutions. Across all evaluations, we use a sampling temperature of
1.0, top-p of 1.0, and a maximum generation length of 16,384 tokens. For each benchmark problem,
we generate 32 independent solutions and compute the average solution accuracy across samples



Table 1: TC-OPD’s and baselines’ performance at the end of training

Method AIME24  AIME25
Student 14.17 11.46
Expert 58.00 54.60
Anti-Expert 8.44 6.75
OPD (< TC-OPD with A, = 1.0, A\, = 0.0) 60.70 55.60
G-OPD (& TC-OPD with A\, = 1.5, A, = 0.0) 65.58 57.13
TC-OPD (A, = 1.5, A, = —0.5) 67.92 56.67
TC-OPD (A, = 1.5, A, = —1.5) 63.94 55.83

(mean@32). To determine answer correctness, we employ Math-Verif yﬂ a rule-based mathematical
answer verifier.

Baselinse. We compare TC-OPD against the untrained student base, the expert and anti-expert,
models trained with OPD and G-OPD.

6 Results

6.1 Quantitative Evaluation

Performance. Table|l|presents the main results on AIME24 and AIME25. As expected, the expert
teacher substantially outperforms the student, while the anti-expert performs even worse than the
student because it is specialized for a different domain. This confirms that the anti-expert provides a
meaningful source of negative feedback.

Comparing the distillation methods, vanilla OPD already recovers and slightly exceeds the expert
teacher’s performance in our setting. G-OPD further improves upon OPD by extrapolating beyond
the expert teacher, demonstrating that teacher extrapolation can transfer useful knowledge that is not
directly captured by faithful distillation alone.

Most importantly, TC-OPD matches or exceeds the performance of G-OPD. In particular, the
configuration with moderate anti-expert reverse-extrapolation, (A¢, Aq) = (1.5, —0.5), achieves the
best performance on AIME24 and remains competitive on AIME25. In contrast, a more aggressive
anti-expert penalty, (1.5, —1.5), degrades performance. These results suggest that negative feedback
from an anti-expert can provide useful learning signals when applied with an appropriate strength,
but excessive suppression may suppress learning useful for the target task.

Learning Efficiency. Beyond final performance, TC-OPD also improves learning efficiency. As
shown in Figure[2] the variant with moderate anti-expert extrapolation reaches strong performance
in fewer RL steps than G-OPD. This indicates that contrastive feedback not only improves the final
policy but can also accelerate the optimization process by providing additional guidance during
training.

Computational Cost. Incorporating additional teachers introduces only a modest computational
overhead. As shown in Table[2] TC-OPD increases total GPU hours by only 3.5% compared to
the single-teacher G-OPD baseline. This overhead remains small because teacher evaluation is
inexpensive relative to rollout generation, which dominates the overall training cost.

The primary cost of TC-OPD is increased memory consumption. As shown in Table[2] adding a single
anti-expert increases peak GPU memory usage by 8.2 GB. This overhead arises from maintaining
an additional 4B-parameter anti-expert model in memory and storing the corresponding teacher
logits required by the TC-OPD objective. While runtime scales safely with the number of teachers,
additional memory requirements grow approximately linearly, which may become a bottleneck if we
want to incorporate many specialized teachers.

"https://github.com/huggingface/Math-Verify
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6.2 Qualitative Analysis

We further investigate how TC-OPD affects the learned reasoning behavior beyond the aggregate
benchmark scores. Specifically, we analyze the average response length and inspect representative
generations from the anti-expert, G-OPD, and TC-OPD.

Response Length. Table [3|compares the average response length of the final models. The coding
anti-expert generates the longest responses by a large margin, averaging 13789 tokens. Interestingly,
TC-OPD learns an even more concise reasoning style than G-OPD, reducing the average response
length by 7.2% while achieving comparable or better benchmark performance. This observation
suggests that reverse extrapolation from the anti-expert does not merely affect answer correctness,
but also guide the response style learned by the student.

Qualitative Examples. Section[A] presents representative generations from the anti-expert, G-OPD,
and TC-OPD. The coding anti-expert exhibits a noticeably different reasoning style from the math-
distilled expert. In particular, it tends to begin by explicitly defining variables, restating all given
quantities, and constructing a detailed solution plan before attempting the problem. This behavior
likely reflects the instructional style encouraged by training on coding tasks.

In contrast, both G-OPD and TC-OPD learn a reasoning style that is better aligned with mathematical
problem solving. They quickly identify the underlying combinatorial structure and proceed directly
toward the solution. This observation further supports our choice of using the coding teacher as an
anti-expert, since its behavior demonstrates specialization in a domain that differs substantially from
the target math task.

The behavioral differences between G-OPD and TC-OPD are more subtle. In the examples we
examined, both models produce similar math reasoning patterns, such as the frequent use of words
phrases “let’s” and “we should”. We speculate that this is because the strong supervision from
the expert teacher dominates the learning signal in our single-task setting. Nevertheless, as shown
in Table 3] TC-OPD consistently produces shorter responses than G-OPD, suggesting that anti-expert
feedback does influences the learned reasoning style even when the overall ideal teacher solution
strategy remains unchanged.

7 Discussion

Multi-Task Distillation. Our experiments focus on a controlled single-task distillation setting, where
the target task is mathematical reasoning and the additional teacher serves as an anti-expert from a
different domain. While this setting allows us to isolate the effect of teacher-contrastive feedback,
it does not fully capture the multi-task scenarios in which multiple specialized teachers are often
available. An important direction for future work is to evaluate TC-OPD in a multi-task distillation
setting, where the student must simultaneously acquire knowledge from several teachers across
different domains.

The multi-task setting introduces additional challenges that’s not considered in this work. In particular,
the student must maintain multiple capabilities at the same time. Knowledge interference and
forgetting then become important concerns. It remains unclear whether teacher-contrastive feedback
alleviates or exacerbates these issues. On one hand, anti-expert feedback may help the student better



isolate domain-specific behaviors and reduce interference between tasks. On the other hand, excessive
extrapolation away from one teacher could potentially suppress useful knowledge that overlaps with
other domains. Understanding these trade-offs is an interesting direction for future research.

Scalability. Another limitation of the current implementation is its memory efficiency. In our
implementation, each training worker hosts all teacher models, causing memory consumption to scale
approximately linearly with the number of teachers. While the runtime overhead remains modest
because teacher evaluation is inexpensive relative to rollout generation, memory requirements may
become a bottleneck when incorporating a large number of specialized teachers. Future work could
explore more efficient distributed implementations that shard teacher models across GPUs rather than
replicating them on every worker. Such approach could reduce the additional memory overhead from
O(#teachers) to approximately O(#teachers/#GPUs), making TC-OPD more scalable.

8 Conclusion

In this project, we studied whether feedback from misaligned teachers can be leveraged to improve
on-policy distillation. We demonstrated that such feedback can be transformed into useful learning
signals through teacher-contrastive extrapolation. By simultaneously extrapolating toward expert
teachers and away from anti-experts, TC-OPD extends the teacher extrapolation framework beyond
expert-only supervision. Our results suggest that teacher-contrastive distillation is a promising
direction for multi-teacher post-training and motivate future work on multi-task distillation and
scalable multi-teacher training systems.

9 Team Contributions

* Juntong: responsible for all aspects of the project, including problem setup, method design,
implementation, running experiments, and writing.
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A Qualitative Examples

Coding Anti-Expert Response:

We are given a word problem involving Aya’s walking speed and the time she spends walking
and in the coffee shop.
Step 1: Define known quantities and variables

* The total distance of the walk is 9 kilometers.
* Let s be Aya’s walking speed in km/h.
* Let ¢ be the number of minutes spent in the coffee shop.

In the first scenario, Aya walks at s km/h and the total time (walking plus coffee shop) is 4
hours. In the second scenario, she walks at s + 2 km/h and the total time is 2.4 hours.

J

Ve

G-OPD Response:

We are given a problem involving assigning flavors to 9 players, with constraints on the
number of players choosing each flavor.
Problem Summary
There are 9 players, each assigned a single scoop cone of chocolate, vanilla, or strawberry.
The key steps are:

1. Find all possible triples (c, v, s).

2. Compute 9!/(clv!s!) for each triple.

3. Sum the results.

g
N

TC-OPD Response:

We are given a problem involving 9 players who each choose one of three flavors: chocolate,
vanilla, or strawberry.
The plan is:

1. Find all possible triples (c,v, s) where ¢ > v > s.
2. Compute the number of assignments for each triple.
3. Sum all valid assignments.

Let me work on Step 1: finding the possible triples (c, v, s)
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