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Abstract

Knowledge distillation (KD) is a standard route to com-
press Large Language Models (LLMs) into compact stu-
dents, yet most pipelines uniformly apply token-wise loss
regardless of teacher confidence. This indiscriminate su-
pervision amplifies noisy, high-entropy signals and is espe-
cially harmful under large teacher-student capacity gaps.
We introduce SelecTKD, a plug-and-play Selective Token-
Weighted distillation framework that shifts the focus from
“how to measure divergence” to “where to apply learning”.
At each step, the student proposes tokens that are verified
by the teacher through a robust propose-and-verify proce-
dure with two variants: greedy Top-k and non-greedy Spec-
k. Accepted tokens receive full loss, while rejected tokens
are masked or down-weighted. This objective-agnostic de-
sign works with on- and off-policy data, induces an implicit
curriculum quantified by Token Acceptance Rate (TAR),
and stabilizes optimization. Across instruction following,
mathematical reasoning, code generation, and a VLM set-
ting, SelecTKD consistently improves strong baselines and
achieves state-of-the-art results for small models without
architectural changes or extra reference models.

1. Introduction

Large Language Models (LLMs) have made rapid progress
through scaling compute, parameters, and data [23, 27], yet
their inference-time latency and memory footprint hinder
broad deployment [54]. Compressing LLMs into compact
students without sacrificing capability is thus a central prac-
tical challenge. Knowledge distillation (KD) [18] is the de
facto approach for transferring competency from a powerful
teacher to a smaller student and has enabled strong Small
Language Models (SLMs), as illustrated by recent open-
source families [48, 55]. However, most KD pipelines apply
a uniform token-wise loss, even when the teacher is uncer-
tain, forcing the student to imitate high-entropy predictions.
This indiscriminate supervision injects noise, especially un-

*Corresponding author.

der large capacity gaps, and can destabilize optimization.

The literature on LLM distillation mainly spans three
axes. (1) Data regimes: dynamic selection and on-/off-
policy pipelines mitigate exposure bias [2, 3, 29, 34, 63]. (2)
Objectives: beyond vanilla KL, reverse/adaptive/skewed di-
vergences and other f-divergences are explored [15, 26, 29,
50, 51]. (3) Transferred knowledge: multi-granularity se-
mantics and adaptive interpolation address what and when
to transfer [36, 38, 45, 49]. DistiLLM-2 [30] further argues
that matching losses to data type (e.g., SKL for teacher data,
SRKL for student data) is crucial. Yet we ask: is loss ge-
ometry the dominant factor?

Motivated by this question, we revisit the role of loss
geometry from both empirical and theoretical perspectives.
Our preliminary experiments (Figure 1) compare multiple
KL-family objectives and loss/data pairings under identi-
cal training budgets and data curation, and observe surpris-
ingly similar end performance across choices, even when
DistiLLM-2-style asymmetric pairings are used; additional
results on other evaluation platforms are provided in the
Appendix. This trend echoes the analysis of [51]: while
forward/reverse/skewed KLs can yield different optimiza-
tion paths, they share the same fixed point in the limit (see
also our Appendix proofs). In other words, much of the ob-
served difference is attributable to training dynamics rather
than the final solution.

This reframes the central question: rather than optimiz-
ing only how to measure divergence, we should ask which
tokens are worth learning from. When the teacher-student
capacity gap is large [45], uniformly forcing the student to
mimic all teacher predictions, including high-entropy or un-
certain ones, injects noise and can degrade generalization.
We therefore propose to control where and when the learn-
ing signal is applied at the token level. Inspired by specu-
lative decoding [6, 31], prior works have explored related
ideas: SLIM [44] reweights losses but still optimizes log-
its and may lose dark knowledge [59]; SKD [53] improves
data quality by interleaved sampling yet modifies the dataset
rather than the supervision signal; AdaSPEC [21] filters dif-
ficult tokens via a reference model at extra cost.

In contrast, our SelecTKD uses a simple propose-
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Figure 1. Performance comparison of different loss functions and training datasets on DistiLLM-2 [30] and DistiLLM-2 with SelecTKD,
using Qwen2-7B-Inst as the teacher and Qwen2-1.5B as the student. The chart shows Win Rate on the Evol-Instruct benchmark evaluated
with GPT-40. The baseline is gpt-3.5-turbo. This comprehensive comparison highlights the impact of various loss/data combinations and

demonstrates the consistent advantage of our SelecTKD method.

and-verify mechanism with token-weighted loss to focus
on high-confidence teacher signals. It is plug-and-play,
objective-agnostic (KL/RKL/SKL/SRKL), compatible with
on- and off-policy regimes, and induces a stable implicit
curriculum quantified by Token Acceptance Rate (TAR).
Concretely, the student proposes tokens that the teacher ver-
ifies via two variants greedy Top-k and non-greedy Spec-k;
accepted tokens receive full loss, while rejected tokens are
masked or weakly weighted.

Our main contributions include: (i) We reframe KD
from “how to measure divergence” to “where to apply su-
pervision”, introducing a selective token-weighted mech-
anism that emphasizes teacher-consistent tokens. (ii) We
present a robust verification scheme greedy Top-k and non-
greedy Spec-k with a single intuitive hyperparameter k£ and
a rejected-token weight /3. (iii) We provide theoretical sup-
port showing monotonic improvement of TAR and discuss
its link to smoother loss landscapes and better generaliza-
tion. (iv) We demonstrate consistent gains across instruc-
tion following, math, code, and a VLM setting achieving
SOTA results for small models while remaining plug-and-
play and compatible with KL, RKL, SKL, and SRKL.

2. Related Work

2.1. Knowledge Distillation for LL.Ms

KD [18] compresses LLMs by transferring a strong
teacher to a smaller student. On the objective side,
MiniLLM [15] uses reverse KL, AKL [51] adaptively
blends forward/reverse KL, and DistiLLM [29]/DistiLLM-
2 [30] introduce skew KL with contrastive designs. On

teaching strategies, ImitKD [34] mitigates exposure bias
via on-policy imitation and ATKD [62] adjusts supervision
for easy vs. hard tokens. These works optimize how diver-
gence is measured or how data is curated; SelecTKD instead
decides where to apply supervision and composes with any
of them.

2.2. Token Filtering and Selective Distillation

Not all tokens are equally informative. RHO-1 [35] for-
malizes selective language modeling by reweighting to-
ken losses, while ENT [33] truncates high-error gradi-
ents under noisy supervision. Token Cleaning [43] and T-
SHIRT [13] apply token-level data selection for fine-tuning;
AdaSPEC [21] selectively aligns draft and target models for
speculative decoding. SelecTKD is complementary: it ap-
plies a token-weighted loss directly during KD via a simple
verification mechanism, preserving compatibility with ex-
isting objectives and pipelines (see Appendix A for an ex-
tended discussion).

3. Preliminaries

We formalize knowledge distillation (KD) for autoregres-
sive LLMs and set up token-level divergences used through-
out. An autoregressive model generates an output sequence
Y = [y1,..., ¥y conditioned on an input x. At step t, it
predicts a token from a finite vocabulary V = {v1,..., vy}
The teacher and student define conditional distributions
p(ye | ®,y,) and go(y: | @, y_,), respectively.

Token-level divergences. At each time step ¢ and for each
vocabulary token v; € V, we write p; := p(v; | @, y_,) and
¢i := go(vi | @, y,). The forward and reverse KL contribu-

19288



tions at (t,7) are

N Di
D (p,q0) = pi log =,

i

Ji qi
DD (p,q0) = gi log o )

Sequence-level objectives. Aggregating over steps and vo-
cabulary yields the total forward and reverse KL losses:
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However, forward KL encourages mass-covering, whereas
reverse KL favors mode-seeking [15]. To balance these,
DistiLLM [29] proposed skewed variants, skew KL (SKL)
and skew reverse KL (SRKL), which interpolate between
teacher and student distributions.

Dy (z, y; pllap + (1 — a)qgo), 3)
Dxi(,y; 90| (1 — @)p + age).  (4)

D) (@, y; pllgs) =
D), (@, y; pllge) =

where o € [0, 1] controls the mixing ratio. Building on
this, DistiLLM-2 [30] applies SKL to teacher-generated
data and SRKL to student-generated data with a curriculum
over skew coefficients. Let D® and D'®) denote batches of
teacher and student responses. The per-step objective is

Lpisicm2 = (1 — p) E(m,y)eDa)[Dé(;(tﬁ(ma y;pllg0)] 5)

+ UE e [DSi (@ vipll a0)],

where p € [0, 1] trades off teacher vs. student distributions
and oy, as are scheduled over training. All objectives are
implemented token-wise.

4. Method

In this section, we present SelecTKD, our proposed frame-
work designed to address the limitations of uniform, indis-
criminate loss application in conventional knowledge dis-
tillation, as shown in Figure 2. Drawing inspiration from
speculative decoding, SelecTKD introduces a dynamic,
token-level verification mechanism that selectively filters
the distillation signal, focusing learning on tokens where
the student and teacher are sufficiently aligned.

Formally, the SelecTKD loss is defined with a generic
token-wise divergence D(-||-) (e.g., KL/RKL/SKL/SRKL):

ly|

LselecTKD = Z Vi D (Pt HQt) (6)

t=1

where p, = p(- | =, y,) and ¢ = ¢o(- | =, y_,) are the
teacher and student distributions at position ¢, and V; €
{0, 8,1} is a token-level verification weight determined by a
verifier V(-)'. The core innovation of SelecTKD lies in V4,
which adaptively decides whether to apply the distillation
loss at each token based on student-teacher alignment.

"Note, V/(-) will pass a detach operation to implement the stop-gradient
operator.

4.1. Verification Mechanisms in SelecTKD

4.1.1. Hellinger-Based Verification

An intuitive starting point is to compare the teacher and
student probability distributions with the Hellinger dis-
tance [14]. For a step ¢, let p, and ¢; denote the teacher
and student distributions on V. The Hellinger distance is

1
H(pu(}t):ﬁH\/ﬁ—\/qTHZ, 0<H<L<L (7

It is symmetric and bounded, offering numerical stability.
A soft instantiation sets V,=H (p:, q:) (“more similar, less
learning”), but Hellinger is tail-sensitive and rank-agnostic
small low-probability shifts can change H despite agree-
ment on Top-k, misaligning supervision. We therefore
adopt a discrete, rank-based Top-k verifier that focuses
on high-confidence tokens, ignores tail noise and calibra-
tion bias, and is computationally simpler. This choice also
enables the Spec-£ variant and aligns with our observations
of rising TAR and flatter loss landscapes.

4.1.2. Greedy Top-% Token Verification
To enhance robustness, we propose a discrete, rank-based

verification mechanism. At each step ¢, the student proposes
its most likely token:

Ut = arg myax qo(y | m7y<t) ®

We then check whether this token is among the teacher’s
top-k candidates:

= B + (1=P) LG € Top,(p:)) ©)

where Top,, (p;) denotes the set of k tokens with the highest
probabilities under the teacher’s distribution at position .
When 3 = 0, this reduces to hard gating; small 5 > 0
provides gentle regularization. This method is robust to the
absolute probability values and provides an intuitive knob
(k) to control the strictness of verification.

4.1.3. Non-Greedy Spec-k Verification

To further mitigate exposure bias and align with speculative
sampling [3 1], we verify multiple student proposals per step
with a rejection-sampling style test. At each position ¢, the
student draws k i.i.d. candidates from its own distribution:

={y", P} ~iid g 2y ,). (10)
For each sampled token yt(j ), we only query the token and
compute the standard speculative-acceptance probability

] ()
o — min(l, Pdy: )) (11)

qt(y(J))

Draw r() ~U[0, 1] and accept the candidate if () < ).

Let A, = {j € [1.k] | r©) < agj)} be the set of accepted
samples. We then define the verification weight:

Ve=B+(1-B)I(l4l >1) (12)
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Figure 2. Overview of SelecTKD, a “propose-and-verify” framework for selective token-level knowledge distillation. Left: Dataset Gen-
eration. Both teacher p(«, y) and student go (¢, y) can produce responses, enabling on- and off-policy data. Middle: Model Prediction
and Token Sampling. Two variants are supported: (a) Greedy Top-k: the student proposes a greedy token ¢; (argmax) and the teacher
returns its Top-k set; (b) Non-greedy Spec-k: the student samples k candidate tokens and the teacher is queried only on these candidates
to compute acceptance indices following speculative sampling [6, 31]. Right: Verification and Loss Computation. A token is accepted
if it is in the teacher’s Top-k (greedy) or passes the speculative acceptance test (non-greedy). Accepted tokens receive full loss; rejected
tokens are masked or down-weighted by 3. The loss is objective-agnostic and works with KL, RKL, SKL, and SRKL. This design focuses
learning on reliable, teacher-aligned tokens and yields a stable, curriculum-like training dynamic.

Intuitively, if any of the k proposals are accepted by the
teacher under the speculative test, the teacher’s local signal
is informative and the student should proceed with normal
learning; if all are rejected, supervision at this step is likely
noisy or misaligned and is therefore down-weighted. This
criterion inherits the robustness of speculative sampling, re-
quires k probability lookups at the teacher to score the stu-
dent’s proposals, curriculum-like [39] behavior.

4.2. Token Acceptance Rate (TAR)

A key property of SelecTKD is its stable and convergent
training dynamics, which can be quantified by the Token
Acceptance Rate (TAR):

|yl

TAR = E(g 4) ol > AV =1)

t=1

13)

TAR measures the expected fraction of tokens for which the
student’s proposal is accepted by the teacher’s verifier (i.e.,
full-weight tokens).

Theorem 1 (Monotonic TAR Improvement). Assume (i) the
student model satisfies standard Lipschitz continuity con-
ditions [8], ensuring bounded output changes under small
parameter updates, and (ii) the learning rate n > 0 is suf-
ficiently small so that accepted tokens do not revert to re-
Jjected status. Then, for both Greedy Top-k and Non-Greedy
Spec-k, each gradient step satisfies TARt11 — TAR, >
nk (1—TAR.), where k > O depends on the teacher’s confi-
dence margin at the Top-k boundary, the model’s Lipschitz

constant, and the gradient magnitude for tokens near the
acceptance threshold (full proof in Appendix E).

The bound implies fastest improvement when TAR; is
low (many misaligned tokens) and natural saturation as
TAR; — 1, formalizing the implicit curriculum effect.

The SelecTKD Algorithm. We summarize the full Selec-
TKD training procedure in Algorithm 1. The core is the
dynamic, token-level verification that determines whether
to apply the distillation loss at each position. Note that the
validation operation for each token position can be batched,
and the actual implementation does not require a for loop.

S. Experiments

5.1. Experiment Setup in LL.Ms

All experiments use the Hugging Face TRL framework with
LoRA [20] on 8 NVIDIA A100 80GB GPUs, following the
training recipe of DistiLLM-2 [30]. Unless otherwise noted,
SelecTKD uses £ = 5 and 5 = 0.01. We run 2 epochs for
instruction/code and 1 epoch for math, with early stopping
on a held-out validation set. LoRA ranks and target mod-
ules are fixed across methods for fairness.

General Instruction-Following. We randomly sample
50k prompts from UltraChat200k [11] to construct the
training set. Three teacher-student pairs are evaluated:
Qwen2-7B-Instruct [22] — Qwen2-1.5B-Instruct, Mistral-
7B-Instruct [41] — Danube2-1.8B [46], and Gemma-2-9B-
IT [47] — Gemma-2-2B-IT. Performance is assessed on Al-
pacaEval [12], Evol-Instruct [52], and UltraFeedback [10],
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Algorithm 1 The training process of SelecTKD

1: Input: Teacher p, Student gy (params ), Top-k or Spec-
k value k, rejected-token weight (3, verification mode &
{greedy,non-greedy}

2: Output: Updated student g,

3: for each batch (x, y) in dataset D do

Initialize total loss Lo = 0

5 for each token positiont = 1,. .., |y| do

6 pe =P Y<t)s @ qo(le,yoy)

7 if mode == greedy then

8: Ut < argmaxy q:(y)

9

0

1

e

Vi< B+ (1= B) - 1(g: € Topy(p:))
else if mode == non—-greedy then

1
11: Sample k candidates {yij)};?:l ~iid. g

12: For each j: al?) « min(l, p”(y%;;)), draw () ~
qt(y;”")
Ulo, 1]
13: A {je[L.k] | rD) <al}
14: Vi B+ (1-8) I(JA] > 1)
15: end if
16: L¢ < Vi - D(pe|lge) {D € {KL, RKL, SKL, SRKL}}
17: Elolal — [flolal + Ly
18:  end for

19:  Lsetectkp < Liotal/|Y|
20:  Update 0 using Vo LselecTKD
21: end for

following the LLM-as-a-Judge [60] protocol with GPT-40
or GPT-40-mini as judges to report win rates. We reserve
1k held-out prompts from the 50k for validation and use
the remainder for training. For evaluation sets, we follow
DistiLLM-2 [30] splits and apply de-duplication against our
training sources by prompt hashing.

Mathematical Reasoning. We evaluate on GSM8K [9]
and MATH [17] benchmarks using Qwen2-Math-7B-Inst
and Qwen2.5-Math-7B-Inst as teachers, and Qwen2-Math-
1.5B and Qwen2.5-Math-1.5B as students. Each student is
first supervised fine-tuned on the full MetaMathQA dataset
for one epoch, then distilled with 50k samples from Meta-
MathQA [57]. Pass@1 accuracy is used for evaluation.
Code Generation. For code generation, we use Wizard-
Coder prompts (Evol-Instruct) for training. Teacher-student
pairs include Qwen2.5-Coder-7B-Inst — Qwen2.5-Coder-
1.5B and DeepSeek-Coder-6.7B-Inst — DeepSeek-Coder-
1.3B. Students are trained for 2 epochs and evaluated on
HumanEval and MBPP using Pass@1 accuracy.
Reporting. Following DistiLLM-2 [30], all win rates and
accuracy scores are averaged over 3 seeds. We report 95%
confidence intervals from 10,000 bootstrap resamples strat-
ified by task. For LLM-as-a-Judge, we use randomized,
pairwise side-by-side comparisons and tie-aware scoring,
excluding ties from win rate calculation. Judge prompts and
system messages are fixed across all methods.

Baselines. We compare SelecTKD with a range of rep-

resentative knowledge distillation methods: Vanilla KD:
Standard supervised distillation on teacher token distri-
butions. SeqKD: Supervised training on full teacher-
generated sequences. ImitKD: Hybrid on-policy distilla-
tion using a mix of ground-truth and student outputs. GKD:
On-policy distillation with student-generated data and alter-
native divergences. DistiLLM: Framework with skew KLLD
loss and adaptive off-policy reuse of student data. SKD:
Speculative decoding-inspired method where the teacher
corrects low-quality student tokens to build a better training
set. DistiLLM-2: Contrastive method applying asymmet-
ric losses (SKLL/SRKL) to teacher and student data. ATKD:
Adaptive teaching-mode distillation that adjusts supervision
for easy vs. hard tokens under uncertainty [62]. AdaSPEC:
Selective alignment via a reference model to filter difficult
tokens for speculative decoding [21]. The training strategy
for LLMs is consistent with DistiLLM-2 [30].

5.2. Experiment Setup in VLMs

For SelecTKD-VLM-2B (InternVL2-2B+SelecTKD), we
trained on the Mantis-Instruct dataset [25]. The training
process needs only 3 epochs, using the AdamW (5;=0.9,
£2=0.95) optimizer with a cosine learning rate scheduler,
batch size 128, no warmup. The initial learning rate was
set to 8e—>. In this vision-language model distillation task,
we employed InternVL2-8B [7] as the teacher model and
InternVL2-2B as the student model.

5.3. Main Results
5.3.1. General Instruction-Following in LLMs

Table | presents the main results on three instruction-
following benchmarks. Our proposed SelecTKD frame-
work consistently achieves the highest win rates across all
tasks and model pairs, substantially outperforming Vanilla
KD and other strong baselines. The improvements are
especially pronounced in challenging, open-ended gener-
ation scenarios, underscoring the effectiveness of Selec-
TKD’s selective loss filtering in mitigating noisy or un-
informative learning signals. Notably, SelecTKD delivers
clear gains even when applied on top of advanced distil-
lation methods such as DistiLLM-2 and SKD, demonstrat-
ing its generality and robustness for aligning smaller stu-
dent models with nuanced human preferences. We also
compare with two recent token-selective baselines on Evol-
Instruct (Qwen2-7B-Inst — 1.5B): AdaSPEC [21] obtains
40.21% WR and ATKD [62] obtains 45.13%, while Selec-
TKD achieves 48.27%, outperforming both without requir-
ing extra reference models.

5.3.2. Mathematical Reasoning in LLMs

As shown in Table 2 (left), SelecTKD delivers consis-
tent and significant improvements on mathematical reason-
ing benchmarks across all teacher-student setups. Specif-
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Table 1. Win rates (WR) on three instruction-following bench-
marks. The baseline is text-davinci-003 for AlpacaE-
val and gpt-3.5-turbo for Evol-Instruct and UltraFeedback.
Judging is performed by GPT-40 (AlpacaEval, Evol-Instruct) and

GPT-40-mini (UltraFeedback). ‘+Ours’ denotes SelecTKD.

AlpacaEval  Evol-Instruct UltraFeedback AVG.
WR(%) WR(%) WR(%) WR(%)
Qwen2-7B-Inst (M7) — Qwen2-1.5B (M)

Mrp 88.41 70.70 69.25 76.12
Ms 51.06 18.00 21.93 30.33
KD 57.49 28.23 37.86 41.19
+Ours 59.72 (+2.23)  30.35 (+2.12) 39.93 (+2.07) 43.33 (+2.14)
SeqKD 58.02 29.11 38.35 41.83
+Ours 60.16 (+2.14)  31.18 (+2.07)  40.77 (+2.42)  44.04 (+2.21)
ImitKD 59.37 30.58 39.92 43.29
+Ours 61.16 (+1.79) 3230 (+1.72) 4133 (+1.41)  44.93 (+1.64)
GKD 66.07 44.61 57.74 56.14
+Ours 66.95 (+0.88)  45.73 (+1.12)  58.61 (+0.87)  57.10 (+0.96)
DistiLLM 66.30 44.61 58.18 56.36
+Ours 6721 (+0.91) 4572 (+1.11)  58.62 (+0.44)  57.18 (+0.82)
SKD 61.52 44.95 56.82 54.43
+Ours 63.19 (+1.67) 45.97 (+1.02) 57.96 (+1.14) 55.71 (+1.28)
DistiLLM-2 69.88 47.13 59.05 58.69
+Ours 70.60 (+0.72)  48.27 (+1.14)  59.53 (+0.48)  59.47 (+0.78)

Mistral-7B-Inst (M) — Danube2-1.8B (M)
Mrp 91.92 73.51 83.59 83.01
Ms 48.17 12.84 20.06 27.02
KD 60.21 18.23 41.56 40.00
+Ours 62.56 (+2.35)  20.21 (+1.98) 43.60 (+2.04) 42.12 (+2.12)
SeqKD 59.76 18.45 42.11 40.11
+Ours 6231 (+2.55) 2044 (+1.99)  43.89 (+1.78)  42.21 (+2.10)
ImitKD 58.34 17.89 40.87 39.03
+Ours 60.90 (+2.56)  20.54 (+2.65)  43.45 (+2.58)  41.63 (+2.60)
GKD 69.75 24.54 57.74 50.68
+Ours 70.40 (+0.65)  25.82 (+1.28)  58.33 (+0.59)  51.52 (+0.84)
DistiLLM 70.16 28.78 58.18 52.37
+Ours 71.05 (+0.89)  29.95 (+1.17) 59.11 (+0.93) 53.37 (+1.00)
SKD 64.58 38.87 60.04 54.50
+Ours 66.56 (+1.98)  38.96 (+0.09) 60.95 (+0.91) 55.49 (+0.99)
DistiLLM-2 74.04 32.84 62.46 56.45
+Ours 74.69 (+0.65)  33.78 (+0.94)  63.03 (+0.57)  57.17 (+0.72)

Gemma-2-9B-Inst (M) — Gemma-2-2B (Mg)
Mrp 95.78 88.76 85.90 90.15
Ms 42.51 16.74 26.60 28.62
KD 61.78 3245 54.37 49.53
+Ours 64.49 (+2.71)  35.90 (+3.45) 56.79 (+2.42) 52.39 (+2.86)
SeqKD 62.43 33.21 55.18 50.27
+Ours 65.14 (+2.71)  36.58 (+3.37) 57.76 (+2.58) 53.16 (+2.89)
ImitKD 63.12 31.89 53.92 49.64
+Ours 65.48 (+2.36) 3532 (+3.43)  57.02(+3.10)  52.61 (+2.97)
GKD 81.43 50.57 77.20 69.73
+Ours 82.37 (+0.94) 5191 (+1.34) 7891 (+1.71)  71.06 (+1.33)
DistiLLM 82.95 51.26 76.68 70.30
+Ours 84.08 (+1.13) 5244 (+1.18)  77.83 (+1.15)  71.45 (+1.15)
SKD 78.45 57.11 72.21 69.26
+Ours 79.93 (+1.48) 58.53 (+1.42) 73.70 (+1.49) 70.72 (+1.46)
DistiLLM-2 85.97 59.53 78.99 74.83
+Ours 86.96 (+0.99)  60.40 (+0.87)  79.82 (+0.83)  75.73 (+0.90)

ically, with Qwen2-Math-7B-Inst as teacher and 1.5B as
student, SelecTKD improves Pass@1 on GSMS8K from
76.27 to 77.82 (+1.55), and on MATH from 35.58 to 36.89
(+1.31), resulting in an overall average gain from 55.93 to
57.36 (+1.43) compared to DistiLLM-2. Similar trends are
observed with Qwen2.5-Math-7B-Inst, where SelecTKD
raises the GSM8K Pass@1 from 81.20 to 82.45 (+1.25)
and MATH from 42.94 to 43.92 (+0.98), achieving an aver-

age improvement of +1.12. Notably, this consistent gain is
observed under multiple baselines (e.g., GKD, DistiLLM),
highlighting that the implicit curriculum and token filtering
of SelecTKD allow the student to focus on high-confidence,
learnable tokens. This targeted supervision not only pre-
vents the student from overfitting to noisy signals but also
leads to improved multi-step reasoning capabilities, espe-
cially on challenging tasks like MATH.

5.3.3. Code Generation in LLMs

Table 2 (right) summarizes results on code generation
benchmarks. SelecTKD achieves the highest Pass@1 ac-
curacy on both HumanEval and MBPP for all considered
model pairs. For example, using DS-Coder-6.9B-Inst and
Qwen2.5-Coder-7B-Inst as teachers, SelecTKD brings Hu-
manEval Pass@1 from 59.92 to 61.72 (+1.80) and MBPP
from 75.66 to 76.27 (+0.61) for DistiLLM-2, with an overall
average increase from 67.79 to 69.00 (+1.21). Similarly, on
Qwen?2.5-Coder-7B-Inst, HumanEval improves from 42.24
to 43.63 (+1.39), and MBPP from 62.70 to 64.32 (+1.62).
These results demonstrate the superiority of selective loss
masking for code tasks, where precise syntax and logical
accuracy are critical. By focusing optimization on confi-
dent teacher predictions, SelecTKD facilitates more robust
and stable acquisition of programming structures, surpass-
ing all previous baselines on Pass@1.

5.3.4. Comprehensive Evaluation in VLMs

To further validate SelecTKD, we extend it to vision-
language models by distilling InternVL2-2B [7] and eval-
uating the resulting SelecTKD-VLM-2B on the Open VLM
Leaderboard [42]. As summarized in Table 3, SelecTKD-
VLM-2B surpasses all existing models up to 4B parame-
ters, outperforming larger models like Phi-3-Vision (4.2B)
and TAID-VLM-2B. Notably, it achieves top or near-top ac-
curacy on nearly all benchmarks, especially excelling on
MMStar and MMBench_V11. These results demonstrate
the scalability and effectiveness of SelecTKD for compact,
high-performing VLMs, highlighting its strong multimodal
knowledge transfer capabilities.

5.4. Ablation Studies

5.4.1. Effect of the Verification Mechanisms

We conduct a comprehensive ablation to evaluate the ef-
fect of different verification mechanisms within the Selec-
TKD framework, as summarized in Table 4. Compared to
the non-selective Vanilla KD baseline, all selective schemes
yield superior average win rates, demonstrating the cru-
cial role of targeted loss application. Among the stud-
ied approaches, token-based selection strategies provide
more robust improvements over the Hellinger-based crite-
rion. Notably, the Non-Greedy Spec-k£ strategy consistently
achieves the highest win rates, suggesting that allowing for
flexible acceptance rather than strict selection can further
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Table 2. Combined results on Math and Code benchmarks. The best Pass@1 score is highlighted in bold. ‘+Ours’ denotes SelecTKD.

Math Benchmarks

Code Benchmarks

Qwen2-Math-7B-Inst — 1.5B ‘ Qwen2.5-Math-7B-Inst — 1.5B

DS-Coder-6.9B-Inst — 1.3B ‘ Qwen2.5-Coder-7B-Inst — 1.5B

|

|
GSMSK MATH AVG. GSMS8K  MATH AVG. HEval MBPP AVG. HEval MBPP AVG.
Method Pass@1 Pass@1l Pass@1 ‘ Pass@1 Pass@l Pass@1 ‘ Pass@1 Pass@1 Pass@1 ‘ Pass@1 Pass@1 Pass@1
Mr 83.93 41.28 62.61 89.31 44.82 67.07 85.37 82.54 83.96 75.61 74.60 75.11
Ms 74.53 25.56 50.05 ‘ 77.33 27.14 52.24 ‘ 50.61 7222 61.42 ‘ 30.73 60.84 45.79
GKD 75.44 34.16 54.80 80.21 40.54 60.38 54.88 74.34 64.61 40.85 61.90 51.38
+Ours 76.86 35.43 56.15 82.10 42.31 62.21 56.23 76.08 66.16 42.32 63.67 53.00
DistiLLM 75.59 34.54 55.07 81.05 41.14 61.10 53.65 74.34 64.00 39.63 62.17 50.90
+Ours 77.38 35.92 56.65 82.23 42.20 62.22 55.18 75.92 65.55 41.61 63.89 52.75
DistiLLM-2 76.27 35.58 55.93 81.20 42.94 62.07 59.92 75.66 67.79 42.24 62.70 52.47
+Ours 77.82 36.89 57.36 82.45 43.92 63.19 61.72 76.27 69.00 43.63 64.32 53.98

Table 3. Performance of SelecTKD-VLM-2B, our new state-of-the-art VLM for models up to 4B parameters.

Model MMBench_-V11 MMStar MMMU_VAL MathVista OCRBench AI2D HallusionBench MM Vet ‘ Average
PaliGemma-3B-mix-448 [4] 65.6 48.3 349 28.7 61.4 68.3 322 33.1 46.6
MiniCPM-V-2 [56] 65.8 39.1 38.2 39.8 60.5 62.9 36.1 41.0 479
Phi-3-Vision [1] 65.2 47.7 46.1 44.6 63.7 78.4 39.0 44.1 53.6
InternVL2-2B [7] 69.6 49.8 36.3 46.0 78.1 74.1 38.0 39.7 54.0
TAID-VLM-2B [45] 70.7 49.5 35.1 51.6 78.6 74.0 56.8 35.1 56.4
SelecTKD-VLM-2B(Ours) 71.3 50.2 39.8 52.6 79.5 71.3 46.5 45.8 57.9

enhance student learning by embracing a broader range of
valid learning signals.

5.4.2. Impact of Hyperparameters % and 3

We further analyze the influence of the key hyperparam-
eters k (the number of candidates) and /3 (the weighting
for rejected tokens). As reported in Table 4, performance
is not highly sensitive within a reasonable range of k, but
peaks at k& = 5. Adjusting [ reveals that while hard gat-
ing (8 = 0) is already effective, introducing a small non-
zero value (8 = 0.01) consistently improves results. This
indicates that weakly training on rejected tokens serves as
a beneficial regularizer, likely providing implicit exposure
to valuable negative information. Conversely, increasing
[ further erodes the advantages of selective learning and
causes performance to approach that of Vanilla KD. Over-
all, the best results are obtained with £ = 5 and 5 = 0.01.

5.4.3. On the Role of Loss Function Geometry

To investigate whether loss function geometry is the domi-
nant factor in distillation, we experiment with various com-
monly used distillation losses within the SelecTKD frame-
work. All models are trained on the same mixed dataset
generated offline by both teacher and student (see Figure 3
(a)). We observe that while different losses may converge at
different rates, their final performance is similar when train-
ing is sufficiently long. This supports our hypothesis that,
with selective loss application, the choice of loss function
is less critical than the control over where and when the
learning signal is applied. Losses incorporating Skew KL
consistently outperform others, in line with prior findings.

Table 4. Comprehensive ablation on verification mechanisms, se-
lection types, and key hyperparameters k and 3 for SelecTKD. Re-
sults are reported as average win rate (%) on instruction-following

benchmarks (Qwen2-7B-Inst — Qwen2-1.5B).

Method Verification k 8 Avg. Win Rate (%)
Vanilla KD None - 1 41.19
SelecTKD (H) Hellinger-based - - 41.70
SelecTKD (G) Greedy Top-k 3 001 42.98
SelecTKD (G) Greedy Top-k 5 0.01 43.09
SelecTKD (G) Greedy Top-k 7 0.01 43.04
SelecTKD (G) Greedy Top-k 5 0 42.27
SelecTKD (NG) Non-Greedy Spec-k 3 0.01 43.22
SelecTKD (NG)  Non-Greedy Spec-k 5 0.01 43.33
SelecTKD (NG)  Non-Greedy Spec-k 7 0.01 43.26
SelecTKD (NG) Non-Greedy Spec-k 10 0.01 43.13
SelecTKD (NG) Non-Greedy Spec-k 5 0.1 43.20
SelecTKD (NG)  Non-Greedy Spec-k 5 0.05 43.18
SelecTKD (NG)  Non-Greedy Spec-k 5 0 42.83
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Figure 3. Performance analysis of SelecTKD in Qwen2-1.5B: (a)
Comparison of different distillation methods during training; (b)
Robustness of SelecTKD to increasingly larger teachers.

5.4.4. Mitigating the Curse of the Powerful Teacher

A well-known challenge in knowledge distillation is that us-
ing a much larger teacher can sometimes degrade student

19293



performance, as noted by [62]. We hypothesize this is due
to the higher-entropy, more complex distributions produced
by large teachers, which can overwhelm a capacity-limited
student. SelecTKD addresses this by filtering out such noisy
signals. To validate this, we fix the student (Qwen2-1.5B)
and distill from teachers of increasing size. As shown in
Figure 3 (b), Vanilla KD performance plateaus and then
drops as teacher size increases, confirming the “curse of the
powerful teacher.” In contrast, SelecTKD enables the stu-
dent to benefit monotonically from stronger teachers, high-
lighting the importance of selective loss for robust knowl-
edge transfer from frontier models.

5.5. Discussion of SelecTKD Optimization

5.5.1. Connection to Implicit Curriculum Learning

SelecTKD naturally induces an implicit, adaptive curricu-
lum [39]. As training progresses, the Token Acceptance
Rate (TAR) increases quasi-monotonically, see Figure 4 (a),
indicating that the student is mastering “easy” tokens first.
As the model improves, more challenging tokens are grad-
ually included in the loss, automatically adjusting the learn-
ing difficulty to the student’s current capability. This self-
paced curriculum eliminates the need for manual schedul-
ing and contributes to stable and efficient training.

DistiLLM-2
| e—

0.55 ( '

1000 2000 3000 4000 5000
Training Steps SelecTKD

(a) (b)

=)
o
a

—— Validation

——— Acceptance Rate

Validation Loss
Acceptance Rate

Figure 4. Analysis of SelecTKD dynamics: (a) validation loss gen-
erally decreases as the Token Acceptance Rate (TAR) increases,
indicating an implicit curriculum; (b) SelecTKD yields a flat-
ter loss landscape [32] than strong baselines (e.g., DistiLLM-2),
which correlates with improved generalization.

5.5.2. Impact on Loss Landscape and Generalization

By masking loss contributions from tokens with high
teacher-student divergence, SelecTKD smooths the loss
landscape and mitigates the effect of sharp, noisy gradients.
As shown in Figure 4 (b), SelecTKD yields a flatter loss sur-
face compared to strong baselines such as DistiLLM-2. A
smoother loss landscape is empirically linked to better gen-
eralization [24], which aligns with the robust performance
improvements observed in our experiments.

5.5.3. Inference Speedup of Speculative Decoding

We further assess SelecTKD by measuring its impact on
speculative decoding, where effective alignment between
drafter and verifier models is essential for fast and effi-
cient generation [64]. Table 5 summarizes results using

Llama-68m [40] as drafter and Phi-3-medium or Phi-3.5-
mini [1] as verifiers. All draft models share the same train-
ing data but are distilled via SFT, GKD, DistiLLM, or Se-
lecTKD. We report both average speedup and token accep-
tance rate as key metrics. Across both verifier settings, Se-
lecTKD consistently achieves the best speedup and accep-
tance rates—for example, with Phi-3-medium, SelecTKD
yields x2.05 speedup and 0.492 acceptance, outperform-
ing other strong baselines, and similar gains are seen with
Phi-3.5-mini. These improvements demonstrate that Selec-
TKD’s selective token alignment produces better-matched
draft-verifier distributions, directly leading to higher spec-
ulative decoding efficiency without compromising accep-
tance. Notably, the higher acceptance rates attained with
SelecTKD indicate improved token-level agreement, imply-
ing a narrower drafter-verifier distribution gap compared
to prior methods [64]. Thus, targeted token selection and
weighting in distillation enable both theoretical and practi-
cal advances for inference with modern language models.

Table 5. Inference speedup (Spd.) and token acceptance rate
(Acpt.) in the speculative decoding setting. Results compare dif-
ferent draft models trained via various KD methods for both Phi-
3-medium and Phi-3.5-mini verifiers.

Phi- | | SFT GKD DistiLLM DistiLLM-2 SelecTKD
3-medium Spd. (1) | x1.32  x1.64 x1.71 x1.97 %x2.05
TMCAUM | Acpt. (1) | 0412 0464 0.469 0.487 0.492
3somini | SPE(D | X124 <158 x1.65 x1.84 x1.91
- Acpt.() | 0397 0443 0.452 0.522 0.534

6. Conclusion

We identify a central limitation of conventional LLM dis-
tillation: uniform, indiscriminate token-wise supervision
that forces students to imitate high-entropy or noisy teacher
predictions, which is especially detrimental when there are
large capacity gaps. We introduce SelecTKD, a plug-and-
play framework using a simple Top-k propose-and-verify
token mechanism via greedy and non-greedy Spec-k vari-
ants to determine where to apply learning. Accepted to-
kens receive full loss, while rejected tokens are masked
or weakly weighted. SelecTKD is objective-agnostic (KL,
RKL, SKL, SRKL) and compatible with on- and off-policy
data. Across instruction following, mathematical reasoning,
code generation, and a VLM task, SelecTKD consistently
improves strong baselines without architectural changes or
extra reference models. Analyses of Token Acceptance
Rate (TAR) and the resulting smoother loss landscape cor-
roborate an implicit curriculum and stable optimization.
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