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Abstract

Knowledge Distillation (KD) is a critical tool for training Large Language Models (LLMs), yet the
majority of research focuses on approaches that rely solely on output logits, neglecting semantic
information in the teacher’s intermediate representations. While Hidden Layer Distillation (HLD)
showed potential for encoder architectures, its application to decoder-only pre-training at scale re-
mains largely unexplored. Through compute-controlled experiments, we benchmark HLD against
logit-based KD and self-supervised baselines with Gemma3 3.4B as teacher and 123M and 735M
students trained on up to 168B tokens from the C4 dataset. Our experiments show that HLD does
not consistently outperform standard KD on downstream evaluation tasks. Nevertheless, we show
that HLD can yield a systematic perplexity gain over KD across all shared-hyperparameter config-
urations, suggesting that a latent signal can be extracted, but a breakthrough may be needed for it
to play a more significant role in LLM pre-training.

1. Introduction and Background

The continuous scaling of Large Language Models (LLMs) [10, 13, 22] has driven remarkable per-
formance gains but at the cost of soaring deployment, latency, and energy expenses. Knowledge
Distillation (KD) [11]—training a small “student” to reproduce the behavior of a large “teacher”—
is a robust paradigm to mitigate these costs and has shown utility across vision [1], speech [25], and
NLP, including encoder-only [23] and modern decoder-only LLMs [7, 27]. Yet, current methods
rarely close the student—teacher gap [18, 19, 23, 29] despite known teacher redundancy [5, 8], and
academic study of distillation during cost-intensive pre-training remains limited, mostly confined to
logits-level KD [4, 19]. Hidden Layer Distillation (HLD), introduced for CNNs by Romero et al.
[21] (FitNets), exploits the teacher’s hidden states and has shown promise on smaller encoder mod-
els [6, 14-16, 23, 24, 29, 30, 32, 33], but has never been scaled to large scale LLMs. We address this
gap with a systematic study of HLD for decoder-only pre-training, building on the NanoDo code-
base [17], the C4 dataset [20], and Gemma models [27]. Our contributions are: (1) we evaluate HLD
on 123M and 735M Gemma students trained on up to 168B tokens with a 3.4B Gemma teacher; (2)
we adopt a rigorous FLOPs-matched protocol that accounts for the non-negligible de-embedding
and loss cost; and (3) we show that joint hidden+logit optimization (HLDC) matches KD, while
sequential optimization (HLDF) yields modest C4 perplexity gains with comparable downstream
performance on Wikitext-103, HellaSwag, WinoGrande, LAMBADA, PIQA, and ARC-E.

Transformers and self-supervised training. A decoder-only Transformer [28] maps token in-
dices T = [t1,...,t,] € {0,...,V — 1}" to embeddings H® € Rém>x" applies D residual layers
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HA ! = HF + A1 (HF), and projects HP to logits Z € RY*", yielding p,, = softmax(z, /7).

layer
Without a teacher, pre-training uses the causal negative log-likelihood (NLL) loss:

n—1
1
Laa(0) = ] § log pi[tit+1]- )
i=1

Knowledge Distillation. KD [11] aligns the student distribution p;’ with the teacher’s p! via a
KL term, Liogits(0s) = Tn—z S KL(pY||p?), exploiting the richer signal of soft logits over one-hot
labels. The standard objective combines it with NLL:

£KD(05) = (1 - a)ﬁdata(OS) + aﬁlogits(OS)- (2)

Open-source studies of KD on decoder-only models include Peng et al. [19], who use 9B/32B
teachers with 330M—6.8B students, and Busbridge et al. [4], who derive a distillation scaling law
with models up to 12.6B parameters. In parallel, industry releases [7, 26, 27, 31] provide strong
empirical evidence for distillation in pre-training, though pipelines remain proprietary.

Hidden Layer Distillation. FitNets [21] originally used a two-phase strategy: align student inter-
mediate activations with the teacher’s via a learned regressor, then apply standard KD. Transformer
adaptations have explored attention-map matching [14], value relations [29, 30], multi-layer alloca-
tion schemes [32], task-aware filters [16], transformation-invariant alignment [6], RMS matching
[24, 33], and cosine distance on normalized activations [23]. Modern variants typically replace the
multi-layer regressor with a simple linear map and merge the two phases into a single aggregated
objective:

Lurp = BLaata + O‘»Clogits +vLemp- 3)
However, these works almost exclusively target post-training of encoder or encoder-decoder models;
the only decoder-only HLD study we are aware of is Liang et al. [16], which uses GPT-2,2/GPT-24
in a continual pre-training setup. To our knowledge, our work is the first open-source study of HLD
during pre-training for causal LLMs.

2. Evaluated Methods

To investigate both the original HLD formulations and contemporary approaches in the Transformer
literature, we evaluate the following two methods. See fig. 3 for an illustration.

Sequential Optimization (HLDF). We adapt Romero et al. [21]’s two-phase protocol as a mini-
mal extension to standard distillation that isolates the value of intermediate feature guidance. The
regressor freq(.; @r) is a one-layer dense perceptron. Phase 1 minimizes a normalized hint-training

loss:
Dr/2 Ds/2
H.T req(H ;0
Lyr(0s,0R) :MeanSquaredError< g B freg ]S:)S/z R) >
[Hp ™7 ([ freg(Hg ™" 0R) ||

Phase 2 runs standard KD with £ g p as objective (see section A.1 for details).

)

Joint Optimization (HLDC). To align with loss functions in the literature, we implement a single-

HDT/2 WRHDS/2
stage training using £ with £ Og,0r) = MeanSquaredError T 5 . We
g g g LHLD emb( S> R) q HH?T/zII ’ ||WRHSDS/2||

use HLDF (F as FitNets) for the two-phase regime and HLDC (C as Composite) for the composite-
loss formulation.
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3. Experiments

We compare HLD against KD in two complementary ways. First, we perform pointwise compar-
isons at shared hyperparameter configurations, evaluating robustness across a broad grid without
any method-specific tuning. Second, we give each method its independently selected best hyperpa-
rameters, enabling a ceiling-to-ceiling comparison. Experimental details can be found in section A.

Evaluation Protocol. A fair comparison must verify that the baseline is well-tuned. Rather than
tuning HLD to beat KD, we characterize its general behavior over the peak learning rates nxp and
nyT, the temperature 7, and the NLL weight « in the global objective. Also all compared models
are trained with equivalent computational budgets. We follow the overtraining paradigm [9] and
train the 123M student up to OT54 (108B tokens) and the 735M student up to OT15 (168B tokens).
See sections A.8 and A.9 for accounting details.

Shared hyperparameters. For each (n = nxp = ngr,7,a) we run one NLL and one KD
baseline. For HLDF we use ngr = 7 in Phase 1 and (7, 7, «) in Phase 2, varying the budget
split P; between phases. For HLDC we explore small values of  [16] at the same (7, 7, ) as the
baseline. We choose (7, 7, ) from regimes where KD is known to perform well [19], adapting n
to our batch size via square-root scaling [12]. Full ranges are summarized in table 2. To evaluate
general performance we avoid “best vs best” comparisons (see section 3) and instead perform point-
wise comparisons at identical (7, 7, v); detailed results are in figs. 1, 2 and 4 to 7.

Best Hyperparameters. We ask whether HLD outperforms KD when each method uses its best
configuration. We select for each method the best-performing (1*, 7, o*) from the shared hyperpa-
rameter grid table 2, and compare the resulting peak performances head-to-head in table 1.

4. Results

We present results in four views. Figures 1, 2 and 4 show histograms of HLD’s improvement over
KD at fixed hyperparameter sets. Figures 5 to 7 (appendix) are scatter plots where each point is a
shared hyperparameter set, with the KD score on x and the compared method (HLD or NLL) on y.
Table 1 reports the best score per method alongside teacher and NLL baselines, and Tables 3 and 4
(appendix) list the full training runs.

Baseline. A meaningful HLD comparison requires a well-tuned KD reference. Our best KD con-
figuration outperforms NLL by a clear margin on every benchmark (table 1), even on noisier eval-
uations like WinoGrande. On the perplexity scatter plots (fig. 5), all but one KD run beats NLL
for the 735M student, corroborated by downstream evaluations (fig. 7). The 123M picture is more
mixed, as roughly half the KD runs fail to beat NLL on C4 perplexity, but downstream results (fig. 6)
again show KD outperforming NLL on nearly all points. Our KD baseline is thus competitive, a
prerequisite not always met in the HLD literature.

Shared hyperparameters. On C4 perplexity, HLDC matches KD while HLDF achieves a mod-
est but systematic improvement (fig. 1). The effect is small and we lack the statistical power for
significance claims from independent seeds; we instead rely on the consistent sign of improvement
across the entire grid.

Downstream evaluations (figs. 2 and 4) tell a different story: distributions are more spread and
roughly centered around zero, indicating that the hidden-layer signal does not translate into consis-
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Figure 1: C4 perplexity improvement over KD. Distribution of pointwise improvements across all
hyperparameter configurations for both sizes. Positive values indicate lower perplexity than KD.

tent gains. The perplexity scatter (fig. 5) further reveals that HLDF’s gain over KD occurs predomi-
nantly where KD itself performs poorly, and becomes negligible where KD is already efficient.
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Figure 2: Shared-HP — downstream score improvement over KD for the 735M student. Distribu-
tion of pointwise score improvements across all hyperparameter configurations on benchmarks.

Best hyperparameters. Table 1 reports best-configuration performance for both students. No

m

ethod dominates KD across the seven evaluations: differences are small and split between meth-

ods, reinforcing that, under tuned and compute-matched conditions, HLD provides no consistent
improvement over logit-based distillation.
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Table 1: Best Performance Comparison. Test log-perplexity ({) or the error rate ({) for the optimal
hyperparameters found within the compute-matched search space. Results are presented as 123M /
735M student performances. Bold indicates the best result for a given student size.

Method C4 Wikitext HSwag PIQA ARC-E WinoGd LMBDA
Random - - 0.750 0.500 0.750 0.500 ~ 1.0
Teacher 2.397 2.203 0.319 0.225 0.339 0.365 0.377
Student Performances: 123M /735M
NLL 3.063/2.639 3.062/2.453 .644/.440 .338/.261 .529/.416 .440/.423 .527/.445
KD 3.005/2.609 2.984/2.406 .622/.428 .321/.256 .505/.402 .433/.407 .513/.423
HLDC 3.005/2.608 2.938/2.438 .630/.430 .323/.251 .505/.415 .423/.405 .505/.425
HLDF  3.000/2.607 2.875/2.422 .626/.426 .322/.261 .519/.409 .437/.404 .507/.428

Reconciling with prior work. Our findings appear to contradict prior reports of consistent gains
from intermediate-layer matching [6, 14, 16, 23, 24, 29, 30, 33]. Four methodological factors plau-
sibly explain the discrepancy. (i) Compute accounting: most prior comparisons match tokens rather
than FLOPs, and some HLD variants cost more per token than KD. (ii) Architecture and train-
ing phase: the HLD literature is dominated by encoder(-decoder) models in post-training or task-
specific regimes, where representations are pre-shaped and the alignment target is well-defined;
causal decoders trained from scratch present a different optimization landscape in which HLD’s
inductive bias appears less valuable. (iii) Baseline tuning: when HLD is the contribution, the KD
baseline is rarely swept as carefully—an asymmetry our shared-hyperparameter protocol explic-
itly avoids. (iv) Method maturity: porting HLD from few-million-parameter CNNs to near-billion-
parameter Transformers likely requires deeper design choices (losses, adapter, protocol) to extract
value from the teacher’s latent representations.

On the residual HLDF signal. HLDF’s small but persistent perplexity gain admits a natural inter-
pretation: hint-training may act as a warm-start, aligning the student’s mid-network representations
to provide a better initialization for the subsequent KD phase without changing what the student
can ultimately learn. This would explain why the effect surfaces in C4 perplexity (sensitive to fine-
grained distributional fit) but not in downstream benchmarks (sensitive to coarser capabilities that
converge under both protocols), and why it vanishes in regimes where KD already performs best.

Conclusion and future work

This work presents a compute-controlled evaluation of Hidden Layer Distillation (HLD) for causal
LLM pre-training on English C4. Despite the appeal of aligning intermediate representations, HLD
does not consistently outperform a well-tuned logit-based KD baseline when training budgets are
strictly equalized, and the complexity of HLD introduces hyperparameter sensitivity that may out-
weigh its benefits. These findings underscore the resilience of standard KD and the necessity of
exact FLOPs accounting when evaluating novel supervision techniques.

Nevertheless, HLDF yields a systematic perplexity gain over KD, suggesting a latent signal that (i)
requires stronger statistical evidence across broader contexts (larger scales, different compression
ratios, alternative model families), and (ii) likely needs significant design breakthroughs (losses,
adapter architecture, protocol) to fully extract the teacher’s latent information.
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Appendix A. Experiment details

A.1. Normalization Strategy.

Unlike FitNets, we compare activations after normalization, consistent with prior work [23, 24].
This approach is essential for residual transformer architectures, where the unnormalized residual
stream tends to grow significantly in magnitude across layers. Since the student model possesses
fewer layers than the teacher, it cannot naturally match the teacher’s internal activation scale. For
instance, the mean squared magnitude of the teacher (H?T/ 2) reaches approximately 3 x 10°,

whereas the pre-trained Gemma3 270M student (HSDS/ 2) only reaches ~ 1 x 10°.

A.2. Data

We trained the models on the English subset of the C4 dataset [20]. This is a well-established
corpus, also used by Busbridge et al. [4], which is sufficiently large to ensure that few samples are
seen twice during the training.

A.3. Teacher model.

We pretrained a Gemma3 4B [27] as teacher on 106B tokens with an alternative tokenizer that
has a vocabulary size of 32k (making it a 3.4B model). It is a 34 layers pretrained decoder-only
Transformer with an embedding dimension d7 of 2560. This choice was motivated by the size of
the original vocabulary of gemma models (256k) and the fact that it is multilingual and that we train
only on English data.

A.4. Student model.

As student model we used Gemma3 270M and 1B [27] with standard random initialization. They
are respectively 18 and 26 layers decoder-only Transformers sharing the architecture pattern of the
teacher. Their embedding dimensions dg are 640 and 1152. Gemma3 270M is a ~100M backbone
parameters model, with the 32k tokens vocabulary it becomes a 123M parameters model. Gemma3
1B is a ~700M backbone parameters model, with the 32k tokens vocabulary it becomes a 735M
parameters model.

A.5. Compression ratio.

Our choice is motivated by different considerations. We wanted a powerful state of the art teacher.
The sizes of the teacher and student should fit but also saturate our computation and storage budget.
The pair teacher-student must belong to the same family of models in order to make sure that the
activation matching is not blurred by some architecture variation. This choice results in a 27:1
and 4.5:1 model compression ratio which we think is a fair first exploration. The investigation
of alternative teacher-student pairs and different compression ratios remains a priority for future
research.

A.6. Logits.

A common industry practice for optimizing offline storage is to retain only the top-k logits, where k
is significantly smaller than the total vocabulary size; this method reduces storage requirements by
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several orders of magnitude. For instance, the Gemma3 tokenizer possesses a vocabulary of approx-
imately 256,000 tokens, and a standard value of k = 128 is typically employed. This threshold also
functions as a regularizer, shielding the student model from the noise inherent in low-probability
logits. In this study, & was fixed at 128 and is not subject to further analysis, as Peng et al. [19]
observe that the choice of & makes little difference.

A.7. Intermediate Activations.

However, the application of HLD necessitates the storage of full activations as vectors of the teacher
embedding space, preventing the use of the top-k truncation technique. Conventional knowledge
distillation serves as the primary baseline for comparison in this study. In order to accommodate
storage constraints, minimize hyperparameter optimization, and align with the configurations es-
tablished by [21], we consider that evaluating the efficacy of hidden layer distillation using the
activations from a single teacher layer presents a significant challenge and a robust initial step for
investigating hidden layer distillation within this specific framework. Adhering to the methodology
established in the FitNet literature, the median layer of the teacher model was selected for data
retention and subsequent distillation.

A.8. Compute-matched comparisons.

Following the establishment of scaling laws for LLMs [13], compute-matched comparisons have
become a methodological necessity. Consequently, all experimental evaluations in this work are
conducted between models trained using equivalent computational budgets. We quantify computa-
tional expenditure using an “overtraining unit”, denoted as OTj. This unit represents & times the
compute required to reach the Chinchilla-optimal point for our student model with NLL [13]. Since
compute-optimal models do not account for serving costs, we follow the overtraining paradigm [9]
and trained:

¢ the 123M student up to OT54 (108B tokens)

* the 735M student up to OT12 (168B tokens)

A.9. FLOPs accounting.

We refine the standard 6N D approximation for training compute, as the conventional formula ne-
glects embedding and de-embedding layers. While these layers are negligible in large-scale Trans-
formers, they represent a significant portion of the total FLOPs for our student models due to the
large vocabulary size (V' = 32,000), and would have been the dominant portion with the original
gemma vocabulary.

To ensure a precise comparison across different loss functions, we explicitly include the costs
of the de-embedding layer and loss computations.

Following Blondel and Roulet [3], the backward pass cost is equal to the forward pass for non-
parametric layers and twice the forward pass for layers with learnable parameters.

Let N denote the number of student backbone parameters, d; the internal dimension, dr the
teacher’s hidden dimension, and Ny, the parameters in the mapping regressor. Following Austin
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et al. [2], the estimated compute costs per token are:

Cdata = ON +6dsV

backbone logits

CK D~ Cdata + CTeacher

CHT ~ 3N + 6Nreg +CTeacher/2

half backbone Mapping

Crrpc = Cxp + 6Nyey
~——

Mapping

We assume teacher logits are pre-computed or cached for KD, making the forward cost of the
teacher Creacner Negligible (overhead limited to KL-divergence computation). For the 123M student,
the relative costs are:

Ckp 1.0000, CHT . 0.442 and SHEPC « 1027

Cdata data data

Therefore, while Phase 1 of HLDF updates approximately half the model’s backbone parameters, its
computational cost is significantly less than 50% of the KD baseline for our student. This efficiency
is amplified by the high ratio of vocabulary size to model parameters in the 123M architecture, where
the bypassed output projection accounts for a large fraction of FLOPs. As model size scales and
backbone computations dominate, this advantage vanishes. For example, a Gemma3 27B student
[27] with a 2x wider teacher yields $HZ- ~ 0.5001.

Cdatu

HLD-specific hyperparameters. To emulate a “no-tuning” scenario, HLDF-specific hyperparam-
eters are fixed to heuristic values: a 1 layer MLP regressor with expansion factor 4 (matching the
student’s feed-forward layers), and a constant Phase 1 learning rate ng7 after a 1,000-step warmup
with no decay, so global decay curves remain aligned with standard distillation except for re-warmup
at the start of Phase 2. For HLDC the additional hyperparameter is the embedding-loss weight .
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Appendix B. Figures and Tabs
B.1. HLD schema

Teacher

De-embed  --- ' o Student
Layer L t-4  De-embed
Layjer k Lk Layer ¥
Layer 2 "y Layerm
Layer 1 @ Layer 1
Embed Embed

Figure 3: Overview of HLD. The student receives two training signals: Lxp matches the teacher’s
output logits, while L1, aligns a student hidden state h;% with a teacher hidden state h;‘g through a
learned regressor.

B.2. Hyperparameters

Table 2: Hyperparameter grid.

Student size n T «a ol P
123M {1,4,16} x 10~* {0.5,1} {0.7,0.9} {0.1,0.05} {1%,5%}
735M {1,4,16} x 10~* {0.5,1} {0.7,0.9} {0.1,0.05} {1%,4%}
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B.3. Downstream evaluation 123M

IKITEXT WINOGRANDE
T T
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" HLDC

1w HLDF
| HLDC
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an = -0.67% eill= 0.32%

e e S | =

RN S

number

-10 -5 0 5 -1 0 1 -2 0 2
score improvement (%) score improvement (%) score improvement (%)

LAMBADA HELLASWAG
T

1 wew HLDF
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-1 0 1

Figure 4: Shared-HP — downstream score improvement over KD for the 123M student. Distri-
bution of pointwise score improvements across all hyperparameter configurations on benchmarks.
Green indicates HLD beats KD.
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C4 perplexity — 123M

C4 perplexity — 735M
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Figure 5: C4 perplexity improvement over KD. Scatter plot of pointwise score improvements across
all hyperparameter configurations on C4 evaluation set. Each point is one hyperparameter set. For
each point, the x axis is the KD log-perplexity associated with the hyperparameter set, the y axis is
the HLD&NLL log-perplexity associated with the same hyperparameter set. The lower is always
the better so the green zone is where HLD or NLL beats KD.
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Figure 6: Shared-HP — downstream score improvement over KD for the 123M student. Scat-
ter plot of pointwise score improvements across all hyperparameter configurations on benchmarks.
Each point is one hyperparameter set. For each point, the x axis is the KD score associated with the
hyperparameter set, the y axis is the HLD&NLL score associated with the same hyperparameter set.
The lower is always the better so the green zone is where HLD or NLL beats KD.
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Figure 7: Shared-HP — downstream score improvement over KD for the 735M student. Scat-
ter plot of pointwise score improvements across all hyperparameter configurations on benchmarks.
Each point is one hyperparameter set. For each point, the x axis is the KD score associated with the
hyperparameter set, the y axis is the HLD&NLL score associated with the same hyperparameter set.
The lower is always the better so the green zone is where HLD or NLL beats KD.
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B.5. All results

Table 3: All training runs for the 123M student.

Method n PP a T ~ C4  Wikitext HSwag Piga WinoG Lambada Arc-E

NLL  0.0001 000 - - - 3458 3422 0.719 0.379 0.451 0.572 0.630
NLL  0.0004 0.00 - - - 3.07 3.000 0.651 0332 0.448 0.539 0.543
NLL 0.0016 000 - - - 3.063 3.062 0.643  0.338 0.440 0.527 0.529
KD 0.0001 0.00 07 05 - 3,551 3516 0.708 0374 0.440 0.574 0.625
KD 0.0001 0.00 0.7 10 - 3481 3.469 0.717 0384 0.438 0.573 0.623
KD 0.0001 0.00 09 05 - 3755 3.859 0.699 0374 0431 0.565 0.628
KD 0.0001 0.00 09 1.0 - 3492 3469 0.716  0.374 0.446 0.574 0.625
KD 0.0004 0.00 07 05 - 3.072 3.000 0.645 0331 0.444 0.531 0.530
KD 0.0004 0.00 07 10 - 3.036 2938 0.630 0334 0.440 0.521 0.534
KD 0.0004 0.00 09 05 - 3.152 3.141 0.632 0332 0.434 0.511 0.545
KD 0.0004 0.00 09 10 - 3.045 2938 0.629 0326 0.440 0.529 0.525
KD 0.0016 0.00 0.7 05 - 3.031 2922 0.627 0331 0.427 0.520 0.535
KD 0.0016 0.00 07 1.0 - 3.005 2.984 0.622 0321 0.433 0.513 0.505
KD 0.0016 0.00 09 05 - 3100 3.047 0.616 0.323  0.446 0.513 0.542
KD 0.0016 0.00 09 1.0 - 3.014 2906 0.619 0322 0.439 0.509 0.508

HLDC 0.0001 0.00 0.7 05 0.05 3.551 3.812 0.708 0.384 0.433 0.571 0.625
HLDC 0.0001 0.00 0.7 05 0.10 3.555 3.516 0.707 0376 0.440 0.569 0.625
HLDC 0.0001 0.00 0.7 1.0 0.05 3482 3.469 0.716  0.385 0.449 0.574 0.619
HLDC 0.0001 0.00 0.7 1.0 0.10 3485 3.453 0.714 0376 0.433 0.565 0.624
HLDC 0.0001 0.00 09 05 0.05 3.756 4.000 0.697 0374 0.440 0.561 0.636
HLDC 0.0001 0.00 09 05 0.10 3.755 4.031 0.698 0381 0.429 0.558 0.633
HLDC 0.0001 0.00 09 1.0 0.05 3493 3484 0.723 0379  0.447 0.573 0.630
HLDC 0.0001 0.00 09 1.0 0.10 3.492  3.453 0.718 0.379 0.444 0.572 0.622
HLDC 0.0004 0.00 0.7 05 0.05 3.072 3.078 0.640 0326 0.446 0.523 0.524
HLDC 0.0004 0.00 0.7 05 0.10 3.072  3.000 0.632 0.334 0.449 0.526 0.527
HLDC 0.0004 0.00 0.7 1.0 0.05 3.037 2922 0.639 0333 0.440 0.529 0.524
HLDC 0.0004 0.00 0.7 1.0 0.10 3.037 2.938 0.632 0336 0.437 0.527 0.525
HLDC 0.0004 0.00 09 05 0.05 3.154 3.094 0.636 0331 0.433 0.512 0.549
HLDC 0.0004 0.00 09 05 0.10 3.154 3.203 0.636  0.337 0.434 0.518 0.545
HLDC 0.0004 0.00 09 10 0.05 3.046 2938 0.636 0329 0.453 0.524 0.525
HLDC 0.0004 0.00 09 1.0 0.10 3.045 2.938 0.635 0328 0.444 0.519 0.526
HLDC 0.0016 0.00 0.7 05 0.05 3.032 2.938 0.616 0320 0.436 0.514 0.519
HLDC 0.0016 0.00 0.7 0.5 0.10 3.031 2.922 0.621 0.325 0421 0.518 0.532
HLDC 0.0016 0.00 0.7 1.0 0.05 3.005 2.938 0.630 0323 0.423 0.505 0.505
HLDC 0.0016 0.00 0.7 1.0 0.10 3.007 2.891 0.622 0323 0.436 0.524 0.528
HLDC 0.0016 0.00 09 05 0.05 3.100 3.031 0.623  0.325 0.425 0.504 0.538
HLDC 0.0016 0.00 09 05 0.10 3.102 3.062 0.621 0329 0.425 0.518 0.551
HLDC 0.0016 0.00 09 1.0 0.05 3.015 2.922 0.618 0.323 0.431 0.516 0.519
HLDC 0.0016 0.00 09 10 0.10 3.015 2938 0.623 0325 0.436 0.514 0.510
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Method n P a T ~ C4  Wikitext HSwag Piga WinoG Lambada Arc-E

HLDF 0.0001 0.01 07 05 - 3540 3.828 0.705 0.375 0.430 0.576 0.628
HLDF 0.0001 0.05 0.7 05 - 3542 3.641 0.700 0364 0.432 0.576 0.623
HLDF 0.0001 0.01 0.7 1.0 - 3473 4.0% 0.722 0.378 0.436 0.576 0.617
HLDF 0.0001 005 0.7 1.0 - 3470 3.578 0.711 0374 0.436 0.582 0.626
HLDF 0.0001 001 09 05 - 3739 4.0% 0.706  0.372  0.436 0.569 0.623
HLDF 0.0001 005 09 05 - 3733 3.859 0.702 0362 0.445 0.572 0.630
HLDF 0.0001 0.01 09 1.0 - 3482 4.09%4 0.707  0.375 0.448 0.581 0.631
HLDF 0.0001 005 09 1.0 - 3480 3.609 0.714 0374 0.451 0.574 0.626
HLDF 0.0004 0.01 0.7 05 - 3.061 3.016 0.630 0.320 0.427 0.528 0.535
HLDF 0.0004 005 07 05 - 3060 3.016 0.624 0.332  0.419 0.520 0.538
HLDF 0.0004 0.01 0.7 1.0 - 3.029 2969 0.633 0324 0.442 0.527 0.520
HLDF 0.0004 0.05 07 1.0 - 3.028 2969 0.634 0.325 0.432 0.527 0.533
HLDF 0.0004 001 09 05 - 3143 3.156 0.635 0333 0.440 0.522 0.550
HLDF 0.0004 005 09 05 - 3140 3.094 0.626 0319 0.433 0.516 0.550
HLDF 0.0004 001 09 1.0 - 3.037 2969 0.634 0323 0.440 0.529 0.524
HLDF 0.0004 005 09 1.0 - 3036 2969 0.627 0.324 0.432 0.521 0.529
HLDF 0.0016 001 0.7 05 - 3.032 3.000 0.623 0321 0.426 0.519 0.528
HLDF 0.0016 0.05 0.7 05 - 3.027 2891 0.634 0.318 0.437 0.520 0.529
HLDF 0.0016 001 0.7 1.0 - 3.002 2938 0.618 0316 0.447 0.508 0.518
HLDF 0.0016 0.05 0.7 1.0 - 3.000 2875 0.625 0322 0.437 0.507 0.519
HLDF 0.0016 001 09 05 - 3.097 3.000 0.624 0332 0431 0.512 0.535
HLDF 0.0016 005 09 05 - 3.093 3.000 0.622 0329 0.433 0.508 0.537
HLDF 0.0016 0.01 09 1.0 - 3012 2906 0.622 0317 0.433 0.522 0.516
HLDF 0.0016 005 09 1.0 - 3010 2891 0.629 0316 0.429 0.509 0.515
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Table 4: All training runs for the 735M student.

Method n PP o T ¥ C4  Wikitext  HSwag Piqa WinoG Lambada Arc-E
NLL  0.0001 0.00 - - - 2748  2.50 0.516 0.280 0.429 0.460 0.473
NLL  0.0004 0.00 - - - 2,639 2453 0.440 0.261 0.423 0.445 0.416
NLL  0.0016 0.00 - - - 2.648  2.469 0.458 0.263 0.406 0.441 0.419

KD 0.0001 0.00 0.7 05 - 2751 2750 0.503 0.282 0.419 0.448 0.475
KD 0.0001 0.00 0.7 1.0 - 2730 2750 0.504 0.282 0.412 0.450 0.466
KD 0.0001 0.00 09 05 - 2808 2812 0.503 0.292 0.401 0.453 0.473
KD 0.0001 0.00 09 1.0 - 2742 2703 0.507 0.275 0.422 0.449 0.463
KD 0.0004 0.00 0.7 05 - 2618 2.484 0.430 0.260 0.398 0.434 0.419
KD 0.0004 0.00 0.7 1.0 - 2612 2.469 0.434 0.256 0.404 0.430 0.409
KD 0.0004 0.00 09 05 - 2639 2531 0.435 0.265 0414 0.431 0.432
KD 0.0004 0.00 09 1.0 - 2630 2438 0.440 0.256 0.418 0.432 0.403
KD 0.0016 0.00 0.7 05 - 2617 2422 0.441 0.254 0.413 0.424 0.413
KD 0.0016 0.00 0.7 1.0 - 2609 2406 0.428 0.256 0.407 0.423 0.402
KD 0.0016 0.00 09 05 - 2633 2438 0.428 0.256 0.406 0.421 0.424
KD 0.0016 0.00 09 1.0 - 2629 2438 0.421 0.253 0.410 0.416 0.412
HLDC 0.0001 0.00 0.7 05 0.05 2750 2.781 0.498 0.276 0.428 0.459 0.467
HLDC 0.0001 0.00 0.7 05 0.10 2750 2.781 0.504 0.275 0.425 0.448 0.473
HLDC 0.0001 0.00 0.7 1.0 0.05 2729 2719 0.497 0.274 0.429 0.453 0.464
HLDC 0.0001 0.00 0.7 1.0 0.10 2730 2.750 0.510 0.269 0.436 0.453 0.462
HLDC 0.0001 0.00 0.9 05 0.05 2809 2.781 0.499 0.274 0.407 0.450 0.473
HLDC 0.0001 0.00 09 0.5 0.10 2.808 2.828 0.492 0.284 0.421 0.452 0.475
HLDC 0.0001 0.00 09 1.0 0.05 2742 2719 0.507 0.272 0.406 0.463 0.472
HLDC 0.0001 0.00 09 1.0 0.10 2741 2.781 0.506 0.281 0.419 0.460 0.466
HLDC 0.0004 0.00 0.7 05 0.05 2.618 2.484 0.446 0.264 0.413 0.427 0.423
HLDC 0.0004 0.00 0.7 05 0.10 2.618 2.469 0.432 0.256 0.409 0.435 0.425
HLDC 0.0004 0.00 0.7 1.0 0.05 2611 2422 0.439 0.252 0.403 0.432 0.406
HLDC 0.0004 0.00 0.7 1.0 0.10 2.611 2.469 0.433 0.256 0.409 0.429 0.409
HLDC 0.0004 0.00 09 05 0.05 2639 2531 0.438 0.267 0.401 0.427 0.423
HLDC 0.0004 0.00 09 05 0.10 2.639 2.531 0.436 0.262 0.393 0.426 0.439
HLDC 0.0004 0.00 09 1.0 0.05 2.628 2.438 0.446 0.255 0.413 0.427 0.410
HLDC 0.0004 0.00 09 1.0 0.10 2.628 2.469 0.446 0.254 0.418 0.428 0.396
HLDC 0.0016 0.00 0.7 0.5 0.05 2617 2422 0.420 0.263 0.400 0.432 0.407
HLDC 0.0016 0.00 0.7 05 0.10 2.618 2.422 0.428 0.262 0.400 0.427 0.412
HLDC 0.0016 0.00 0.7 1.0 0.05 2.608 2.438 0.430 0.251 0.405 0.425 0.415
HLDC 0.0016 0.00 0.7 1.0 0.10 2.610 2.438 0.431 0.250 0.413 0.421 0.397
HLDC 0.0016 0.00 09 05 0.05 2.634 2438 0.428 0.257 0.407 0.423 0.429
HLDC 0.0016 0.00 09 05 0.10 2.635 2.438 0.427 0.258 0.398 0.430 0.418
HLDC 0.0016 0.00 09 1.0 0.05 2.628 2.438 0.423 0.249 0.418 0.426 0.393
HLDC 0.0016 0.00 09 1.0 0.10 2.628 2.438 0.424 0.254 0.399 0.431 0.409
HLDF 0.0001 0.01 0.7 05 - 2734 2.656 0.498 0.276 0.415 0.443 0.467
HLDF 0.0001 0.04 0.7 05 - 2734 2688 0.493 0.276 0.418 0.462 0.470
HLDF 0.0001 0.01 0.7 1.0 - 2716 2.656 0.490 0.283 0.420 0.463 0.462
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Method n P a T C4  Wikitext HellaSwag Piga WinoGrande Lambada Arc-E
HLDF 0.0001 0.04 0.7 1.0 2717  2.688 0.491 0.274 0.432 0.464 0.456
HLDF 0.0001 0.01 0.9 0.5 2,787  2.750 0.487 0.284 0.430 0.454 0.463
HLDF 0.0001 0.04 09 0.5 2785  2.719 0.484 0.280 0.421 0.456 0.465
HLDF 0.0001 0.01 09 1.0 2729  2.688 0.500 0.270 0.427 0.456 0.460
HLDF 0.0001 0.04 09 1.0 2.729  2.656 0.503 0.274 0.423 0.465 0.459
HLDF 0.0004 0.01 0.7 0.5 2.614  2.500 0.442 0.262 0.398 0.433 0.428
HLDF 0.0004 0.04 0.7 0.5 2.614  2.500 0.437 0.255 0.403 0.447 0.412
HLDF 0.0004 0.01 0.7 1.0 2.608  2.500 0.430 0.256 0.399 0.439 0.414
HLDF 0.0004 0.04 0.7 1.0 2.608  2.484 0.445 0.251 0.397 0.440 0.408
HLDF 0.0004 0.01 09 0.5 2.634  2.500 0.440 0.258 0.399 0.429 0.431
HLDF 0.0004 0.04 09 0.5 2.633  2.500 0.445 0.262 0.404 0.435 0.412
HLDF 0.0004 0.01 09 1.0 2.626  2.500 0.438 0.255 0.401 0.427 0.412
HLDF 0.0004 0.04 09 1.0 2.626  2.500 0.444 0.252 0.404 0.437 0.403
HLDF 0.0016 0.01 0.7 0.5 2.617 2438 0.426 0.251 0.402 0.429 0.423
HLDF 0.0016 0.04 0.7 0.5 2.617 2438 0.435 0.253 0.406 0.426 0.408
HLDF 0.0016 0.01 0.7 1.0 2.607 2422 0.426 0.261 0.404 0.428 0.409
HLDF 0.0016 0.04 0.7 1.0 2.608  2.422 0.424 0.245 0.399 0.417 0.396
HLDF 0.0016 0.01 0.9 0.5 2.633 2453 0.435 0.257 0.391 0.428 0.420
HLDF 0.0016 0.04 09 0.5 2.632 2438 0.424 0.258 0.405 0.425 0.423
HLDF 0.0016 0.01 09 1.0 2.627 2438 0.427 0.255 0.418 0.430 0.403
HLDF 0.0016 0.04 09 1.0 2.627 2438 0.441 0.260 0.411 0.428 0.408
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