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Abstract

Practical deployment of large language mod-
els (LLMs) requires families of post-trained
variants—instruction-tuned, reasoning-tuned,
and chat-style models—each at multiple sizes
to meet diverse latency and memory budgets.
Producing each (variant, size) pair indepen-
dently is prohibitive, so model families typ-
ically span only a handful of coarse-grained
sizes per post-trained variant. Boomerang dis-
tillation (Kangaslahti et al., 2026a) reduces
this cost along the size axis for base models.
Through model size interpolation, it constructs
models of intermediate sizes from a single
teacher-student pair without additional training.
However, it still treats each post-trained variant
as a separate object of optimization. We intro-
duce ADAPT—Amortized Distillation Across
Post-Trained LLMs—a framework for amortiz-
ing distillation across both axes of a model fam-
ily: size and post-training variant, producing
L×K models for L interpolated sizes across K
post-trained variants with a single distillation
run. ADAPT combines two components. First,
a two-phase distillation procedure constructs
post-trained students through pre-training align-
ment and supervised fine-tuning distillation,
enabling smooth size–performance interpola-
tion on generation and reasoning tasks. Sec-
ond, weight-delta initialization approximates
this construction across post-trained variants
by transferring the distillation-induced weight
change from the base model to students initial-
ized from different post-trained variants. The
resulting continuum of interpolated models also
enables adaptive model-size selection at infer-
ence time, improving the compute–accuracy
trade-off for long-form reasoning tasks.1

1 Introduction

Deployed LLM applications rely overwhelm-
ingly on post-trained models—instruction-tuned,

*Equal contribution.
1Code: https://github.com/dcml-lab/ADAPT.

reasoning-tuned, and chat-style variants—rather
than base pre-trained models. They also span a
wide range of compute environments, from mobile
devices to personal laptops to on-premise servers
with multi-GPU clusters, with correspondingly
diverse latency and memory constraints (Huyen,
2022; Narayan et al., 2025). Practical use thus re-
quires families of models that vary along two axes:
size, to meet deployment compute constraints, and
post-trained variants, to support different down-
stream capabilities. Training each (variant, size)
combination from scratch is computationally in-
feasible, so model families are typically released
only at a few coarse-grained sizes per variant, and
only at a few variants per base model (Qwen Team,
2026).

Existing approaches address one of these axes
but not both. Task vectors (Ilharco et al., 2023)
transfer fine-tuned capabilities across models with-
out additional training, but are constrained to only
models of the same size. Boomerang distilla-
tion (Kangaslahti et al., 2026a) transfers teacher ca-
pability to a fine-grained family of smaller models
with a single distillation run. It thus efficiently cov-
ers the size axis, though only in the pre-trained set-
ting and leaves the cross-variant axis unaddressed.
Whether this strategy extends to post-trained mod-
els, and whether size interpolation can be applied
zero-shot across multiple post-trained variants of
the same base model, are the key questions this
paper investigates.

A natural first approach is to apply boomerang
distillation (BD) directly to a post-trained teacher:
initialize a student from the teacher, distill on
pre-training data, and patch the layers back in
to create intermediate-sized models. Another
approach to address the cross-variant axis is
to cross-patch post-trained variants onto the
boomerang-distilled base model, hoping that
post-trained model capabilities can be transferred
through patching alone. We find that neither
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Figure 1: ADAPT: Amortized Distillation Across Post-Trained LLMs. We perform two-phase distillation
(pre-training + SFT) on a base student once, yielding L interpolated model sizes from a single teacher–student
pair. We then compute the distillation-induced weight delta and add it to the initialized students from multiple
post-trained teachers. This amortizes distillation for post-trained LLMs: one distillation run can now produce L×K
models across K post-trained variants.

approach works: generation and reasoning perfor-
mance collapses across small to medium sizes on
in-domain and out-of-domain tasks for both setups,
despite the post-trained teacher itself achieving
strong performance on these tasks (Figure 2). This
asymmetry suggests that instruction-following
depends on properties of the distillation process
that the original BD recipe does not provide.

In response, we introduce ADAPT—Amortized
Distillation Across Post-Trained LLMs—a frame-
work for constructing post-trained model families
across both model size and post-training variant
axes. ADAPT combines two-phase distillation with
weight-delta initialization. First, two-phase distilla-
tion distills a student for each post-trained variant,
using both pre-training alignment and supervised
fine-tuning distillation for instruction-following
and reasoning, enabling smooth model size inter-
polation without any additional training. We then
provide weight-delta initialization as an approxi-
mate construction that avoids separate distillation
runs by transferring the distillation-induced weight
change from the base model to students initialized
from different post-trained variants of the same
base model. This allows a single base-model distil-
lation run to produce L×K models: L interpolated
model sizes for each of K post-trained variants.

Our experiments show that ADAPT recovers
smooth size-performance interpolation on gener-
ation and reasoning benchmarks and outperforms
standard boomerang distillation and layer pruning
baselines at equal compute. The resulting family of

intermediate-sized models supports adaptive infer-
ence: routing easier inputs to smaller models traces
an empirical compute–accuracy Pareto frontier that
dominates any single fixed model. To understand
why a single base-model distillation transfers to
multiple post-trained variants, we examine the un-
derlying weight-space geometry. Empirically, base
and post-trained models—and their corresponding
distilled students—are connected by low-loss lin-
ear interpolation paths, a form of smooth weight
interpolation that is preserved through distillation.
The distillation update thus operates within a con-
nected region of weight space shared by base and
post-trained models, providing a geometric expla-
nation of why weight-arithmetic transfer succeeds
in this setting.

In summary, our contributions are:
• We introduce ADAPT, a framework for amortiz-

ing distillation runs to create interpolated post-
trained model families across sizes and post-
training variants.

• We show that ADAPT outperforms strong base-
lines, including boomerang distillation and layer
pruning approaches, while enabling improved
performance–compute trade-offs through adap-
tive model-size selection.

• We provide an empirical analysis of size-agnostic
smooth weight interpolation, showing that the
weight-space structure connecting base and post-
trained models is preserved after distillation and
helps explain the success of weight-delta initial-
ization.
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2 Related Work

Knowledge distillation. Knowledge distillation
is an effective technique for training a smaller
model using a larger teacher model (Hinton et al.,
2015; Sanh et al., 2020). Several LLM families use
knowledge distillation to train or post-train smaller
models, including Qwen (Yang et al., 2025),
DeepSeek (Guo et al., 2025), and Gemma (Team
et al., 2025). These smaller LLMs show improved
performance when compared to naive training, but
require individual distillation runs. In this work,
we introduce a two-phase distillation pipeline
and a weight-arithmetic procedure that produces
a family of post-trained models using a single
distillation run.

Post-training LLMs. Post-training is a critical
step in the language model training pipeline, in
which pre-trained LLMs are trained to follow
instructions (Olmo et al., 2025; Guo et al., 2025;
Bercovich et al., 2025). Because post-training
is expensive, recent work aims to reduce its
compute cost by training on smaller but effective
datasets (Ye et al., 2025; Nayak et al., 2026), but
it still requires training models at every size. Here,
we distill a single post-trained student LLM and
then create interpolated post-trained LLMs of
varying sizes without training additional models,
thereby dramatically reducing compute cost.

Model arithmetic. Model arithmetic enables
practitioners to combine the skills of multiple
models into a single unified model by simply
adding or subtracting model weights (Ilharco et al.,
2023). Prior work has used model arithmetic
for instruction-following (Ilharco et al., 2023),
creating multitask models (Yadav et al., 2025),
and machine unlearning (Liu et al., 2025). In this
work, we use model arithmetic to amortize student
distillation by transferring the distillation-induced
weight delta from a base student to students
initialized from multiple post-trained variants.

Adaptive compute. Adapting LLM compute
to input difficulty significantly reduces latency
requirements during inference (Taghibakhshi et al.,
2026). While recent work has shown promising
results for test-time scaling (Muennighoff et al.,
2025), many of these approaches require training
fine-grained models from scratch (Kusupati et al.,
2022) or rely on heuristics such as appending
thinking tokens (Muennighoff et al., 2025). In this
work, we dynamically adjust inference compute

by adapting the model size based on the input
difficulty for reasoning and generation tasks.

Layer pruning. Layer pruning removes trans-
former layers from a trained LLM under an impor-
tance criterion, sometimes followed by a healing
step (Men et al., 2025; Chen et al., 2025). While
effective at preserving classification accuracy, re-
cent analyses show that pruning collapses open-
ended generation (Shrestha et al., 2026). ADAPT
instead recovers generation capability through a
targeted two-phase distillation step, and substan-
tially outperforms layer pruning approaches such
as ShortGPT and LLM-Streamline (Appendix H).

3 ADAPT: Amortized Distillation Across
Post-Trained LLMs

We begin by summarizing boomerang distil-
lation (Kangaslahti et al., 2026a), a recently
proposed method for zero-shot model size in-
terpolation. We then introduce the two versions
of ADAPT: ADAPT (distilled), a two-phase
distillation framework for constructing interpolated
post-trained models, and ADAPT (weight-delta),
a weight-delta initialization method that approx-
imates the two-phase distillation process across
model variants and constructs multiple post-trained
model families from a single distillation run.

3.1 Boomerang Distillation
Boomerang distillation (Kangaslahti et al., 2026a)
distills a small student from a teacher in such a
way that intermediate models can be constructed
by combining student and teacher layers without
additional training. We now discuss its three stages.

Student initialization. Let T be the teacher with
N layers denoted by θT , and S with parameters θS
and M layers be the student, where M < N . The
student is initialized by partitioning the N teacher
layers into M blocks of consecutive layers. From
each of these blocks, the first layer is used to initial-
ize the corresponding student layer. The student’s
embedding and LM head are initialized from T .

Knowledge distillation. The initialized student
is trained on a pre-training corpus such as the
Pile (Gao et al., 2020) on a combined loss involv-
ing a logit-level knowledge distillation loss, such
as KL, and a block-wise alignment loss, such as co-
sine distance, that pushes each student layer’s out-
put toward the outputs of the corresponding block
of teacher layers. Specifically, given a training
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corpus D and a sample x = (x1, ..., xL) ∈ D, an
index j, and denoting the next-token distributions
by p(· | x<j), the per-token loss LθS (xj) is:

LθS (xj) =CE(xj | x<j ;θS)

+ λKLKL
(
pT (· | x<j)

∥∥ pS(· | x<j)
)

+ λcos

M∑
i=1

L(i)
cos(x<j ;θT ,θS).

(1)

Here, CE denotes the next-token cross-entropy loss
and L(i)

cos is the cosine distance between the outputs
of the ith student layer and the ith teacher block.
λKL > 0 and λcos > 0 are hyperparameters that
weight the KL and cosine terms relative to cross-
entropy.

Student patching. After the distillation stage,
boomerang distillation constructs intermediate
models by patching—i.e., replacing student layers
with their corresponding sets of teacher layers. We
treat student patching as an important but comple-
mentary design choice and use simple front-to-back
and back-to-front patching in the main experiments,
selecting the better-performing of the two orders
for each model (see Appendix J for details).

3.2 ADAPT

3.2.1 ADAPT (Distilled): Two-Phase
Post-Trained Distillation

We propose a unified two-phase distillation proce-
dure for model size interpolation in post-trained
models. Replacing the original distillation stage in
boomerang distillation, the student first undergoes
a pre-training phase, followed by a supervised fine-
tuning phase. The pre-training phase ensures that
we recover the general language modeling capabil-
ity in the initialized student model before restoring
the instruction-following and reasoning capabili-
ties. In Section 4.2, we find that the two-phase
distillation prevents overfitting and shows better
out-of-domain performance.

Pre-training phase. We follow the same
boomerang distillation setup over a pre-training
corpus Dpre. Given a training sequence x =
(x1, . . . , xL) ∈ Dpre, the loss from Equation 1 is
summed over all positions x2, ..., xL. Training on
pre-training data not only mitigates catastrophic
forgetting, but has even been shown to improve
downstream performance (Kotha and Liang, 2026).

Supervised fine-tuning phase. In this phase,
we transition to instruction-following data DSFT,
where each sequence (x, y) ∈ DSFT consists of
a prompt x = (x1, ..., xL) and a response y =
(y1, ..., yL′). We use the same distillation objective,
but loss (Equation 1) is computed only over all the
response tokens. This stage allows the student to
adopt instruction-following capabilities and adapt
to downstream generation tasks, while preserving
alignment to the teacher.

We dedicate half of training to pre-training and
half to supervised fine-tuning (see Appendix E.1).
We also use a continuous LR schedule for both
phases as we found in initial experiments that two
separate schedulers can hurt final performance.

3.2.2 ADAPT (Weight-Delta): Weight-Delta
Initialization

Although the two-phase distillation produces
strong interpolated model families for generation
and reasoning tasks (Figure 2), applying it indepen-
dently to each post-trained variant still requires a
separate distillation run. We propose weight-delta
initialization, a weight-arithmetic procedure that
transfers a base-model distillation run to a post-
trained variant without additional training, approxi-
mately constructing distilled post-trained student
models and amortizing the cost of constructing
multiple post-trained model families.

Let θbase
S,init denote the student initialized from

the base teacher, and let θbase
S,distill denote the corre-

sponding student after two-phase distillation. We
define the distillation delta as:

∆base
S,distill = θbase

S,distill − θbase
S,init.

Given a student θPT
S,init initialized from a post-

trained teacher using the same layer-selection rule
and parameter shapes as θbase

S,init, we construct the
weight-delta-initialized student θPT

S,∆ as:

θPT
S,∆ = θPT

S,init +∆base
S,distill.

The resulting model θPT
S,∆ is intended to approx-

imate the directly distilled post-trained student
θPT
S,distill in downstream performance, while avoid-

ing the cost of an additional distillation run.

4 Experiments

Here we study the creation of post-trained model
families using ADAPT. We show the benefits of
ADAPT over strong baselines (Sections 4.2 and

4
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Figure 2: ADAPT improves generation performance over boomerang distillation. For generation tasks that are
both in-domain (math reasoning) and out-of-domain (instruction-following and general knowledge) relative to our
SFT dataset, SFT training is necessary to recover generation performance, especially for smaller models. For OOD
tasks, two-phase distillation stabilizes performance compared to SFT-only training. We observe similar results for
Qwen3-14B, Olmo-3-7B-Instruct, and Llama-3.1-8B-Instruct in Appendix M.

4.3). Then, we show ADAPT offers a better
performance–compute trade-off than any single
model (Section 4.4). Finally, we analyze the loss
landscape to understand weight-delta initialization
(Section 4.5).

4.1 Setup
In our experiments, we primarily use Qwen3-4B-
Instruct-2507 (Yang et al., 2025) as the teacher
model. We also study Qwen3-4B-Thinking-2507
and Qwen3-4B in Section 4.3. We initialize the stu-
dent models with 2.7B inference-time parameters
by removing every other layer from the teacher (ex-
cluding the final layer). We train on a total budget
of 1B tokens. For more training details, see Appen-
dices A and B. We also perform the same experi-
ments with Qwen3-14B, Olmo (Olmo et al., 2025),
and Llama (Grattafiori et al., 2024) families in Ap-
pendix M. We train on the deduplicated Pile (Gao
et al., 2020) during the pre-training stage, and the
math split of the Llama Nemotron Post-Training
Dataset (Bercovich et al., 2025) during the SFT
stage. We primarily evaluate our models on a set of
five generation benchmarks measuring instruction-
following and mathematical reasoning. We also
apply our method to coding tasks and report the
results in Appendix M.4. For more implementation
details, see Appendix C. We include error bars of
one standard deviation in the figures.

4.2 Two-Phase Distillation for Reasoning
We begin by comparing ADAPT (distilled) to
boomerang distillation (BD), showing that the two-
phase distillation pipeline is key to model size
interpolation for generation and reasoning tasks,

yielding substantially stronger interpolation perfor-
mance.

Setup. We compare five setups under an equal
training budget, all evaluated on three in-domain
(ID) math reasoning tasks and two out-of-domain
(OOD) tasks testing instruction-following and gen-
eral understanding. (1) ADAPT (distilled): Our
proposed two-phase distillation setup. (2) BD (pre-
train): Directly applying BD to the post-trained
teacher. (3) BD (SFT): BD on post-trained model
but with SFT instead of pre-training data in dis-
tillation stage. (4) Cross-patch (pre-train): Patch-
ing post-trained teacher directly onto boomerang-
distilled base student to study whether post-trained
teacher capabilities can be transferred through
patching alone. (5) Base model BD: BD on base
model as a reference.

Results. Figure 2 shows that ADAPT (distilled)
achieves the strongest interpolation performance on
both ID and OOD tasks by combining pre-training
alignment with SFT capability recovery. It also
achieves the best teacher–student alignment, as
measured via last-layer activation cosine similar-
ity (Appendix D.1). We observe similar trends for
Qwen3-14B, Olmo, and Llama in Appendix M and
report additional ablation results in Appendix E.

BD (pre-train) remains weak at small and
medium model sizes, improving only as model size
increases. BD (SFT) does not generalize as well
to OOD and classification tasks (Appendix D.2),
despite comparable performance to ADAPT (dis-
tilled) at small model sizes on ID tasks. Base
model BD collapses completely, indicating that

5
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ADAPT (weight-delta) outperforms baseline cross-patch (2-phase) across all variants. Degradation in thinking-style
settings is mainly due to malformed <think> formatting, rather than broad loss of generation quality.

base model interpolation does not directly transfer
to generation and reasoning tasks.

Interestingly, despite performing significantly
worse than other setups, cross-patch (pre-train) re-
covers nontrivial performance as more post-trained
teacher layers are inserted, outperforming base
model BD. This suggests that base and post-trained
models remain partially compatible, motivating our
weight-delta transfer approach in Section 4.3 and
smooth weight interpolation experiments in Sec-
tion 4.5.

4.3 Weight-Delta Initialization Enables
Reusable Base Distillation

We demonstrate that ADAPT (weight-delta) can
reuse a single base-model distillation run across
multiple post-trained variants, recovering much of
the interpolation behavior of directly distilled post-
trained students without additional distillation.

Setup. We construct the interpolated models for
Qwen3-4B-Instruct-2507, Qwen3-4B-Thinking-
2507, and Qwen3-4B using ADAPT (weight-delta).
Specifically, we first perform two-phase distilla-
tion on the Qwen3-4B-Base student to obtain the
base distillation delta, then add this delta to stu-
dents initialized from each post-trained variant. We
compare ADAPT (weight-delta) against two setups:
(1) ADAPT (distilled), the higher-compute upper

bound that runs a separate two-phase distillation
for each post-trained student. (2) Cross-patch (2-
phase), which patches post-trained teacher layers
directly into the two-phase-distilled base student
without applying the weight delta. Cross-patch
(2-phase) serves as a natural, compute-matched
baseline: like ADAPT (weight-delta), it produces a
family of interpolated post-trained models from a
single base-model distillation run. All methods use
the same student architecture, layer-selection rule,
patching order, and evaluation protocol.

Results. Figure 3 shows that ADAPT (weight-
delta) achieves interpolation performance compa-
rable to ADAPT (distilled) on ID tasks across
the evaluated Qwen variants, while requiring no
additional distillation on the post-trained teach-
ers. On OOD tasks (IFEval and MMLU-Redux),
ADAPT (weight-delta) remains competitive with
ADAPT (distilled), with slight degradation con-
centrated in thinking-style models at smaller and
intermediate sizes. Inspecting outputs shows this
is largely a parsing artifact rather than a loss of
generation quality: weight-delta models are initial-
ized from a base distillation run without thinking-
style <think> tags and can produce malformed
delimiters, which IFEval penalizes since it parses
only the response after </think>. Performance
remains strong on MMLU-Redux, which does not
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trade-off between average and worst-case accuracy and computational efficiency.

depend on </think> parsing, confirming the issue
is specific to strict thinking-tag parsing rather than
a broad degradation in capability. ADAPT (weight-
delta) also substantially outperforms cross-patch
(2-phase) across post-trained variants, suggesting
that the base model distillation delta transfers use-
ful instruction-following capability and enables
stronger interpolation than patching alone.

Results for Olmo and Llama models (Ap-
pendix M) suggest that ADAPT (weight-delta) gen-
erally falls between ADAPT (distilled) and cross-
patch (2-phase), and is comparable to ADAPT (dis-
tilled) in many cases. It also achieves better inter-
polation performance than cross-patch (2-phase) in
all ID settings, making it a cheaper but still strong-
performing alternative to separately distilling each
post-trained variant. We provide preliminary expla-
nation for when weight-delta initialization works
best in Appendix G.

We also report results for single-phase weight-
delta initializations in Appendix F.1, where the
transferred distillation delta is computed from a
base student distilled on the pre-training phase or
SFT phase only. This setting still demonstrates
some cross-model distillation transfer, but gen-
erally underperforms the two-phase weight-delta
initialization used in ADAPT. We experiment with
continued training from the weight-delta initialized
model, θPT

S,∆, but find that it does not improve
interpolation performance (Appendix F.2). We
include further ablation results on post-trained
model deltas and SFT phase loss components
in Appendices F.3 and F.4. Finally, we compare
both variants of ADAPT to popular layer pruning
methods in Appendix H.

4.4 Adaptive Model-Size Selection
In this section, we show that ADAPT achieves a
Pareto-optimal trade-off between downstream per-
formance and computational efficiency by dynami-
cally choosing from the suite of interpolated mod-
els at inference time based on input difficulty. This
improves compute utilization while preserving per-
formance, satisfying a practical requirement for
deployment.

Setup. We use the MATH dataset (Hendrycks
et al., 2021b), which contains competition-style
problems with varying difficulty levels. We es-
timate each problem’s difficulty using a single
forward pass with the teacher model, Qwen3-4B-
Instruct-2507 (Appendix I.1). For each interpolated
model, we calculate its accuracy on each of the dif-
ficulty levels on a training split. Given a target
accuracy threshold, we route questions of each dif-
ficulty level to the smallest model with accuracy
above the threshold.

We consider both average accuracy and min-
imum accuracy. Average accuracy measures a
model’s example-weighted mean accuracy across
all the difficulty levels, allowing it to undershoot
the threshold on harder levels. Minimum accuracy
requires every difficulty level to individually ex-
ceed the threshold, yielding a more conservative
policy. Sweeping over the threshold produces rout-
ing policies with different accuracy–compute trade-
offs, which we compare against fixed single-model
baselines.

Results. Figure 4 shows that the adaptive model-
size selection approach outperforms the single-
model baseline, tracing out a superior Pareto
frontier across both average and minimum ac-
curacy metrics for both ADAPT (distilled) and
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ADAPT (weight-delta). This improvement arises
from a more fine-grained matching between model
capability and question difficulty, enabled by the
suite of models with smoothly increasing perfor-
mance. Therefore, by assigning smaller models to
easier questions and reserving larger models for the
harder ones, ADAPT offers a superior performance–
compute trade-off over using a single model.

We report the results for Olmo and Llama mod-
els in Appendix I.2. We also notice that smaller
models tend to generate more tokens overall. We
provide further discussion of this in Appendix I.3.

4.5 Size-Agnostic Smooth Weight
Interpolation

The weight-delta initialization results in Sec-
tion 4.3 suggest that base model distillation
remains compatible with its post-trained variants.
To better understand this, we study whether inter-
polation between base and post-trained models is
preserved after distillation. We call this property
size-agnostic smooth weight interpolation:
the low-loss linear path between a base model
and its post-trained variant is preserved in the
corresponding student models after distillation.
For models θ(a) and θ(b), we evaluate models
θ(α) = (1− α)θ(a) + αθ(b) where α ∈ [0, 1].

Figure 5 shows that interpolation paths between
base and post-trained models do not exhibit sharp
loss barriers for either teachers or students. The
loss increases toward the post-trained endpoints
because they are evaluated on the Pile, which is
better matched to base models than post-trained
variants. Importantly, students retain similar
interpolation behavior after distillation, suggesting
that distillation preserves much of the weight-
space structure connecting base and post-trained

0 1

0

0.5

0.06

0.12

0.18

0.24

0.30

0.36

0.42

0.48
A

U
C

(↑)

Base Instruct Weight-delta

Figure 6: Weight-delta initialization produces a stu-
dent in a connected region of high generation per-
formance. We report AUC for generation accuracy
between student and teacher models on the plane inter-
secting base, instruct, and weight-delta students. The
weight-delta student has improved AUC compared to
the base student and lies in a high-performance region
connected to both the base and instruct students.

models. We observe similar trends for generation
accuracy and SFT loss in Appendix K. We further
examine this geometry using a two-dimensional
generation-accuracy AUC landscape over the plane
spanned by the base, instruct, and weight-delta
students. Here, AUC denotes the area under the
generation-accuracy curve, measured between
the smaller student and the corresponding teacher
model. Figure 6 shows that the weight-delta
initialized student lies in a high-performing region
connected to both the base and distilled instruct
students. These results suggest that distillation
preserves smooth weight interpolation across
model sizes, suggesting a possible connection to
linear-mode connectivity (Garipov et al., 2018).

5 Conclusion

We introduce ADAPT, a framework for amor-
tizing distillation across both the size and
post-training-variant axes of a model family.
ADAPT substantially outperforms boomerang
distillation baselines on reasoning and instruction-
following benchmarks under matched compute,
and the resulting continuum of interpolated models
enables adaptive model-size selection at inference
time. Crucially, we find that smooth linear weight
interpolation between base and post-trained
models is preserved across model sizes after
distillation, providing a plausible mechanism for
the success of weight-arithmetic transfer in our
setting. This connection between size interpolation
and linear-mode connectivity points to a broader
principle—that distillation can be reused across
related models, not just sizes—and we view its
further investigation as a promising direction.
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Limitations

ADAPT is effective across the model families and
benchmarks we study, but several aspects warrant
further investigation. We highlight open questions
about the underlying mechanism, assumptions im-
plicit in our procedure, and the empirical scope of
our evaluation.

Interpolation dips at specific sizes. As also
observed by Kangaslahti et al. (2026a), some
interpolation curves show sharp drops at particular
intermediate sizes. A plausible explanation is that
the inserted teacher layers are locally misaligned
with the surrounding student layers at those
configurations, but the precise mechanism remains
unclear. Characterizing and predicting these failure
modes remain open directions. We also observe
that the weight-delta transfer is not uniformly
reliable across Olmo and Llama (Figures 35
and 37), especially in some OOD settings and
intermediate sizes. This suggests that weight-delta
effectiveness depends on model-family compat-
ibility and post-training details, and should be
validated beyond the settings studied here.

Model and data scope. Our experiments cover
three model families (Qwen, Olmo, Llama) at the
4B-14B scale and use the math and coding splits
of the Llama Nemotron Post-Training Dataset for
the SFT phase. It remains to be verified whether
ADAPT retains its size-amortization benefits at
larger model scales and across broader instruction-
tuning mixtures (e.g., multilingual).

Weight-delta assumptions. Weight-delta initial-
ization requires access to the base model used to
produce each post-trained variant. For some open-
weight releases (and most closed-weight releases)
the corresponding base checkpoint is unavailable
or not exactly identifiable, restricting which model
families ADAPT (weight-delta) can target without
additional approximation.

Adaptive inference depends on a difficulty sig-
nal. The compute–accuracy gains from adaptive
model-size selection (Section 4.4) rely on a per-
input difficulty estimate. Our MATH experiments
use teacher-predicted difficulty, which is cheap but
task-specific; we have not characterized how well
this approach generalizes to settings where diffi-
culty is not well-defined or where a separate diffi-
culty predictor would be expensive to obtain.

Ethical Considerations

Our experiments use publicly available datasets
and evaluation benchmarks, primarily focused on
mathematical reasoning, instruction following, and
general model evaluation. We also use publicly
available model checkpoints as teachers and base
models. We do not collect new human-subject data.
However, because pre-training and post-training
datasets may contain web-derived text, they may
inherit biases, harmful content, or privacy concerns
from their source corpora. Similarly, the models
used in this work may inherit biases or unsafe be-
haviors from their original training pipelines or the
datasets we use. Our work does not attempt to
remove these risks, and downstream users should
evaluate generated outputs for safety, bias, and reli-
ability before deployment.

Reproducibility Statement

We implement all our experiments using Py-
Torch (Paszke et al., 2019) and HuggingFace trans-
formers (Wolf et al., 2020) packages. We also
experiment with public models available on Hug-
gingFace Hub. We provide our code and models at
https://github.com/dcml-lab/ADAPT.
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A Training Implementation Details

We use a mixture of non-thinking and thinking
models in this paper. Non-thinking models include
Qwen3-4B-Instruct-2507, Qwen3-4B, Olmo-3-7B-
Instruct, Llama-3.1-8B-Instruct, and Qwen3-14B.
Thinking models include Qwen3-4B-Thinking-
2507, Qwen3-4B, Olmo-3-7B-Think, and Qwen3-
14B. Note that Qwen3-4B and Qwen3-14B can
toggle between thinking and non-thinking modes.

For model training, we use a total token budget
of 1B for the Qwen 4B-sized models. For the larger
models, we scale up the total budget proportion-
ally, to 2B and 4B tokens respectively (Hoffmann
et al., 2022). Across different configurations of the
same model, we choose hyperparameters such that
the number of tokens per update remains approx-
imately constant between the pre-training phase
and SFT phase. The hyperparameters reported in
Table 3 correspond to using the deduplicated Pile
(Gao et al., 2020) for pre-training and the Llama
Nemotron Post-Training Dataset (Bercovich et al.,
2025) for the SFT phase. For Nemotron, we pri-
marily use the math split for all models (see Ap-
pendix M.4 for coding tasks). For non-thinking
models, we use examples with non-thinking ground
truths (i.e., responses not enclosed in <think> and
</think>), while for thinking models we use ex-
amples with thinking ground truths (version 1.1).

Each 4B model training run takes approximately
12 hours on 4 NVIDIA H100 GPUs. The Olmo
and Llama models are trained using 4 NVIDIA
H200 GPUs, each taking approximately 24 hours.
Training Qwen3-14B takes approximately 48 hours
on 16 H200 GPUs. We will release the distilled
models under an Apache 2.0 license.

B Hyperparameters

We choose the majority of the hyperparameters (Ta-
ble 1) following Kangaslahti et al. (2026a). We
determine the KL and cosine loss weights such
that cross entropy, KL, and cosine loss are approx-
imately equal in magnitude early in training. M
denotes the number of student layers. When doing
two-phase distillation, we use a single LR sched-
uler across the two phases.

C Evaluation Implementation Details

For generation, we use a custom evaluation pipeline
for more fine-grained control over chat template
and system prompt settings. Table 4 shows the sys-
tem prompts used for each benchmark. We report

Hyperparameters Values

Learning rate 3e-4
LR scheduler cosine
Warmup ratio 0.01

Optimizer AdamW
Adam betas (0.9, 0.95)

Adam epsilon 1e-8
Weight decay 0.1

Max gradient norm 1.0
Mixed precision bf16
KL weight λKL 0.1

Cosine weight λcos 10.0 / (M+1)

Table 1: Hyperparameters for distillation training.

the average accuracy on 5 benchmarks: AIME (AI-
MO, 2025), GSM8K (Cobbe et al., 2021), IFEval
(Zhou et al., 2023), MATH500 (Hendrycks et al.,
2021b), MMLU-Redux (Gema et al., 2025). We
consider AIME, GSM8K, and MATH500 to be
in-domain (ID) math reasoning tasks and IFEval
and MMLU-Redux to be out-of-domain (OOD)
tasks. We use a separate set of ID benchmarks
described in Appendix M.4 for coding tasks. For
Section 4.4, we use the MATH dataset (Hendrycks
et al., 2021b), which contains ground truth ques-
tion difficulty labels. We elaborate on this further
in Appendix I.1.

For classification tasks, we use
lm-evaluation-harness (Gao et al., 2023)
and report the average accuracy on 10 benchmarks:
ARC-easy and ARC-challenge (Clark et al., 2018),
BoolQ (Clark et al., 2019), HellaSwag (Zellers
et al., 2019), MMLU (Hendrycks et al., 2021a),
OpenBookQA (Mihaylov et al., 2018), PIQA (Bisk
et al., 2020), RACE (Lai et al., 2017), RTE (Wang
et al., 2019), and WinoGrande (Sakaguchi et al.,
2020).

Table 2 shows the sampling parameters used for
non-thinking and thinking models, which follow
the recommended values by Yang et al. (2025).

Models Non-thinking Thinking

Max output len. 16384 32768
Temperature 0.7 0.6

Top p 0.8 0.95
Top k 20 20

Presence penalty 0.5 0.5
Min. tokens 32 32

Table 2: Sampling parameters for non-thinking and
thinking models.
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Pre-training Phase SFT Phase

Model Type Setup Steps Effective BS Seq. len. Steps Effective BS Seq. len.

4B (Non-think)
Pile only 480 2048 1024 – – –
Nemotron only – – – 585 4096 1024
Pile+Nemotron 240 2048 1024 293 4096 1024

4B (Think)
Pile only 500 512 4096 – – –
Nemotron only – – – 400 1024 4096
Pile+Nemotron 250 512 4096 200 1024 4096

7B/8B (Non-think)
Pile only 960 2048 1024 – – –
Nemotron only – – – 1170 4096 1024
Pile+Nemotron 480 2048 1024 585 4096 1024

7B/8B (Think)
Pile only 1000 512 4096 – – –
Nemotron only – – – 800 1024 4096
Pile+Nemotron 500 512 4096 400 1024 4096

14B
Pile only 875 1024 4096 – – –
Nemotron only – – – 1400 1024 4096
Pile+Nemotron 438 1024 4096 700 1024 4096

Table 3: Training hyperparameters across model families. We report the number of steps, effective batch size,
and sequence length for the pre-training and SFT phases across all distillation setups.

Benchmarks System Prompts

AIME, GSM8K, MATH500, MATH Please reason step by step, and put your final answer
within \boxed{}.

IFEval None
MMLU-Redux Please reason step by step, and select the answer from the

given choices A, B, C, or D. Respond only with the letter
of the correct answer. Put the index within \boxed{}.

Table 4: System prompts for generation tasks.

D Additional Evaluation Results for
ADAPT (Distilled)

We provide additional results for ADAPT (dis-
tilled). We first study final-layer cosine similarity
to the teacher in Appendix D.1, then show results
on classification tasks in Appendix D.2.

D.1 Cosine Similarity Analysis
In this section, we report the final-layer activation
cosine similarity between each interpolated model
and the corresponding teacher for ADAPT (dis-
tilled), BD (pre-train), BD (SFT), and cross-patch
(pre-train). We compute activations by averaging
over all downstream tasks.

As shown in Figure 7, ADAPT (distilled)
achieves the highest cosine similarity across nearly
the entire interpolation curve. BD (SFT) also main-
tains strong alignment, but is consistently below
ADAPT (distilled). Cross-patch (pre-train) has the
weakest alignment, especially at smaller model
sizes, indicating that patching alone does not suf-
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Figure 7: Final layer activation cosine similarity be-
tween student and teacher models. The two-phase
distillation setup yields the best student-teacher align-
ment, further motivating our approach.

ficiently align the student with the post-trained
teacher. These results provide additional motiva-
tion for the two-phase distillation approach.
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Figure 8: Classification accuracy is relatively insensitive to the distillation strategy. Across Qwen, Olmo, and
Llama, most setups exhibit similar interpolation behavior on classification benchmarks. The main exception is
BD (SFT), which underperforms across much of the interpolation curve, suggesting that task-specific distillation
alone can degrade broader alignment with the teacher.
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Figure 9: Distilling with equal pre-training and SFT phase offers an appropriate tradeoff between ID and
OOD performance. Increasing the SFT proportion improves ID accuracy but degrades OOD accuracy, while
increasing the pre-training proportion has the opposite effect; the 50:50 split balances the two. The single-phase
endpoints are consistently dominated by the two-phase settings.

D.2 Classification Performance

Figure 8 shows that classification benchmarks are
relatively insensitive to the distillation strategy.
Most variants achieve similar interpolation perfor-
mance, indicating that classification tasks do not
fully expose the alignment challenges that arise in
post-trained generation. The main exception is the
BD (SFT) setup, which underperforms across much
of the interpolation curve for all three model fami-
lies, suggesting that task-specific distillation alone
can degrade broader alignment with the teacher.

E Additional Ablations for ADAPT
(Distilled)

E.1 Pre-training vs. SFT Phase Ratios

Here we study how sensitive ADAPT (distilled) is
to varying training budget between pre-training and
SFT phase. All settings use the same total budget.

In Figure 9, we observe a consistent trade-off
across the two-phase settings: increasing the SFT

proportion improves ID accuracy but degrades
OOD accuracy, while increasing the pre-training
proportion has the opposite effect. The 50:50 split
sits between these extremes, achieving strong ID
accuracy without sacrificing OOD performance.
We note that the three two-phase ratios perform
comparably at larger model sizes, indicating that
ADAPT is not overly sensitive to the exact split.

Finally, both single-phase endpoints are domi-
nated by the two-phase settings, consistent with our
finding in Section 4.2.

E.2 Distillation with Cosine Loss Only

In Figure 10, we show that distilling with cosine
loss alone can yield performance comparable to the
full objective combining cross-entropy, KL, and
cosine losses. This suggests that intermediate rep-
resentation alignment may be a key driver of in-
terpolation behavior, and points to an orthogonal
direction for improving distillation efficiency by
simplifying the training objective.
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Figure 11: Pre-training weight-delta initialization for post-trained Qwen models.

F Additional Ablations for ADAPT
(Weight-Delta)

F.1 Weight-Delta Transfer from
Pre-training-only and SFT-only Deltas

We evaluate whether weight-delta initialization
works when we calculate the weight delta from
base model distilled with pre-training or SFT phase
only. This setting tests whether the transferable
component of distillation can be obtained without
the two-phase distillation setup.

Setup. We test whether weight-delta transfer
works with single-phase deltas, i.e., deltas com-
puted from a base student distilled on only one
type of data (pre-training or SFT). We then add the

respective deltas to initialized post-trained students
across model families. For comparison, we evalu-
ate these single-phase weight-delta models against
two references: the directly distilled BD (pre-train)
and BD (SFT) students (which use no delta trans-
fer), and the corresponding cross-patch baselines.
We report the results for Qwen (Figures 11 and 12),
Olmo (Figure 13), and Llama (Figure 14) families.

Results. Across model families, pre-training
weight-delta initialization performs comparably to,
and in some cases better than, BD (pre-train), in-
dicating that the alignment learned during base-
model pre-training distillation transfers across post-
trained variants. The SFT-only delta transfers
less smoothly. Weight-delta initialization tracks
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Figure 12: SFT weight-delta initialization for post-trained Qwen models.
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Figure 13: Pre-training weight-delta initialization performance for post-trained Olmo models.
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Figure 14: Pre-training weight-delta initialization performance for post-trained Llama models.

BD (SFT) closely for the instruct variant, but mean-
ingfully underperforms on the other three variants.
The weight-delta setup even performs worse than
the cross-patch (SFT) baseline for Qwen3-4B, indi-
cating that SFT-only distillation on the base model
is not enough to facilitate effective weight-delta
transfer across post-trained models.

Furthermore, single-phase weight-delta initial-
ization setups remain weaker than the two-phase
methods. Both ADAPT (weight-delta) and
ADAPT (distilled) achieve stronger interpolation
performance, reflecting that both phases are neces-
sary to fully recover downstream generation and
reasoning capabilities.
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Figure 15: Continued training from weight-delta initialization does not improve interpolation performance.
We initialize the instruct student using a pre-training, SFT, or two-phase weight delta, computed from base distillation
on pre-training data, SFT data, or both respectively. We then continue training for 0.5B or 1B tokens. Continued
training does not meaningfully improve over weight-delta initialization.

F.2 Continued Training from Weight-Delta
Initialization

We investigate whether weight-delta initialization
can serve as a stronger initialization for additional
distillation. Specifically, we ask whether continued
training from a weight-delta-initialized student can
outperform ADAPT (weight-delta).

Setup. We initialize the student by adding one of
three weight deltas to it, each obtained by distilling
the base model on different data: pre-training data
only, SFT data only, or both phases (two-phase).
Starting from each initialization, we continue train-
ing for either 0.5B or 1B tokens using the same
distillation setup described in Appendix B. We also
sweep the learning rates and find that 3e-4, the
value used in Appendix B, performs the best.

Results. Figure 15 shows that continued training
from weight-delta initialization does not meaning-
fully improve interpolation performance beyond
ADAPT (weight-delta). Training for 0.5B or 1B
tokens converges to similar interpolation curves,
regardless of whether the initialization comes from
pre-training (left panel), SFT (middle panel), or
two-phase (right panel) weight delta. This sug-
gests that continued distillation largely washes out
the difference between the different initializations
rather than improving the final interpolated family.

Overall, these results indicate that the main ben-
efit of weight-delta initialization comes from its
zero-training transferability, not from providing a
better starting point for further training.

F.3 Weight-Delta Initialization with
Post-trained Model Deltas

In this section, we test whether distillation done di-
rectly on post-trained students (instead of the base
student) can be transferred to other post-trained
variants via weight-delta initialization.

Setup. We obtain the post-trained model weight
deltas by directly performing two-phase distilla-
tion on Qwen3-4B-Instruct-2507 and Qwen3-4B-
Thinking-2507, and subtracting their correspond-
ing initialized (pre-distillation) students. We then
initialize the other post-trained models using the
weight deltas from the instruct and thinking models
separately following Section 3.2.2.

Results. Figures 16 and 17 show that distilla-
tion effects can be transferred onto other post-
trained variants using post-trained weight deltas.
ADAPT (weight-delta) using instruct and think-
ing model weight deltas both substantially outper-
form the cross-patch (2-phase) baseline. Com-
pared against the higher-compute upper bound
ADAPT (distilled), the instruct model delta per-
forms competitively on ID tasks, while suffering
slight degradation on OOD tasks similar to the base
model delta. The thinking model delta matches the
performance of ADAPT (distilled) on both ID and
OOD tasks. Overall, these results indicate that the
transferable distillation delta is not specific to the
base model, deltas computed from post-trained stu-
dents transfer to other variants equally effectively.
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Figure 16: Results for ADAPT (weight-delta) using delta from Qwen3-4B-Instruct-2507.
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Figure 17: Results for ADAPT (weight-delta) using delta from Qwen3-4B-Thinking-2507.

F.4 Ablating SFT Phase Loss Components

While the combination of cross entropy, KL, and
cosine loss terms is optimal for base model distilla-
tion under the boomerang distillation setup (Kan-
gaslahti et al., 2026a), aligning the student too
closely with the less capable base teacher on rea-
soning tasks during the SFT phase may hinder its
learning. In this section, we explore whether relax-
ing the base student’s alignment with the teacher
can improve the weight-delta transfer performance.

Setup. We keep the pre-training phase of base
model distillation unchanged and ablate the loss
terms used in the SFT phase, always retaining

cross-entropy while removing the KL term, the
cosine term, or both. For each ablated objective,
we compute the resulting base model weight delta
and use it to initialize the four Qwen post-trained
variants following Section 3.2.2. We compare each
ablation against the higher-compute upper bound
ADAPT (distilled) and the cross-patch (2-phase)
baseline.

Results. Removing the KL term leaves interpola-
tion behavior largely unchanged (Figure 18), indi-
cating that it contributes little during the SFT phase.
Removing the cosine term has a substantially larger
effect (Figure 19): ID performance improves across
all four variants, matching ADAPT (distilled),
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Figure 18: Results for ablating KL loss term in SFT phase.
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Figure 19: Results for ablating cosine loss term in SFT phase.
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Figure 20: Results for ablating both KL and cosine loss terms in SFT phase (cross-entropy loss only).
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while OOD performance degrades overall. This
split is size-dependent — the ID gains come al-
most entirely from smaller interpolated models,
where the full objective left the weight-delta stu-
dents near total collapse until roughly 3.3B param-
eters, whereas OOD performance falls off at inter-
mediate and larger sizes. Removing both terms
behaves similarly but with even weaker OOD per-
formance (Figure 20). Therefore, the cosine term
in SFT phase trades ID performance for OOD gen-
eralization, and the choice of whether to retain it
depends on the specific use cases.

G Weight-Delta Alignment Experiments

Results in the preceding appendices and Ap-
pendix M show that ADAPT (weight-delta) is more
successful for some models and setups than oth-
ers, matching the ADAPT (distilled) performance
at its best. However, understanding when exactly
weight-delta transfer succeeds remains an impor-
tant open question. Notably, this is a recognized
and challenging problem even in the closely re-
lated setting of model merging and task vectors,
where identifying the factors that govern whether
weight-arithmetic combination succeeds is an ac-
tive area of research (Rahamim et al., 2026). Here,
we present preliminary results that yield some use-
ful signals.

The task-vector view (Ilharco et al., 2023) treats
a capability acquired through finetuning as a shift
in weight space—in the language of this paper, a
weight delta. A natural predictor of transfer success
is therefore the alignment between the base distilla-
tion delta (θbase

S,distill−θbase
S,init) and each variant’s own

distillation delta (θPT
S,distill−θPT

S,init). Table 5 reports
the cosine similarity and norm ratio between these
deltas.

Alignment tracks transfer reliability. Instruct
and hybrid variants align most closely (cosine of
0.73-0.75 for Qwen and Olmo), thinking variants
less so (0.57-0.64), and Llama least of all (0.30),
mirroring the order in which we observe transfer to
be reliable, partially reliable, and unreliable. Norm
ratios stay near 1, so the deltas differ in direction
rather than magnitude. Although this is a correla-
tional analysis, it suggests directional alignment
as a candidate diagnostic for when weight-delta
transfer will hold. We leave further investigation to
future work.

Variant Cosine Norm ratio

Qwen3-4B-Instruct-2507 0.73 1.00
Qwen3-4B-Thinking-2507 0.57 0.92
Qwen3-4B 0.75 1.00
Qwen3-14B 0.75 1.00
Olmo-3-7B-Instruct 0.73 1.02
Olmo-3-7B-Think 0.64 0.94
Llama-3.1-8B-Instruct 0.30 0.95

Table 5: Cosine similarity and norm ratio between base
and post-trained deltas for each variant.
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Figure 21: ADAPT significantly outperforms layer
pruning baselines on generation tasks. We compare
ADAPT (distilled) and ADAPT (weight-delta) to two
popular layer pruning methods for generation tasks,
ShortGPT (Men et al., 2025) and LLM-Streamline
(Chen et al., 2025), and show that our method performs
substantially better across all sizes.

H Comparison to Layer Pruning Methods

We compare ADAPT against layer pruning meth-
ods on generation benchmarks to show that it pro-
duces substantially stronger intermediate models.

Setup. We consider two popular layer pruning
methods: ShortGPT (Men et al., 2025) and LLM-
Streamline (Chen et al., 2025). ShortGPT prunes
the least influential layers, as determined by the
block influence score (see Appendix H.1). LLM-
Streamline identifies the block of layers with the
lowest block influence score and replaces it with a
lightweight network (see Appendix H.2).

Results. Figure 21 shows that across all model
sizes, ADAPT (distilled) and ADAPT (weight-
delta) models consistently outperform ShortGPT
and LLM-Streamline, which struggle to recover
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meaningful generation capability, especially at
smaller sizes.

H.1 ShortGPT
For ShortGPT (Men et al., 2025), we first calculate
the Block Influence score (BI), which is the cosine
distance between the input and output activations.
A higher BI score indicates higher importance of a
specific layer. The BI score of the ℓth layer can be
calculated as follows:

BIℓ = 1− EX,t

[
x
(ℓ)
t · x(ℓ+1)

t

∥x(ℓ)
t ∥∥x(ℓ+1)

t ∥

]

where x
(ℓ)
t is the tth row of hidden states of the

ℓth layer. When pruning, we sequentially remove
layers with the lowest BI score. We compute BI
using a held-out set of 128 calibration samples from
Nemotron.

H.2 LLM-Streamline
For LLM-Streamline (Chen et al., 2025), we iden-
tify the block of n layers (ℓ∗, ℓ∗ + n) with the low-
est BI score (using the same calibration set from
Nemotron as ShortGPT) and replace it with a single
lightweight network. We then train the replacement
network to imitate the pruned block using mean
squared error (MSE):

min
h

E(x(ℓ∗),x(ℓ∗+n))∈DMSE
(
h(x

(ℓ∗)
i ),x

(ℓ∗+n)
i

)
where h denotes the lightweight network, D de-
notes the recorded hidden states of samples, and
x(i) is the hidden state of the ith layer.

Following Chen et al. (2025), we further post-
train the replaced layer on language modeling
loss in order to have a fairer comparison with our
method.

In our implementation, we use a transformer
block from the original Qwen3-4B-Instruct-2507
model as the lightweight layer and train it on the
same data and token budget as ADAPT (distilled).
We allocate 80% of the total training budget to
lightweight network training and the remaining
20% to post-training. The MSE stage runs for 192
Pile steps and 234 Nemotron steps, while the LM-
loss stage runs for 48 Pile steps and 59 Nemotron
steps. All stages use sequence length of 1024, with
effective batch size of 2048 for Pile and 4096 for
Nemotron. We use the training hyperparameters
shown in Table 6. We perform evaluation follow-
ing the same sampling strategy as discussed in Ap-

Hyperparameters Values

LR (MSE) 2e-4
LR (LM-loss) 5e-5
LR scheduler cosine
Warmup ratio 0.01

Optimizer AdamW
Adam betas (0.9, 0.999)

Adam epsilon 1e-8
Weight decay 1e-3

Max gradient norm 5.0
Mixed precision bf16

Table 6: Hyperparameters for LLM-Streamline
training.

pendix C, using the non-thinking sampling param-
eters.

I Additional Results for Adaptive
Model-Size Selection

I.1 Input Difficulty Classification

As described in Section 4.4, we use the MATH
dataset (Hendrycks et al., 2021b), which contains
competition-style math problems with ground truth
difficulty labels according to the Art of Problem
Solving (AoPS) competition ratings (Art of Prob-
lem Solving, n.d.). For our task, we sample 2 sep-
arate subsets of 1050 problems from the original
dataset, each with 210 problems for each difficulty
level. We use one as the training set to determine
the optimal model routing policy, and the other as
a test set to measure the efficiency gains of our
method.

To create the model routing policy, we require a
lightweight and reliable method for estimating in-
put difficulty. We test both the student and teacher
models as classifiers by prompting them to assign
a difficulty rating to each question. Specifically,
each input question is paired with a prompt describ-
ing the AoPS difficulty scale (Figure 22), and the
model is asked to output a rating from 1 to 10. We
merge all levels above 5 into level 5, since we know
a priori that the MATH dataset contains problems
of at most level 5 difficulty. To obtain predictions
efficiently, we perform a single forward pass and
extract the predicted class directly from the output
logits.

To evaluate classification performance, we use
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Difficulty Grading Prompt
You will be given a math problem. Your job is to grade the difficulty level from 1-10 according
to the AoPS standard.
Here is the standard:
All levels are estimated and refer to averages. The following is a rough standard based
on the USA tier system AMC 8 - AMC 10 - AMC 12 - AIME - USAMO/USAJMO -
IMO, representing Middle School - Junior High - High School - Challenging High School -
Olympiad levels. Other contests can be interpolated against this.
Notes:
- Multiple choice tests like AMC are rated as though they are free-response.
- Some Olympiads are taken in 2 sessions, with similarly difficult sets of questions.
Scale
1: Problems strictly for beginners (e.g., AMC 8 1-20, AMC 10 1-10).
2: For motivated beginners (e.g., AMC 8 21-25, AMC 10 11-20).
3: Advanced beginner problems (e.g., AMC 10 21-25, AIME 4-6).
4: Intermediate-level problems (e.g., AMC 12 21-25, AIME 7-9).
5: More difficult AIME problems (10-12), simple Olympiad problems.
6: High-level AIME (13-15), introductory Olympiad questions.
7: Tougher Olympiad questions requiring technical knowledge.
8: High-level Olympiad questions.
9: Expert Olympiad questions.
10: Extremely difficult problems unsuitable for standard competitions.
Examples
<1: Counting edges/corners/faces of a cube (2003 AMC 8 Problem 1).
1: How many integers satisfy |x| < 3π? (2021 AMC 10B Problem 1).
2: Probability problem with die rolls (2021 AMC 10B Problem 18).
3: Geometry problem with area calculation (2018 AMC 10A Problem 24).
4: Recursive sequence problem (2019 AMC 10B Problem 24).
5: System of equations (JBMO 2020/1).
6: Complex geometry problem (2020 AIME I Problem 15).
7: IMO 2015 Problem 1 about balanced sets.
8: IMO 2014 Problem 5 about coin denominations.
9: IMO 2022 Problem 3 about prime arrangements.
10: IMO 2020 Problem 6 about point separation.
Task:
Problem to be labeled: {problem}.
Please put your estimation of the difficulty as a single number from 1-10.
Important: You MUST respond with only a single number between 1-10 indicating the
difficulty of problem, not the solution of the problem.
Output: <difficulty level from 1-10>

Figure 22: Prompt for difficulty classification. Adapted from Waheed et al. (2025).
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Figure 23: Interpolation performance of Qwen3-4B-Instruct-2507 for different difficulty levels. We find
that the teacher-defined difficulty score produces similar interpolation curves to the ground truth difficulty scores,
but student-defined difficulty is unreliable. This shows that the teacher-defined labels can act as a reasonable
approximation for groundtruth difficulties.

Levels Teacher Student

1 184 1035
2 282 9
3 149 2
4 195 0
5 240 4

Table 7: Breakdown of input-difficulty classification
results from teacher and student models. The student
is unreliable for difficulty classification, as it chooses the
lowest difficulty level for the vast majority of examples.

the mean absolute error (MAE):

MAEDtrain(ŷ,y) =
1

|Dtrain|
∑

i∈Dtrain

|ŷi − yi|

where Dtrain denotes the training set, ŷi is the pre-
dicted difficulty for the ith problem, and yi is the
corresponding ground-truth difficulty.

On our training set, the teacher achieves an MAE
of 0.970, while the student has an MAE of 1.995.
This indicates that the teacher’s predictions are typi-
cally within one difficulty level of the ground truth,
whereas the student’s predictions deviate by ap-
proximately two levels on average. This suggests
that the teacher provides substantially more accu-
rate estimates for adaptive model selection. The
class breakdown of the teacher and student predic-
tions is shown in Table 7.

While the MATH dataset provides human-
annotated difficulty labels, prior work has shown
that human difficulty does not always align with
model-perceived difficulty (Kordi et al., 2025). Fig-
ure 23 verifies that teacher-predicted labels pro-

duce well-separated and consistently ordered per-
formance curves, closely matching the trends from
ground-truth labels, whereas student-predicted la-
bels are noisy and do not yield clear separation.
This further supports using the teacher for diffi-
culty estimation in adaptive model selection.

We omit the cost of difficulty classification from
the results in Section 4.4, as it requires only a single
teacher forward pass and is negligible relative to
the average response length of 3770.5 tokens.

I.2 Adaptive Model-Size Selection Results for
Olmo and Llama

In Figures 24 and 25, we report the results for
the adaptive model size selection experiments
for Olmo-3-7B-Instruct and Llama-3.1-8B-Instruct.
Note that we use Qwen3-4B-Instruct-2507 to pro-
vide the difficulty labels (same as in Section 4.4) as
it is smaller than both the teacher models of Olmo
and Llama, and therefore cheaper.

I.3 Discussion of Total Token Count

While smaller models offer more favorable FLOPs
per token performance, we empirically observe
that they often generate more tokens overall for
the same set of questions. This is because smaller
models are typically less capable, leaving more
problems unsolved. On these questions, the
model keeps generating tokens until it hits the
max_tokens limit, whereas on questions it solves
correctly, it completes them using far fewer tokens.
We believe that with further training, this issue can
be mitigated, but this is beyond the scope of this
paper and we leave it for future work.
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Figure 24: Adaptive model size selection results for Olmo-3-7B-Instruct.
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Figure 25: Adaptive model size selection results for Llama-3.1-8B-Instruct.
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Figure 26: Comparison of interpolation performance for different patching orders. We test patching from the
front, patching from the back, and KLPatch (Kangaslahti et al., 2026b). We find that KLPatch can further improve
performance, indicating that more sophisticated patching strategies are orthogonal to our approach and can be used
in conjunction with our student models.

J Patching Order Experiment

In Figure 26, we show the full interpolation curves
for all three model families when testing front-to-
back and back-to-front patching orders. We also
test KLPatch, which is a recently proposed iterative
greedy KL divergence-based algorithm for select-
ing the patching order (Kangaslahti et al., 2026b).
At each size, KLPatch patches each student layer in-
dividually and selects the layer with minimum KL
divergence to the teacher. We use a calibration set
of 64 examples from the Nemotron non-thinking

set in order to compute the KL divergence. These
plots provide a more detailed view of how patching
order affects interpolation behavior across model
sizes.

We observe that the effect of patching order
varies substantially across models. For Qwen3-
4B-Instruct-2507 and Olmo-3-7B-Instruct models,
KLPatch improves performance over patching from
the front and patching from the back. However,
for Llama-3.1-8B-Instruct, patching from the front
yields the best performance. This suggests that the
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Figure 27: Smooth weight interpolation results for
generation accuracy. Base and post-trained students
display smooth interpolation behavior in downstream
generation accuracy.

optimal patching depends on how different layers
contribute to downstream generation performance
in each model and architecture. In our experi-
ments, we use back to front for Qwen3-4B-Instruct-
2507 and front to back for Olmo-3-7B-Instruct and
Llama-3.1-8B-Instruct. As KLPatch improves per-
formance for small Qwen and Olmo models, this
indicates that more sophisticated patching methods
can be used in conjunction with ADAPT to improve
the performance of post-trained model families.

K Additional Smooth Weight
Interpolation Results

In this section, we report the smooth weight inter-
polation results for generation accuracy (Figure 27)
and loss on SFT data (Figures 28 and 29). We
observe the same smooth weight interpolation be-
havior between the base and post-trained students
across all three setups. The difference between
Figures 28, 29, and Figure 5 from Section 4.5 can
be attributed to the calibration data we used to cal-
culate the loss terms, as different models (base,
instruct, thinking) naturally have lower loss on dif-
ferent types of calibration data. Therefore, the
results provide additional evidence that distilled
students mirror teacher-level connectivity in the
weight space.

L Training Dynamics

In Figure 30, we study how the interpolation per-
formance behaves during the two-phase training.
During the pre-training phase, the model converges
to a lower interpolation performance curve very
similar to the BD (pre-train) curve in Figure 2. The
SFT phase on Nemotron data initially produces im-
proved student model performance but has a dip
in interpolation performance at higher model sizes,
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Figure 28: Smooth weight interpolation results for
loss on non-thinking Nemotron data. Base and post-
trained students display smooth interpolation behavior
in loss evaluated on non-thinking Nemotron data.
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Figure 29: Smooth weight interpolation results for
loss on thinking Nemotron data. Base and post-trained
students display smooth interpolation behavior in loss
evaluated on thinking Nemotron data.
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Figure 30: Training dynamics study of two-phase
distillation. We find that two-phase distillation con-
verges to two distinct interpolation curves during the
pre-training and SFT phases, which allows the model to
retain general-purpose and in-domain performance.

then converges to a solution with both improved stu-
dent model performance and smooth interpolation
behavior. Taken together, this indicates that both
phases converge to distinct solutions with general
purpose versus in-domain alignment to the teacher
model.
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M ADAPT for Additional Models and
Tasks

In this section, we show the additional results for
Qwen, Olmo and Llama models. We also show the
performance of ADAPT on coding tasks.

M.1 Results for Qwen3-14B
In Figures 31, 32, and 33, we show the two-
phase distillation and weight-delta initialization
results for Qwen3-14B with both thinking and non-
thinking modes.

M.2 Results for Olmo
In Figures 34 and 35, we show the two-phase dis-
tillation and weight-delta initialization results for
Olmo-3-7B-Instruct and Olmo-3-7B-Think.

M.3 Results for Llama
In Figures 36 and 37, we show the two-phase dis-
tillation and weight-delta initialization results for
Llama-3.1-8B-Instruct.

M.4 Results for Coding Tasks
In this section, we report the performance of
ADAPT for coding tasks and show that it works
beyond mathematical reasoning. We replace the
math data with coding data for the SFT phase, sam-
pled from the coding split of Llama Nemotron
Post-Training Dataset (Bercovich et al., 2025).
For ID tasks, we use MBPP+ (Austin et al.,
2021), HumanEval+ (Chen et al., 2021), and Live-
CodeBench (Jain et al., 2025). MBPP+ and Hu-
manEval+ are augmented versions created with
EvalPlus (Liu et al., 2023). We use the same bench-
marks for OOD tasks (IFEval and MMLU-Redux).

In Figures 38 and 39, we show the two-phase
distillation and weight-delta initialization results
for Qwen3-4B under thinking mode. The results
show that, similar to math tasks, two-phase dis-
tillation continues to outperform BD (pre-train)
and BD (SFT) setups in both ID and OOD
tasks. ADAPT (weight-delta) remains as a trade-
off between the higher-compute upper bound
ADAPT (distilled) and compute-matched base-
line cross-patch (2-phase). It is cheaper than
ADAPT (distilled) while performing better than
cross-patch (2-phase).
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Figure 31: ADAPT (distilled) results for Qwen3-14B (Thinking). Two-phase distillation produces the highest and
most stable performance over both ID and OOD tasks.
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Figure 32: ADAPT (distilled) results for Qwen3-14B (Non-Thinking). Two-phase distillation produces the
highest and most stable performance over both ID and OOD tasks.
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Figure 33: ADAPT (weight-delta) results for Qwen3-14B with both thinking and non-thinking modes.
ADAPT (weight-delta) remains competitive with ADAPT (distilled) across both ID and OOD settings, while
consistently outperforming cross-patch (2-phase).
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Figure 34: ADAPT (distilled) results for Olmo models. Two-phase distillation produces the highest and most
stable performance over both ID and OOD tasks.
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Figure 35: ADAPT (weight-delta) results for Olmo models. ADAPT (weight-delta) remains competitive with
ADAPT (distilled) across both ID and OOD settings, while consistently outperforming cross-patch (2-phase) (with
the exception of OOD performance for Olmo-3-7B-Think).
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Figure 36: ADAPT (distilled) results for Llama models. Two-phase distillation produces the highest and most
stable performance over both ID and OOD tasks.
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Figure 37: ADAPT (weight-delta) results for Llama models. ADAPT (weight-delta) remains comparable with
ADAPT (distilled) across both ID and OOD settings.
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Figure 38: ADAPT (distilled) results for Qwen3-4B on coding tasks. Similar to the math setup, two-phase
distillation produces the highest and most stable performance over both ID and OOD tasks. The evaluation is done
on thinking mode only.
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Figure 39: ADAPT (weight-delta) results for Qwen3-4B on coding tasks. ADAPT (weight-delta) maintains a
trade-off between the higher-compute upper bound ADAPT (distilled) and compute-matched baseline cross-patch (2-
phase). It is cheaper than ADAPT (distilled) while performing better than cross-patch (2-phase).
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N Individual Benchmark Results

N.1 Two-phase Post-trained Distillation
Results

In Figure 40, we show the interpolation perfor-
mance of Qwen3-4B-Instruct-2507 on individual
benchmarks.

N.2 Weight-delta Initialization Results
In Figure 41, we show the results from the weight-
delta initialization experiments for Qwen model
family on individual benchmarks.

O Use of Large Language Models

We utilized generative AI tools for code comple-
tion, debugging, and minor grammatical correc-
tions in the manuscript. The authors carried out
all the substantive research contributions, analyses,
and interpretations.

3.0 3.5 4.0
0.0

0.5

A
cc

ur
ac

y

AIME (↑)

3.0 3.5 4.0

GSM8K (↑)

3.0 3.5 4.0

MATH500 (↑)

3.0 3.5 4.0
0.0

0.5

A
cc

ur
ac

y

IFEVAL (↑)

3.0 3.5 4.0

MMLU-REDUX (↑)
ADAPT (distilled)

BD (SFT)

BD (pre-train)

Cross-patch (pre-train)

Base model BD

Qwen3-4B-Instruct-2507

Qwen3-4B-Base

Post-trained student

Base student

Interpolated models

No. of Parameters (Billions)

Figure 40: Interpolation results for Qwen3-4B-Instruct-2507 on individual benchmarks.

31



3.0 3.5 4.0
0.0

0.2

0.4

0.6

A
IM

E
A

cc
.

Qwen3-4B-Instruct-2507

3.0 3.5 4.0

Qwen3-4B-Thinking-2507

3.0 3.5 4.0

Qwen3-4B (Thinking)

3.0 3.5 4.0

Qwen3-4B (Non-Thinking)

3.0 3.5 4.0
0.0

0.5

1.0

G
S

M
8K

A
cc

.

3.0 3.5 4.0 3.0 3.5 4.0 3.0 3.5 4.0

3.0 3.5 4.0
0.0

0.5

M
A

T
H

50
0

A
cc

.

3.0 3.5 4.0 3.0 3.5 4.0 3.0 3.5 4.0

3.0 3.5 4.0
0.00

0.25

0.50

0.75

IF
E

V
A

L
A

cc
.

3.0 3.5 4.0 3.0 3.5 4.0 3.0 3.5 4.0

3.0 3.5 4.0
0.00

0.25

0.50

0.75

M
M

L
U

-R
E

D
U

X
A

cc
.

3.0 3.5 4.0 3.0 3.5 4.0 3.0 3.5 4.0

ADAPT (distilled) ADAPT (weight-delta) Cross-patch (2-phase)

Teacher Post-trained student Base student Weight-delta student Interpolated models

No. of Parameters (Billions)

Figure 41: Weight-delta initialization experiment results for Qwen 4B model family on individual benchmarks.
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