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ABSTRACT

Algorithmic efficiency techniques such as distillation (Hinton et al.| (2014)) are
useful in improving the model quality without increasing serving costs, provided
a larger teacher model is available for a smaller student model to learn from during
training. Standard distillation methods are limited to forcing the student to match
only the teacher’s outputs. Given the costs associated with training a large model,
we believe that we should be extracting more useful information from a teacher
model than just making the student match the teacher’s outputs.

In this paper, we introduce GUIDE (Guided Initialization and Distillation of Em-
beddings). GUIDE can be considered an initialization technique (a special dis-
tillation technique) that forces the student to match the teacher in the parameter
space. Using GUIDE we show a 25-26% reduction in the teacher-student quality
gap when using large student models (400M - 1B parameters) trained on ~ 20B
tokens. We also present a detailed analysis that shows that GUIDE can be com-
bined with knowledge distillation with near additive improvements. Furthermore,
we show that applying GUIDE alone leads to substantially better model quality
than applying knowledge distillation by itself.

Most importantly, GUIDE introduces no training or inference overhead, and
hence any model quality gains from our method are virtually free.

1 INTRODUCTION

With the advent of Large Language Models (LLMs), a naive way to scale model performance is via
increasing the number of model parameters (increasing width and/or depth), and/or training on more
tokens. Better model quality achieved through such methods comes at the cost of increased model
footprint metrics such as inference latency, memory, etc., and training costs.

Such a naively scaled up model might perform strongly on benchmarks, but could also have pro-
hibitively large latency and/or memory requirements, which might make it infeasible to be trained
or deployed at large scale. Therefore, it is of crucial to pay attention to model efficiency at the same
time as model quality. Many recent works cover various aspects of model efficiency such as al-
gorithmic efficiency techniques (Menghani (2023))), hardware support (Sze et al.| (2017)), and best
practices (Dehghani et al.| (2022)).

For the purpose of this work, we are specifically interested in algorithmic efficiency techniques like
Distillation |Hinton et al.| (2014)), which helps a smaller student model learn from a larger teacher
model during training, without having any significant impact on the model’s footprint metrics (pa-
rameters, latency, memory, etc.). Since its introduction, distillation has found widespread use across
models of various kinds (Kim et al.| (2023));/Sanh et al.|(2019)).

In this paper, we introduce Guided Initialization and Distillation of Embeddings, or GUIDE, which
is a novel approach to improve model quality without any impact on the model’s footprint metrics.
We know that standard knowledge distillation leads to progressive transfer of knowledge from the
teacher to the student, by forcing the student to match the teacher’s predictions. On the other hand,
GUIDE is designed so that the student also utilizes the teacher model’s parameters to have a strong
initialization guided by the teacher model. We can view GUIDE as distillation in the parameter
space, without the need for the teacher model to label a dataset.
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2 RELATED WORK

GUIDE is an algorithmic efficiency technique, as mentioned earlier, closely related to and com-
binable with distillation [Hinton et al.| (2014} and its variants [Sanh et al.| (2019). However, unlike
distillation, GUIDE does not change the loss function and neither does it need the teacher model to
label its training dataset.

A closely related work Xu et al.| (2023)) pitches a very similar idea on very small models (5M pa-
rameter student and 22M parameter teacher models). However, we show that their method does not
scale to large models of size up to 1B parameters.

Transferring knowledge in the parametric space from the teacher to the student has been attempted
in|Sanh et al. (2019); Shleifer & Rush|(2020) with positive results in LLMs. Unfortunately, in these
works, the authors assume that both the teacher and the student share the same model’s embedding
dimension, which allows them to let the student copy whole chosen layers from the teacher. This
requirement is too restrictive because very large teacher models often have a much larger embedding
dimension than the student.

In|Zhong et al.|(2024)), the authors introduce a sensitivity-based technique to extract and align param-
eters between teacher and student LLMs. However, their approach requires adding another LoRA
module and training that module to select the teacher’s relevant weights. Similarly, in Xia et al.
(2024), the proposed pruning method tries to solve a constrained optimization problem, requiring us
to learn pruning masks in order to decide which parameters should be kept from the teacher model.
Lin et al.| (2021) propose that a “Parameter Generator” can be trained to first predict the student’s
weights. Then we can continue finetuning the student model. However, this incurs an inference
cost from the teacher while training the generator. Thus, all of these methods are quite expensive in
practice. On the other hand, GUIDE does not require any new parameters or additional training.

There have also been attempts to use the weights of smaller students to initialize and train a larger
teacher model |Chen et al.| (2022); Samragh et al.| (2024). In this work, we only transfer knowledge
from a trained teacher to a smaller student.

Frankle & Carbin| (2019) shows that well-trained large models may contain subnetworks that can
perform almost as well as the original larger models. They provide a recipe that can be followed
to extract smaller subnetworks from simple fully connected networks and convolutional neural net-
works.

They also demonstrate that when trained from scratch, the subnetworks do not attain the same per-
formance as when extracted from larger models. This aligns with our results, where we empirically
confirm that models using GUIDE to parametrically distill from a larger teacher perform signifi-
cantly better than initializing from scratch.

Another method Wortsman et al.| (2022) proposes averaging the weights of multiple models with the
same architecture, when fine-tuned on the same dataset and initializing from the same pre-training
checkpoint (referred to as ‘Model Soup’). This is akin to ensembling in the parameteric space.

Devvrit et al.| (2024) proposes a method that can be used to train nested smaller models within a
larger model. This can be useful when a new larger model is being trained froms scratch, but is
applicable for leveraging an existing large model that was trained without this technique.

Other common efficiency techniques such as quantization Krishnamoorthi| (2018)); Jacob et al.
(2018), sparsity |Gale et al.| (2019), architectural techniques Menghani et al.| (2025)), etc. are or-
thogonal to our work can be applied in conjunction with GUIDE without any adverse effects.

3 GUIDED INITIALIZATION AND DISTILLATION OF EMBEDDINGS (GUIDE)

In this section, we introduce GUIDE, a simple and fast approach which directly transfers knowledge
from a teacher model to the student model by using the pretrained teacher to initialize the student
model’s parameters.
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3.1 PRELIMINARIES

In the standard distillation setting, we have a teacher model 7" and we want to distill 7" into a smaller
student model S. Generally speaking, the teacher has more parameters and layers and performs
better than the student. Here we assume that S and T are traditional transformers to be trained
on the same dataset with the same context length. For ease of notation, we shall use S and T
as subscripts of the relevant variables, tables, and weight matrices to indicate whether they are
from the student or teacher model. Let d,n,h,¥, and f be the model dimension, the number of
transformer blocks, the number of attention heads, the key/query/value dimension, and the MLP
inner dimension, respectively. Recall that dgs = hgls and dr = hplr. In this work, we also
assume that dg < dr,hg < hp,and g < (7.

Next, let us introduce some notation needed to describe our method and briefly recap how
transformer-like models work. Note that we only describe the relevant details here while skipping
others (e.g. layer normalization, causal mask, etc.). The reader is referred to|Vaswani et al.|(2017)
for a full description of the transformer architecture. Let E and P be the embedding table and the
positional encoding table of size m x d where m is the vocabulary size. Given an input sequence of
token indices z of length L (i.e., context length), the input embedding X € RX*? is computed by
looking up tokens from E and adding the positional encodings from P:

X, :=E, +P,.

Then X is passed through a sequence of n multi-head self-attention blocks where the output of one
block is added to the original input and becomes the input of the next block. Each block has h
attention heads and an MLP layer that work as follows. Slightly abusing notation, for each attention

headi € {1,...,h}, define learnable projection matrices W,?, W/, W,V € R4*‘, We then project

X onto these to get the query, key, and value matrices: Q; = X WiQ, K, =XWEK V,=XW/V.

The attention scores is computed as

Q.K!
Vi

The scores are then used as weights to compute the contextual embeddings:

A; = softmax ( ) e REXE,

H, =AYV, e REXL.

The head outputs are then concatenated and projected onto a learnable output projection matrix
WO ¢ Rixd;
O := Concat(H,, ..., H,)W©? e RL*4,

Finally, O is pushed through an MLP layer giving the block output:
B .= ¢(ow(1) + b(l))W(2) +b®@ ¢ RLXA,

where W1 € RS W2 ¢ Rf*d p(1) ¢ RS, and b € R? are learnable, ¢ is an activation
function (e.g., GELU), and the + operator is applied in row-wise manner.

3.2 OUR APPROACH

We now propose a simple and efficient method for the weight initialization of transformer models.
The main idea here is to take Eg as the PCA compression of E7. By projecting E7 onto its PCA
projection matrix M € R?7X9s  we retain the most important patterns in dg dimensions. Unlike
previous pruning approaches that “approximate” the teacher’s embedding table by picking some
subset of the features, here we aim to extract as much information from it as possible.

More importantly, M can be used as a “bridge” connecting the student embedding space and the
teacher embedding space. Note that multiplying any student’s embedding by M ™ would reconstruct
the original teacher’s embedding. Therefore, by projecting the input sequence X onto M before
pushing it into the first block, the teacher model now works harmonically with the new smaller
embedding table Eg as illustrated in Figure The query, key and value matrices in this case
are Qo = (XMT)WOQ, Ky = (XMTYW{E and Vo = (XMT)W,'. By the associativity of
matrix multiplication, we can also absorb M” into WOQ , and W W, transforming their shape
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Algorithm 1 GUIDE(S,T) #S,T represent the student and teacher models
1: E <+ Concat(Eg, Ps) # concatenate in row-wise manner
U,X,V + SVD(E)
M « V|[;,:dg] # the PCA projection matrix, taking the most dg important directions
Initialize Eg < Er-M and Ps < PrM
Initialize @, K,V projection matrices of the first block: WSZ70 —~ M TWTZ7 o for each Z €
{Q.K,V}
6: Let D, Dy, H, and F' be the outputs of GETEVENLYSPACEDINDICES when applying to pairs

(ds,dr), (ls, 1), (hs, hr), and (fs, fr) respectively.
7: W&o < W[, Dy] foreach Z € {Q, K, V'}

8: Reshape WTO,O to hy X by X dp

9: Initialize WS W2, [H, Dy, D]

10: Reshape Wgo back to dg X dg
1 1 1 1

1 W« Wil[D, F] by « b3 [F]
2 2 2 2

12: W « WiS[F, D], bS) « b3 (D]

dT dS
Er <M Eg
v \
Token embeddings
xMT xM7T
¢p Head0 | Head1 Head hr — 1

oo/ e/

Concatenated output | [ | ] ‘

xMT
\ar

dr w2

|
/

Figure 1: The teacher transformer can be “approximated” by using a PCA-compressed embedding
table along with reconstructed embeddings.

to dg x 7. For the rest of the block, we can now use Uniform Selection to reduce the remaining
dimensions of {7, dr, and fr to £g,dg, and fg, respectively.

The details of GUIDE are shown in Algorithm [I]

Figure [2 illustrates how M7 is used to transform @, K,V weight matrices, and evenly-spaced
weights are selected from the remaining of the first transformer block by GUIDE.

4 EXPERIMENTAL RESULTS

In this section, we experiment with GUIDE using traditional transformers of various sizes. In
Section we describe the setting of our experiments. The main experimental results of will be
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Figure 2: GUIDE uses M7 to transform @, K, V matrices. Then Uniform Selection is used to take
evenly-spaced green rows and columns to initialize the student’s first block.

presented in Section In Section we show that GUIDE can be combined with standard
distillation, giving improved performance. Finally, we present the ablation study and the results
when initializing intermediate transformer blocks in Section[A.3]

4.1 EXPERIMENTAL SETUP

In all of our experiments, we pre-train a decoder-only transformer on the public Colossal Cleaned
Common Crawl (C4) dataset Raffel et al.[(2020) using the NanoDO training framework by |Liu et al.
(2024). The configurations of the models presented in this section are shown in Table [T}

Table 1: Model configurations for the teacher and the student models in our experiments.

Type Model Model Num Num Head FFN
Size Dims Layers Heads Dims Dims

Student 400M 960 23 30 32 5,760
Student 1B 1,728 25 36 48 6,912
Teacher 42B 3,072 36 48 64 12,288

All models have the same vocabulary size of 32,000, and a context length of 2048 tokens. It takes
about 8.5 hours, 14 hours, and 3.5 days to train the 400M student, 1B student, and 4.2B teacher
models, respectively, on the Google TPU Trillium (v6e) chips. Table |2 shows the training config-
urations of the above models. For training the students, we use the Adam optimizer with an initial
learning rate that increases (linearly) from 0.0 to 0.0011 in 100 warmup steps, then decays (linearly)
to 0.0 in the remaining steps.
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Table 2: Training configurations for the student and teacher models.

Type Model Batch Num TPU Training
Size Size Chips Steps
Student 400M 192 64 50,000
Student 1B 192 64 50,000
Teacher 4.2B 1,024 128 50,000

4.2 MAIN RESULTS

We compare GUIDE with a student trained from scratch with random initialization and variants of
Uniform Selection by Xu et al.| (2023). Interestingly, using the “first-/V selection” option for layer
selection as suggested by Xu et al.| (2023) performs quite poorly, causing the student to perform
worse than using random initialization. Taking a few evenly-spaced layers (1 or 2) works better and
is used as the main baseline in our study. The final perplexities of the student model are reported in

Tables 3 and

Table 3: Comparison between GUIDE, Uniform Select, and Random Initialization for the 400M
parameter student model when using the 4.2B parameter teacher model.

Initialization Perplexity Teacher-Student

Algorithm Gap Reduction
(%)

Random Initialization 15.915+£0.015 N/A

Uniform Select. (first-V) 15.9674+0.015 -0.82

Uniform Select. (1 layer) 14.458+0.013  23.15

Uniform Select. (2 layers) 14.498+0.013  22.51

GUIDE 14.245+0.013  26.53

Teacher 9.621+0.004 N/A

Table 4: Comparison between GUIDE, Uniform Select, and Random Initialization for the 1B pa-
rameter student model when using the 4.2B parameter teacher model.

Initialization Perplexity Teacher-Student

Algorithm Gap Reduction
(%)

Random Initialization 13.382+0.012 N/A

Uniform Select. (first-/V) 14.088+0.013  -18.77

Uniform Select. (1 layer) 12.459+0.011 24.54

Uniform Select. (2 layers) 12.4914+0.011  23.70

GUIDE 12.438+0.011 25.11

Teacher 9.621+0.004 N/A

We plot the perplexity of the student models on the training trajectory in Figures [3]and 4} In both
cases, GUIDE consistently outperforms existing approaches throughout the training process. In
summary, GUIDE can reduce the teacher-student perplexity gap by 26.52% and 25.11% for the

400M and 1B models, respectively.



Under review as a DeLTa Workshop Paper at ICLR 2025

400M model - GUIDE

Perplexity

Figure 3: Training trajectory of the 400M parameter student model with GUIDE and other initial-
ization methods. x-axis is the step number, and y-axis is the perplexity on the evaluation dataset.

1B model - GUIDE

Perplexity

Figure 4: Training trajectory of the 1B parameter student model with GUIDE and other initialization
methods. x-axis is the step number, and y-axis is the perplexity on the evaluation dataset.

Observe that there are several “loss spikes” during the training trajectory of the non-GUIDE models
in Figures 3| 4] [B] and[6] In fact, this phenomenon has been reported to negatively affect the training
of large models |Chowdhery et al.|(2023)). Notably, GUIDE does not suffer from any big loss spike,
demonstrating the stability of our approach.

For analysis of GUIDE, we also compute the explained variance ratio of the newly initialized em-
bedding table (i.e., the ratio between the variance of columns of the new embedding table and the
total variance of the original teacher’s table) when applying GUIDE and Uniform Select. For the
400M student, the explained variance ratios of Uniform Select and GUIDE are ~ 0.29 and ~ 0.64,
respectively. For the 1B student, the explained variance ratios of Uniform Select and GUIDE are
=~ 0.58 and ~ 0.82, respectively. The relatively large gap indicates that the columns of the teacher’s
embedding table are somewhat correlated, and PCA projection was able to successfully combine
them into efficient “super-features” while Uniform Select is just throwing away valuable unique
data.

5 DISCUSSION

In this section, we will summarize our results and observations from the previous section. We started
with describing the model configuration and the training setup. Our choice of student and teacher
model sizes is two orders of magnitude larger than the closest related work of |Xu et al. (2023).
The student models were trained for ~ 20B tokens and the teacher model was trained with ~ 100B
tokens.

As mentioned in Section[#.2] the baseline approach of ‘Uniform Selection” and matching the “first-
N’ layers of the teacher model with the student model as described Xu et al.|(2023)) performs poorly



Under review as a DeLTa Workshop Paper at ICLR 2025

(where N is the number of student layers). We suspect that since the authors report the results of
their method on student and teacher models of sizes SM and 22M parameters, it is possible that
their initialization scheme does not transfer well to the much larger models such as LLMs of today.
In fact, we find that choosing a smaller number of layers to match by evenly spacing them in the
teacher model works better, and we use that as an ‘enhanced’ baseline in our experiments.

In Tables [3|and ] we see that GUIDE gives a 26.53% and 25.11% reduction teacher-student quality
gap for the 400M and 1B param baselines, respectively. It significantly outperforms our ‘enhanced’
baselines of Uniform Select with 1 and 2 layers.

In Section[A.2] we explored combining GUIDE with standard knowledge distillation. Interestingly,
GUIDE leads to additive gains on top of knowledge distillation, while also getting better model
quality by itself than when knowledge distillation. The unique gains provide an interesting opportu-
nity for those training models from scratch to leverage the teacher’s knowledge at initialization time
as well using GUIDE, apart from learning from it during training with standard KD.

Finally, we note that we get the best results when initializing the embedding table and the first /
top layer from the teacher, as seen in Tables [7] and [§] Matching more than 1 layer seems to lead
to degradation in performance (except when matching 3 layers), suggesting that there is room for
improvement in the method.

To summarize, given that GUIDE has no training and inference overhead, when a larger pre-trained
model is present, applying GUIDE on a student model’s embedding table and first layer is likely to
improve model performance substantially. Combining GUIDE with knowledge distillation would
help the student learn from the teacher both in the parametric space and the output space.

6 CONCLUSION

In this paper, we introduce GUIDE, which is a novel algorithmic efficiency technique that helps
improve model quality without any impact to the model size or latency.

We ran a host of experiments to demonstrate the efficacy of our method, and show that not only does
GUIDE beat the baselines from existing literature, it also beats our ‘enhanced’ versions of those
baselines. GUIDE also combines very well with vanilla knowledge distillation method where we
see that the quality gains from GUIDE are nearly additive on top of those from distillation. This
strong result implies that GUIDE brings model quality gains that are distinct from the standard
knowledge distillation approach. Furthermore, applying GUIDE alone led to better model quality
than applying knowledge distillation alone.

Therefore, when a large pre-trained models is available, using GUIDE to initialize smaller models
before training is likely to provide virtually free improvements to model quality. In terms of future
work, we aim to further improve GUIDE by developing novel variants that help us extract even
more information from the teacher models during initialization and training.
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A APPENDIX

A.1 INITIAL ATTEMPTS

In this study, we explore new ways to improve standard knowledge distillation. Can we extract
even more useful information from the teacher to help train a better student? A popular approach,
in the same spirit as the original distillation work of |Romero et al.| (2014), would be to exploit the
teacher’s final token representations (that is, the output of the last block used to compute the logits)
Br .. In fact, matching the student’s and teacher’s token embeddings has yielded positive results
in J1ao et al|(2020); [Kim et al.| (2023). Here we encounter the first challenge: the dimensional
mismatch between the teacher and student. A common approach to this problem is to introduce
another learnable projection matrix M € R97*9s and optimize the following additional MSE loss:

10SSembedding = MSE(BS,TLS ) BT,nT X M)v

where the parameters in By . are frozen [Romero et al|(2014). Unfortunately, this approach not
only incurs the teacher’s inference cost in the training proccess, but also does not seem to work
consistently when pretraining decoder-only LLMs. In our experiments, adding this embedding loss
actually hurts the student’s performance.

We want to directly transfer knowledge from the teacher to the student via an “almost-free” weight
initialization method. Basically, the weights of the pretrained teacher can be used as a good starting
point for the student. As mentioned in Section 2] notable works on this subject include Xu et al.
(2023)); \Shleifer & Rush|(2020);/Sanh et al.| (2019). The weight initialization methods consist of two
main components: layer selection and weight selection. The former is a strategy to select teacher’s
layers to be matched to student’s layers. For a given pair of teacher’s and student’s layers, the latter
helps select a subset of teacher’s weights to be used as initial weights for the student’s layer.

A.1.1 UNIFORM SELECTION BY | XU ET AL.|(2023))

For isotropic architectures (e.g., transformer models), |Xu et al.| (2023) suggests the so-called “first-
N selection for layer selection. Basically, the first N layers of the teacher will be used as the
initialization source. The authors also mention taking evenly-spaced layers in teacher as an alterna-
tive. Note that this approach has also been tried in |[Shleifer & Rush|(2020). For weight selection,
they propose the “Uniform Selection” strategy as follows. Suppose that we want to initialize the
student’s weight tensor W with shape s; X sg X ...s, from Wy with shape t; X t3 X ... X &,
where the indices are 0-indexed.

Algorithm 2 GETEVENLYSPACEDINDICES(m, n)  Note: m,n are integers and n > m > 1 and
the function returns m evenly-spaced integers from [0, n — 1].

10 [« (0,m=L 20m=y) - (mo))?

Y n—10 m—1 0 1
2: Round numbers in [ to the closest integer (half-integers are rounded down)
3: Return [

To construct Wg, for each dimension ¢ € [I,n], we select indices returned by
GETEVENLYSPACEDINDICES(s;, t;) along the i-th dimension of W. While this procedure is sim-
ple and can be applied to different model architectures, it is agnostic to how transformers actually
work.

To the best of our knowledge, none of the current works take advantage of the specific structure of
transformers in weight initialization. Here we shall try to extract even more information from the
teacher’s embedding table and the first transformer layer, which directly takes the token embeddings
from the table as input.

A.1.2 LOW-RANK APPROXIMATION TO PRESERVE PAIRWISE DOT-PRODUCTS

Let us start with the embedding table of the teacher Er. One natural idea would be to replace the
student’s embedding table by E7 M where Er is frozen and M € R?7*%s ig Jearnable as above.
The drawback of this approach is the extra parameters in the projection M. Moreover, learning this
projection does not seem to yield significant improvements in practice. Thus, we want to directly
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initialize Eg by using Er. One idea would be to find Eg such that the pairwise dot products
between tokens in the dictionary are preserved:

EsEL ~ ErEY,

which is a low-rank approximation problem. Let D := E7EZL. Observe that D is symmetric
positive semidefinite. So we can find the spectral eigendecomposition of D:
D=UAU",

where U is orthogonal and A = diag(A\y,...,Ar) with Ay > Ao > ... > Ap > 0. Let
Uyg :=U. .q, and Ay, = diag(A1, ..., Agg). Then according to the Eckart—Young-Mirsky theo-
rem, taking

ES = UdsA}jé?

gives the best solution among all matrices of rank at most dg to minimize | EsEL — D||r.

Note that the above low-rank approximation method is a parametric knowledge transfer that does not
require the teacher to participate in the student training. However, it is not trivial to apply the same
approach to the transformer blocks and/or to make these blocks work in sync with the embedding
table constructed this way. For example, suppose that we want to extract knowledge from some
attention head ¢ of a teacher’s block. One straightforward idea is to let the student learn the teacher’s
attention scores A7 ;. However, these scores depend not only on parametric projections chi? , and
W%fi, but also on the teacher’s input embeddings X . Traditionally, this would require the use of an

additional loss, for example, ||As; — Ar,||2. Then we still have to deal with W}/ i WTO, ;» and the
teacher’s MLP layer.

A.2 COMBINING WITH KNOWLEDGE DISTILLATION

Here we show that applying GUIDE before using Knowledge Distillation (KD) will help boost the
quality of the student significantly. In our distillation experiments, we use the same 4B parameter
teacher model for both, GUIDE and knowledge distillation. For KD, we load the teacher into
memory for inference and freeze its parameters. The teacher is then used to generate its per-token
distributions that the student model is forced to match. More specifically, we minimize the following
loss:

»Ctotal = »Cpred + aﬁdislillv

where Lyreq is the usual next-token prediction loss and Lgisn is the distillation loss, which is defined
as the cross entropy between the per-token distributions returned by the student and the teacher:
Laisin := CE(yr,ys). Note that this distillation loss should not be confused with the embedding
loss, which is the MSE between the student’s and teacher’s final token representations, as mentioned
in Section[A.T] We set the distillation weight o := 0.5 in our experiments.

The performance of the students when using GUIDE + KD is reported in Tables [5 and [f| GUIDE
itself is capable of transferring more information from the teacher to the student than KD alone.
Moreover, the gap reduction of the combined GUIDE + KD setup is almost equal to the sum gap
reductions of using the two methods separately. This suggests that GUIDE and KD work synergis-
tically, with each bringing distinct improvements.

Table 5: Combining GUIDE and Knowledge Distillation for the 400M parameter student model.

Model Perplexity Teacher-Student
Gap Reduction
(%)

KD 15.15440.014  12.10

Uni. Select. (1 layer) 14.4584+0.013  23.15

GUIDE 14.2464+0.013  26.53

Uni. Select. (1 layer) + KD  13.804+0.013  33.55

GUIDE + KD 13.662+0.012  35.80
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Table 6: Combining GUIDE and Knowledge Distillation for the 1B parameter student model.

Model Perplexity Teacher-Student
Gap Reduction
(%)

KD 12.636+0.011  19.86

Uni. Select. (1 layer) 12.459+£0.011 24.54

GUIDE 12.438+0.011  25.11

Uni. Select. (1 layer) + KD 11.825+0.010 41.42

GUIDE + KD 11.813+0.010 41.73

400M model - GUIDE+Distillation

Perplexity

20000 30000 40000 50000

Figure 5: Combining Knowledge Distillation with GUIDE when training 400M model.

1B model - GUIDE+Distillation

Perplexity

40000 50000

Figure 6: Combining Knowledge Distillation with GUIDE when training 1B model.

A.3 ABLATION STUDY AND INITIALIZING INTERMEDIATE LAYERS

Our most interesting observation here is that initializing the first layer is crucial. This will signif-
icantly improve the student’s performance compared to initializing the student’s embedding table
alone. However, initializing more intermediate layers after this point would not help much in gen-
eral. Furthermore, our results show that the “first-/N” strategy suggested by |Xu et al.| (2023) for
layer selection performs poorly on standard transformers. The complete results for the 400M and
1B models are presented in Tables[7]and [§]
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Table 7: Performance of GUIDE with different strategies for layer selection on the 400M parameter
student model. We find that applying GUIDE on the embedding table and the top most layer gives

the best results.

GUIDE Perplexity Teacher-Student
Gap Reduction
(%)
Embed. Table only  14.4534+0.013 23.24
Embed. Table +
1 layer (top) 14.246+0.013  26.53
2 layers (top+last)  14.317£0.013  25.40
3 layers 14.268+£0.013  26.18
4 layers 14.356£0.013  24.79
8 layers 14.509£0.013  22.35
first- IV layers 15.501£0.014 6.58

Table 8: Performance of GUIDE with different strategies for layer selection on the 1B parameter
student model. Consistent with Table [/| we find that applying GUIDE on the embedding table and

the top most layer gives the best results.

GUIDE

Perplexity

Teacher-Student
Gap Reduction
(%)

Embed. Table only

Embed. Table +
1 layer (top)
2 layers (top+last)
3 layers
4 layers
8 layers
first- N layers

12.866+0.012

12.438+0.011
12.612+0.011
12.505+0.011
12.609+0.011
12.630+0.011
14.037+0.013

13.73

25.12
20.50
23.34
20.58
20.01
-17.40
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