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ABSTRACT

Past works have shown that lexical, syntactical, and semantical differences in het-
erogeneous data sources can cause challenges such as negative interference or the
“curse of multilinguality”. Because of this, training on such heterogeneous cor-
pora requires extensive and costly efforts to balance data mixtures. We propose
a novel pre-training framework to alleviate this curse. Our method, DEPT, de-
couples embeddings from the transformer body while simultaneously training the
latter in multiple contexts without a shared global vocabulary. DEPT: (1) trains
robustly and effectively under significant data heterogeneity, (2) reduces token
embedding parameters by up to 80% and communication costs by 714x for
billion-scale models, (3) enhances transformer body plasticity and generalization,
improving average perplexity upward of 15.3 — 20% and improving performance
for downstream fine-tuning in our experiments, and (4) permits training with cus-
tom optimized vocabularies per data source. We demonstrate DEPT’s potential via
the first vocabulary-agnostic federated multilingual pre-training of a billion-scale
model, reducing total parameters by 24% versus standard training.

1 INTRODUCTION

Language models (LMs) rely on large pre-training datasets to generalize across tasks (Radford:
et al.| [2019), contexts (Brown et al., 2020), and languages (Pires et al., 2019; |Artetxe et al., 2020;
Zhao et al., 2024). Incorporating more data enhances models’ generalization and language acqui-
sition (Hoffmann et al., 2022). However, scaling data leads to a more heterogeneous mix of data
sources, such as different domains and languages, which poses challenges for LMs. Issues like Neg-
ative interference (Wang et al.l [2020), where diverse sources compete for model capacity, and the
Curse of Multilinguality (Conneau et al.,2020), where adding languages yields diminishing returns,
especially on low-resource languages (Magueresse et al., 2020).

Existing solutions for pre-training on heterogeneous data are costly and complex. Multilingual mod-
els like BERT (Devlin et al., 2019), XL.M (Conneau et al., 2020), and mT5 (Xue et al., [2021)) require
careful temperature-tuning of language sampling ratios for each model-tokenizer pair, involving ex-
pensive model selection with numerous models to optimize validation perplexity (Conneau et al.|
2020). Large Language Models (LLMs), such as LLaMA, handle heterogeneous data with inten-
sive “language-specific heuristics and model-based filters” (Dubey et al., [2024). These resource-
intensive and restrictive methods lead to vocabulary dilution (Rust et all [2021) and sub-optimal
cross-lingual/domain performance (Chang et al.| [2023al).

This paper proposes a novel pre-training pipeline to tackle heterogeneous data pre-training chal-
lenges, including the curse of multilinguality. Observing that custom vocabularies enhance perfor-
mance across languages (Rust et al.,|2021) and domains (McLeish et al.,|2024)), we suggest partially
or fully decoupling the embedding space from transformer bodies. This optimizes embeddings for
specific contexts, with the transformer learning abstract representations. We introduce Decoupled
Embeddings for Pre-Training (DEPT) in three variants, GLOB, TRIM, and SPEC (see Fig. , each
increasingly leveraging local context, ultimately allowing pre-training with distinct domains/lan-
guages, embedding matrices, and vocabularies. For example, our decoupled variants enable training
with an effective vocabulary of 400 000 while using only 50 000 embeddings at any time.
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Figure 1: Pipeline for DEPT variants: TRIM (top-right), GLOB (bottom-left), SPEC (bottom-right),
with the STANDARD approach (top-left). The numbered pipeline steps proceed as follows: (1)
text corpora are processed into a vocabulary and tokenizer (global for STANDARD, GLOB, and
TRIM; global or personalized for SPEC); (2) corpora are tokenized into a pre-tokenized dataset;

(3) WORKERS train the model on their pre-tokenized data; (4) partial training results are collected;
(5) results are aggregated; (6) the new model is sent to WORKERS. Steps 3—6 repeat to convergence.

DEPT enables pre-training on heterogeneous data sources with unique vocabularies and linguistic
features. In the DEPT pipeline, instead of mixing data, sources are distributed as isolated silos, akin
to clients in cross-silo Federated Learning (FL) (McMahan et al.,[2017b). DEPT trains on each silo
and aggregates contributions similar to FL clients. This work explores if an LM can converge across
contexts without a shared (1) output vocabulary, (2) embedding matrices, or (3) tokenization.

In summary, our work brings the following scientific contributions:

1. DEPT offers a solution to train an effective transformer body without shared global embed-
dings, avoiding the time, electricity, and carbon-intensive HPO tuning.

2. DEPT-based transformer bodies show better generalization, achieving lower validation
perplexities, with improvements upward of 15.3—20% to average perplexity. DEP T models
also excel in model plasticity, quickly adapting to new languages/domains. Finally, DEPT
improves downstream fine-tuning performance on Natural Language Understanding tasks.

3. DEPT reduces the memory requirements of models by O((|V|~Vi[)dumoaa) Where |Vy| is
the average data source’s vocabulary size, |V| the global vocabulary size, and dy,oqe1 the
embedding dimension. For multilingual models, this can save up to 80% of the embedding-
matrix size, reducing 409M parameters for our billion-scale model.

4. DEPT is communication-efficient in distributed settings, with communication costs up to
714 x lower than standard distributed data parallelism 2023). Compared to
communication-efficient SGD [2019), it obtains further reduction based on vocabu-
lary size, communicating 30% less for billion-scale models in our experiments. Addition-
ally, DEPT enables vocabulary-agnostic federated pre-training for the first time.

2 DECOUPLED EMBEDDINGS FOR PRE-TRAINING (DEPT)

Previous works attribute the curse of multilinguality to capacity contention, vocabulary dilu-
tion (Conneau et al., 2020), and suboptimal tokenization 2021)). These issues impact em-
beddings, as the transformer body is vocabulary-independent 2024). For example, while
English may necessitate 150 000 tokens, multilingual models may allocate 250 000
to hundreds of languages, causing dilution, contention, and language under-representation (Maguer-|

2020). We propose decoupling embeddings during training, enabling custom parameters
to reduce contention and custom vocabularies to avoid dilution and suboptimal tokenization.

We argue that training the transformer body without shared embeddings is feasible. Our intuition is
based on evidence that: (a) transformers adapt to new languages by re-learning embeddings
et al.,[2020); (b) syntactic similarity matters more than subword sharing for performance (Pires et al.|

2019); and (c) periodically re-initializing embeddings enhances plasticity (Chen et alJ,[2023)). This
suggests that transformer body performance is partly embedding-independent, allowing decoupling.

Our method, DEPT, achieves this decoupling by: (1) tokenizing data sources independently, using a
global or custom vocabulary; (2) randomly initializing LM parameters; and (3) training iteratively
over random source subsets (see Section |Z|) This contrasts with standard pre-training, which uses
shared embeddings and draws random samples from a balanced distribution of all sources.
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Algorithm 1 Decoupled Embedding for Pre-Training (DEPT) variants: GLOB TRIM SPEC

Require: S: set of K data sources, 7": number of rounds
Require: 6y: initial transformer blocks, ¢o, ¥o: optional token/positional embeddings
Require: {Dy}+—,: source-specific datasets, {Vx } #—,: source-specific vocabularies
Require: InnerOPT: inner loop/local optimizer, e.g., AdamW (Loshchilov & Hutter} [2019)
Require: OuterOPT: outer loop/server algorithm, e.g., FedAvg (McMahan et al., 2017a)

1: for each update round ¢t = 1,2,...,7 do

2: Randomly select a subset S; C S of data sources for round ¢

3 for each data source k£ € S; in parallel do

4 0F, ¢F ,F « InneroPT(fs—1, dt—1,¥t—1, D) > |GLOB: Global embeddings
5 di—1|v, = Trim(¢e—1, Vi) > TRIM: Trim global token embeddings
6: 0F, dt|vi, ¥F + InnerOPT(Oi—1, Pr—1|vy, Vi1, D) > TRIM
7 0F, ¢F ,F — InneroPT(fs—1, ¢F 1, ¥F 1, D) > SPEC: specialized embeddings
8 AOF — 0F —0,_, > Compute parameter update
9 APF — ¢F — pr1 > GLOB: Compute global token embedding update
10: Adilv,  delv, — de—1]vy, > TRIM: Compute Trimmed embeddings update
11: AYF — PF — > GLOB + TRIM: global positional embedding update
12: 0; « OuterOPT(fi—1, {A0 Yres,) > Apply the updates for the transformer body
13: bt +— OuteroPT(¢di—1, {AdF}res,) > GLOB: Apply token updates
14: ¢¢ < OuterOPT(¢¢—1, {Adt|v, tres,) > TRIM: Apply token updates
15: Yt < OuterOPT(Yhs—1, {AVF}res,) > GLOB + TRIM: Apply position updates

16: return O, o7, Y7

2.1 METHOD

Akin to federated and meta-learning algorithms, DEPT optimizes a global set of parameters 6 (the
transformer body) along with optional token and positional embeddings ¢, ¢ across data sources .S.
DEPT trains iteratively, selecting a subset S; C S for each iteration (federated round) ¢. On each data
source (k € S;), DEPT performs inner-loop optimization InnerOPT, e.g., SGD, independently.
After each iteration, it aggregates the transformer body of |S;| trained models using the outer-loop
optimizer OuterOPT, e.g., FedAvg. We present three variants for managing embeddings ¢ and ),
offering progressively stronger embedding-space specialization, and compare them in Section 2.4}

GLOB Shared Embeddings: Based on distributed methods like FedAvg, which aggregate models
after extensive local training, GLOB operates as follows. Each data source receives a global
transformer body and embeddings (token and positional) and trains on its local data. The
updated model (transformer body and embeddings) is then aggregated with models from
other sources via OuterOPT, enabling GLOB’s use for federated and centralized settings.

TRIM Partially-decoupled: Each data source is assigned the global transformer and embeddings.
Unlike GLOB, it then trims the token embeddings to only those tokens in its local vocabu-
lary Vj, restricting the input and output space. During OuterOPT, the token embeddings
are projected to the global vocabulary and aggregated.

SPEC Fully-decoupled: Each data source receives the global transformer body. Unlike GLOB and
TRIV, it randomly initializes specialized token and position embeddings when first sam-
pled. These embeddings are used subsequently for that source but never aggregated. SPEC
thus accommodates any vocabulary, e.g., those created with custom-optimized tokenizers.

DEPT replaces the standard pre-training pipeline (Fig. [1) for broad pre-training prior to continued
pre-training or adaptation (Dubey et all [2024). Inspired by distributed SGD methods, Algorithm [I]
can operate in parallel, adapting to hardware capabilities. Due to reduced communication, DEPT is
also suitable for low-bandwidth settings like cross-silo FL.
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2.2 TRIMMED EMBEDDING AGGREGATION (TRIM)

For data source k, trimmed embeddings ¢, € RIVEXdmoaer are derived from global

ones ¢ € RIVIdmoae a5 ¢ = T, ¢, where |V| is the global vocabulary size, |V
the source-specific size, and dpyodel the embedding dimension. The indicator function
Ty, (i, j) = I[the j-th token in V corresponds to thei-th local token in V| selects tokens from ¢. Af-

ter InnerOPT we create g?)k € RIVXdmodel " ysing zero-padding for tokens in V \ V&, and use
T, e RIVKVEl to project ¢y, back, ¢, =Z ¢, Aggregation (Out erOPT) is then applied to { @y, } xes,
with zero-padding ignored to avoid interference between tokens not shared across sources.

2.3  POSITIONAL EMBEDDING SPECIALIZATION (SPEC)

Unlike other variants, SPEC specializes both the token embeddings ¢ and positional embeddings
1), based on evidence that subword sharing is less important than syntactic and typographic ele-
ments (Pires et al., 2019). SPEC is thus agnostic to vocabulary and sequence length. This unique
property enables federated learning without knowledge of the underlying data or shared tokeniza-
tion. Without positional embedding specialization, SPEC resembles a version of TRIM with an em-
bedding matrix split across sources and with disjoint vocabularies {V; }_ | such that V = UE_ V.

2.4 VARIANT CHARACTERISTICS

In most scenarios, practitioners can de-
ploy any of our proposals, obtaining an
improved transformer body over past ap-
proaches, with reduced communication
and memory costs as shown in Table [I]
However, some settings are appropriate for

Table 1: Memory and communication costs of DEPT,
where: M is the number of model parameters; |V| is
the global vocabulary size; | V| is the mean data source
vocabulary size; dpodel 18 the embedding dimension;
Niocal = N/T is the number of local steps done per
iteration for a total number steps N; L is the sequence

a given variant.

GLOB resembles a standard pre-training
pipeline.  Although it does not explic-
itly decouple embeddings from the trans-

length. GLOB reduces comms by only communicating
every Nigcal Steps while TRIM also reduces embedding
size. SPEC brings further reductions over TRIM by not
sharing token or position embeddings. The standard

baseline is assumed to be distributed-training with per-
step synchronization. Concrete numbers for our mod-
els (see Table E[) are shown in Table Q

former body, they gradually become de-
coupled as only locally present tokens
influence them. As a communication-
efficient form of SGD, GLOB reduces

communication costs compared to dis- Method Memory Cost Per-step Comms Cost  Vocab Agnostic
tributed algorithms such as DDP (Li et al], ST2PARD o) o x
2020) or FSDP (Rajbhandari et al,[2020), S:°® o @(ﬁﬁ) *
which synchronize gradients at every step. TRIM OM — (V] ~ Pildoner) (LAY Mmotary x
However, constructing a global vocabu- seec OM = (V] = Dildoaer) O YEE ot v

lary requires sufficient knowledge of the
dataset and may risk vocabulary dilution
and capacity contention.

TRIM shares the same assumptions as GLOB and can be deployed similarly. It further reduces mem-
ory requirements for embeddings to match the data source’s needs (dmodel X Vi), also lowering
communication costs. These savings are substantial for multilingual models with large vocabular-
ies (Ushio et al., [2023)); for instance, mT5 and mBART (Xue et al.| 2021} [Lewis et al.,|[2020) allocate
40% — 80% of parameters to embeddings. Since our models use tied weights (Inan et al., 2017),
TRIM restricts their output space, unlike GLOB, with a slight but inconsistent impact on perplexity.

SPEC enables pre-training across data sources without a shared vocabulary, providing TRIM’s ben-
efits plus local specialization. Communication costs are minimized by transferring only the trans-
former body to the outer optimizer and decoupling embeddings, enabling vocabulary-agnostic train-
ing. This makes SPEC ideal for training a transformer body with unknown or private data. To en-
able inference, SPEC requires a global embedding matrix. While several methods exist (Section[6.1]
and Appendix [F), we use the straightforward approach of multi-phase adaptive pre-training (Gu-
rurangan et al.l |2020), or continued pre-training with a randomly initialized matrix. This approach
follows other techniques for enhancing model capabilities, e.g., long-context pre-training stages (De-
vlin et al., [2019; |Dubey et al., [2024)) and domain adaptation (Gururangan et al., 2020).
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3 EXPERIMENTAL DESIGN

We propose DEPT as an efficient alternative to standard pre-training to address the “curse of multi-
linguality” and “negative interference”. In this section, we conduct experiments to evaluate DEPT’s
performance, focusing on the following research questions:

RQ1 Does DEPT allow us to increase the number of training tokens from heterogeneous data?
RQ2 Does DEPT improve efficiency, in terms of memory and communication costs?

RQ3 Does DEPT improve zero-shot generalization to out-of-distribution data?

RQ4 Does DEPT improve model plasticity when learning new distributions?

3.1 EXPERIMENTAL SETUP

For our experiments, we train decoder-only transformers—currently the most relevant architec-
tures—ranging from 125M to 1.3B parameters with 12 to 24 blocks (Tables 2] and [8). We use
parameter averaging (McMahan et al., [2017a; |Stich, |2019) as our OuterOpt optimizer, and
AdamW (Loshchilov & Hutter, 2019) for InnerOpt. Full experimental details on our architecture,
training hyperparameters (Tables [2|and 8], dataset, and baseline implementation are in Appendix [A]

3.2 MULTI-DOMAIN AND MULTILINGUAL METHODOLOGY

To evaluate DEPT on multi-domain data, we use The Pile (Gao et al.l 2021), which in-
cludes 22 subsets. We select 16 non-copyrighted subsets as our K data sources in Algorithm [T}
GitHub (GH), DeepMind Mathematics (DM), Wikipedia (WK), Common Crawl (CC), PubMed Ab-
stracts (PA), PubMed Central (PC), USPTO Backgrounds (UB), NIH Exporter (NH), FreeLaw (FL),
Enron Emails (EE), EuroParl (EP), Stack Exchange (SE), Philosophy Papers (PP), ArXiv (AX),
Project Gutenberg (GU), and Hacker News (HN). Ubuntu IRC (UT) is the out-of-distribution dataset.

For multilingual data, we use MC4 (Xue et al.|[2021) with a mix of high, medium, and low-resource
languages: English (EN), Italian (IT), and Chinese (ZH) as high-resource; Serbian (SR) and Malay
(MS) as medium-resource; and Swahili (SW), Urdu (UR), and Latin (L2) as low-resource. Following
(Rust et al., [2021)), we train unigram SentencePiece (Kudo & Richardson, 2018)) tokenizers
with a 50257 vocabulary per data source. SPEC variants with optimized per-source vocabularies
have the OP T suffix; otherwise, they use a global vocabulary with specialized embeddings.

3.3 BASELINES

We compare DEPT with standard pre-training methods from prior works (Conneau et al., 2020).
General distributed SGD methods (L1 et al., |2020; Rajbhandari et al., |2020), which synchronize
gradients at each step and sample from all data sources simultaneously, are labeled as STANDARD.
For multilingual data, we apply temperature-weighted sampling (Devlin et al., [2019) with 7 = 0.3
(denoted as T (r=0.3)), as well as uniform (UNIF) and proportional (PROP) sampling. The value
7 = 0.3 was tuned and found effective in prior work (Devlin et al.|[2019; (Conneau et al., [2020; |Xue
et al.l 2021)). For multi-domain data, we use uniform and proportional sampling. Given the random
sampling of data sources in Algorithm [T} baselines with uniform sampling are closest to DEPT.

Additionally, we compare against the “pre-training with active forgetting” (ACT) method (Chen
et al., 2023), which enhances plasticity and generalization by periodically randomly resetting em-
beddings. While|Chen et al.|(2023) transfer monolingual models between languages, we only utilize
their pre-training phase due to our different settings. Like SPEC, ACT does not produce a fully
trained embedding matrix and we employ the same multi-phase adaptive pre-training to create a
new embedding matrix from a random initialization. Despite this similarity, SPEC is significantly
more compute efficient than ACT, as it avoids extensive retraining of embeddings. Full details for
how we implemented and adapted ACT can be found in Appendix [A-T3]

3.4 METRICS

The key characteristics for multi-domain and multilingual pre-training are model generalization
and plasticity. Generalization refers to the model’s ability to perform well on out-of-distribution
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(OOD) data, whether in-domain or out-of-domain. We assess in-domain generalization by evaluat-
ing the perplexity of a model on the test set of each training data source, while OOD generalization
is evaluated with unseen datasets. Furthermore, we evaluate DEPT’s efficacy in building founda-
tion models through downstream tasks: Natural Language Inference via MNLI
2018), Question Answering via RACE 2017), and Sentence Similarity via STSB
et al., 2017). Since we use decoder-only models below the threshold for in-context learning abili-
ties (Brown et al.} [2020)), we follow Radford et al.| (2018) for fine-tuning. The evaluation metrics are
accuracy (MNLI, RACE) and Pearson correlation (STSB). The full details are in Appendix@

Plasticity refers to the model’s ability to quickly and effectively adapt to a new domain, either to
reach target performance with minimal steps or to achieve the highest possible performance. We
evaluate the plasticity of DEPT models by training them on new data, such as a different domain or
language, as well as the most heterogeneous subset of the training data, determined by the size of its
local vocabulary within the shared global vocabulary (see Appendix [A.2)).

We assess training robustness and stability using the L2 norm of model parameters and activations.
Model divergence in LLMs, as noted by the OPT (Zhang et al.,[2022)) and PaLM
teams, correlates with rapid increases in activation norms, a trend also observed in vision
transformers (Dehghani et al] 2023). While more common at large scales, this issue can arise in
smaller transformers depending on learning rate suitability 2024), which, like
batch size, is influenced by the gradient noise scale for a given data distribution (McCandlish et al.}
[2018). Thus, when we state DEPT is more robust, we refer to identical hyperparameters. Notably,
all performance comparisons use optimized baseline hyperparameters (see Appendix [A].

3.5 CONTINUED PRE-TRAINING AND EVALUATION

Once pre-training is complete, some methods, including SPEC and ACT, lack a global embedding,
while others, such as STANDARD pre-training, GLOB, and TRIM, include one. For ACT and SPEC
(see Section[3.3), we enable a global (shared) embedding through multi-phase adaptive pre-training.
This involves broad DEPT pre-training (Algorithm{[T) followed by continued pre-training on another
15-19% of the total steps on a non-private dataset using a randomly initialized embedding matrix
with a global vocabulary tailored to the specific corpus. For this phase, we use the tokenizer of
Black et al.| (2022) for English data and for multilingual data. These extra steps
are applied to all models for fair comparison. While random initialization reveals the quality of the
transformer body for all DEPT variants, we are also concerned with the independent effectiveness of
GLOB and TRIM in building high-quality global embeddings compared to STANDARD methods. We
perform the same 15 — 19% extra steps for this comparison, starting from pre-trained embeddings.

Unlike pre-training, this stage requires a sampling strategy. Since The Pile is curated for propor-
tional sampling (Gao et al., 2021]), we use it for multi-domain continued pre-training, while uniform
sampling is applied to multilingual data to support low-resource languages.

4 RESULTS

Our results show that DEPT improves transformer body generalization (Tables [3] and [)), enhanc-
ing robustness (Fig. [2), plasticity (Fig.3), and downstream performance (Table [7) while bringing
communication and memory costs reduction (Table[2).

4.1 DEPT Is ROBUST TO DATA HETEROGENEITY (RQ1)

Our experiments demonstrate DEPT’s robustness to multilingual and multi-domain data heterogene-
ity. As shown in Fig.[2] DEPT resists activation divergence and model norm increases, which can halt
perplexity improvements or cause divergence (Zhang et all, 2022} [Chowdhery et al. 2023}, [Worts-|
[2024). Models trained with all DEP T variants maintain lower activation norms due to the
regularization effect of OuterOpt (Algorithm[I). For fairness, baseline learning rates are reduced
for later comparisons, selecting the best-performing checkpoint.
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Figure 2: The activations and model norms of STANDARD training versus DEPT (avg £ min/max)
for a 350M model trained with identical local hyperparameters—prior to adjusting UNIF and PROP
(uniform and proportional sampling) to a lower learning rate. The OuterOpt of DEPT introduces
regularization effects due to noise-injection 2020) and meta-learning (Nichol et al., [2018)
characteristics, which constrain these two common sources (Zhang et al.|[2022) of model divergence.

Table 2: Practical memory and communication costs for DEPT, where the total number of steps is
N = Njocarl with T' the total number of iterations, and Vj, as the average vocabulary size across
data sources. Standard pre-training requires a full in-memory embedding matrix for the global vo-
cabulary while synchronizing gradients every step rather than every Njoca steps. All DEPT variants
yield communication savings, with GLOB as the baseline. TRIM provides additional savings propor-
tional to the gap between global and local vocabulary sizes, while SPEC further reduces costs with
or without optimized vocabularies by never communicating the token or positional matrices. For the
full comparison, see Table El

Type #Blocks Method Nigeat T | Vi| £0 [ Vi| X dmodel M (4) Per-step Comms Cost ()
Multilingual 12 STANDARD 5 x 10° 1 250112 192M 278M (1 ><> 278M (1x)
Multilingual 12 GLOB 500 10 250112 192M 278M (1x) 0.56M (0.002x)
Multilingual 12 TRIM 500 10 216135+ 27160 166M 252M (0.92x) 0.5M (0.002x)
Multilingual 12 SPEC 500 10 216135+ 27160 166M 252M (0.92x) 0.17M (0.0006 )
Multilingual 12 SPEC-OPT 500 10 502570 38.6M 125M (0.45x) 0.17M (0.0006 )
Multilingual (1B) 24  STANDARD 7x 10° 1 250112 512.2M 1.71B (1) 1.71B (1x)
Multilingual (1B) 24 SPEC-OPT 500 14 50257 +0 102.9M 1.3B (0.76 X) 2.4M (0.001x)

4.2 DEPT IMPROVES TRAINING EFFICIENCY (RQ2)

Tables [1] and [2| shows that DEPT significantly reduces average GPU memory and per-step com-
munication costs compared to DDP. The 500x memory cost reduction from GLOB matches that
of Local SGD, as it synchronizes gradients only every Njoca1 steps, allowing GPUs to operate in-
dependently in between. TRIM further improves memory and communication costs by reducing
vocabulary size, shrinking the global embedding matrix by 8% to 32% for multilingual data and by
2% to 78% for The Pile, with the largest reduction (78%) achieved for the mathematics subset
(see Appendix [A22] for precise vocab sizes). SPEC eliminates embedding-related communication,
reducing costs by an additional 13% to 30% for multi-domain data and 34% for multilingual data.
Finally, DEPT enables efficient training of billion-scale models (Fig.[d) on multilingual data, achiev-
ing a 714 x reduction in communication costs (Table and a 24% reduction in memory costs.

4.3 DEPT IMPROVES ZERO-SHOT GENERALIZATION (RQ3)

We show that DEP T variants significantly enhance transformer body generalization, outperforming
STANDARD pre-training and active-forgetting (ACT) in: (a) perplexity on pre-training validation
data, (b) perplexity on OOD validation data, and (c) downstream fine-tuning on MNLI, RACE,
STSB. As detailed in Section [3.5] DEPT serves as the first stage of a multiphase adaptive pre-
training pipeline, followed by continued pre-training on a non-private dataset. With pre-training
data coalesced as in STANDARD training, Our results reflect performance after this phase, which is
applied to baselines as well, ensuring embeddings process the same number of tokens. To gauge
tokenizer effectiveness on a dataset, we report the unigram cross-entropy (UNIGRAM-CE) of the
unigram model defined by the token frequencies, with higher values indicating a harder-to-model
distribution . Details in Appendix Overall, DEPT variants win 82.2% = 2—%
of our main comparisons across The Pile, MC4 and downstream tasks, producing a generalizable
and performant transformer bodies.
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4.3.1 TRANSFORMER BODY GENERALIZATION

Table 3: Validation perplexity ({) for 24-block models trained on The Pile after continued pre-
training with proportional sampling from randomly-initialized embeddings shows that DEPT im-
proves performance across all sources, outperforming baselines by 15.3% on average. SPEC-OPT,
pre-trained with an optimized vocabulary, outperforms GLOB on high UNIGRAM-CE sources.

Name DM EN EP FL GH CC PA SE PP WK AX UB PC NH GU HN ULOOD AVG
(UNIGRAMLCE)  (6.9)  (7.9) (10) (7.8) (7.9) (7.9) (82 (7.7 (1) (82 (77 (7.8 () @) (77 (7.7 (10 (8.1
UNIF 55 448 935 309 81 796 466 234 1266 582 143 341 223 589 763 652  163.6 56

PROP 5 306 495 206 6 562 309 168 8.2 391 11 237 161 39.3 546 46.9 99 36.9
ACT - - - - - - - - - - - - - - - - - -

GLOB 48 257 382 17.3 54 AT 257 147 683 327 99 20 14 322 465 398 948 316
TRIM 48 273 395 185 56 512 27.8 154 718 351 103 217 148 351 491 422 957  33.3
SPEC 48 267 368 182 55 501 271 151 691 342 101 211 145 343 485 417 976 327
SPEC-OPT 47 259 35 175 54 483 261 147 66.6 328 99 204 141 329 473 405 886  31.2
MinImp (%) 3.7 106 202 101 74 89 103 84 115 103 7 86 82 106 99 10 14 9.7

MaxImp (%) 4.2 157 293 163 11 151 169 129 179 165 106 157 133 18 147 152 10.5 15.3

Table 4: Validation perplexity (J) for 12-block models trained on MC4 using continued pre-
training with uniform sampling from randomly-initialized embeddings. DEPT improves trans-
former performance across all languages, averaging a 17.3% gain for pre-train data and 20.8% on
OOD sources. SPEC outperforms GLOB on high UNIGRAM-CE OOD data.

In-Distribution Out-of-Distribution

Name 7ZH UR MS IT SR LA EN SW Avg(In-D) EL HI DE Avg (OOD)
(UNIGRAM-CE)  (9.8)  (10.5)  (9.2) (7.7) (10.5) (9) (7.5) (10) 9.3) 14.4) (139 (9.7 (12.6)
UNIF 154.8 382 96.8 838 733 63  112.7 628 85.7 5660.8  4600.3  1339.2 3866.8
T (1 = 0.3) 1295  34.5 88 754 65.2 56.3 103.7 56.8 76.2 4219.2 3996  1076.3 3097.1
PROP 84.6 26.8 64.8 55.1 47.1 41.1 77.6 424 54.9 3340.3 2514.7 672.5 2175.8
ACT 96.1 28.8 71.3  60.4 52.3 449 85.6  46.3 60.7 2450.2 2412.5 715.9 1859.5
GLOB 67.7 224 537 46 386 339 654 352 45.4 2308.3  1676.5  559.5 1514.7
TRIM 67.7 22.8 55.2 475 39.7 35.1 67.2  36.3 46.4 2547.7 1911 567.4 1675.4
SPEC 69.5 23 55.4 47.8 403 347 681 36.3 46.9 2232.1 1578.8 544.7 1451.9
Min Imp (%) 17.8 14 145 134 146 146 122 143 144 —4 20.8 15.6 10.8
Max Imp (%) 20 164 171 166 181 174 157 16.9 17.3 8.9 34.6 19 20.8

Tables 3] and [ present results where embedding matrices are initialized randomly. DEPT variants
significantly outperform all baselines across validation sets for multilingual and multi-domain data
sources, including high- and low-resource subsets. Min and max improvements, shown in the last
two rows of the tables, compare the worst and best DEPT variants to the best-performing baseline.
The best DEPT variant achieves an average performance improvement of 17.3% on MC4 and 15.3%
on The Pile, while even the worst variant shows improvements of 14.4% and 9.7%, respectively.
DEPT wins 100% = % = % comparisons for The Pile and MC4, respectively. For OOD data,
DEPT variants outperform by 10 — 20% on average for MC4 and 1.5 — 10.5% on The Pile, de-
spite the high UNIGRAM-CE of OOD data, which makes it more difficult. This demonstrates that
DEPT produces superior transformer bodies with better generalization. Notably, TRIM performs
comparably to GLOB despite significant reductions in parameter counts and communication costs
during pre-training, suggesting that out-of-vocabulary mistakes do not drastically impact perfor-
mance. For downstream tasks, however, TRIM surpasses GLOB (Table[7). SPEC performs similarly
to GLOB and TRIM, even without sharing token embeddings across data sources. The SPEC-OPT
variant, trained with unique vocabularies and parameters for each The Pile data source, outper-
forms GLOB on datasets with high UNIGRAM-CE or those dissimilar to natural language, such as
multilingual EP, math-heavy DM, code-based GH, and high-UNIGRAM-CE UI. For MC4, SPEC con-
sistently outperforms on OOD datasets with high UNIGRAM-CE. These results hold across model
sizes (see Table[T2)), and across sampling techniques (Table [T0).

4.3.2 PRE-TRAINED EMBEDDING GENERALIZATION

Tables [5] and [6] represent cases where the global embedding is initialized using the final global
embedding obtained during pre-training, applicable only to the GLOB and TRIM variants. For
The Pile (Table [3)), both variants outperform their standard pre-training counterparts, achiev-
ing a 5.5% improvement in average accuracy and winning % comparisons. Two of the lost com-
parisons, the small subsets EN and EP, can instead be won with uniform sampling (Table [TT).
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Table 5: Validation perplexity () for 24-block models trained on The Pile with continued pre-
training using proportional sampling from pre-trained embeddings. DEPT wins 70% }%
comparisons with GLOB consistently outperforming TRIM. In Table [3] DEPT wins the remaining
5 due to its superior transformer body. Likewise, the EN and EP comparisons are won when using
uniform sampling (Table @ as embeddings become more refined on these smaller datasets.

Name DM EN EP FL GH cC PA SE PP WK  AX UB PC NH GU HN UI-OOD AVG
(UNIGRAM-CE) 6.9 (7.9 10) (7.8 (79 (79 @2 (7.7 O @62 77 7T & @6 (. (77 (10) 8.1)
UNIF 4.4 13.8 15.6 14.9 5.1 41.8  20.7 13 38.3 26.8 9.5 17.1 127 234 372 309 54.1 22.3
PROP 4.5 19.9 21.9 13.3 45 37 19.7 11.6 47.8 24.5 8.5 16.2  11.5 25 36.4 317 54.3 22.8
GLOB 4.5 17 16.1 13.2 45 345 179 112 378 224 84 144 11 20.6 355 283 61.2 211
TRIM 4.6 20.5 23 13.9 4.6 38 20.2 12 49.9 25.1 8.7 16.6 11.8 25.7 38 32.9 56.8 23.7
Min Imp (%) -3 487 —-469 -39 -35 -27 -27 -34 -301 -26 -29 -27 -26 -96 -43 -—64 —13.1 —6
Max Imp (%) -1.2 -23.6 -3 09 -08 6.8 9 3.4 1.4 8.4 09 11 4 123 26 8.4 -5 5.5
Table 6: Validation perplexity (J) for 12-block models trained on MC4 using continued pre-

training with uniform sampling from pre-trained embeddings. DEPT achieves a 6.4% improve-
ment in average perplexity for in-distribution data but slightly underperforms for OOD data, winning
50% = % of in-distribution and 33% = % of OOD comparisons. In Table DEPT wins the remain-

ing cases due to a better transformer body.

In-Distribution

Out-of-Distribution

Name ZH UR MS IT SR LA EN SW Avg(nD) EL HI DE  Avg (OOD)
(UNIGRAM-CE)  (9.8)  (10.5)  (9.2)  (7.7)  (10.5)  (9) (7.5)  (10) 9.3) (14.4) (1390 (9.7 (12.6)
UNIF 578 21 465 40 336 294 575 30.3 39.5 1698.8 1365.7 385.5 1150
T(r=0.3) 455 206 415 31 317 293 461 311 34.6 1419.4 1087.6 3219 943
PROP 444 239 443 252 365 334 383 364 35.3 1583.6 12095 2855  1056.2
GLOB 401 155 301 396 39 207 405 246 32.4 1737.3 8234 3351 965.3
TRIM 419 162 313 413 408 308 42 256 33.7 1725 855.2 3456 975.3
MinImp (%) 56 21.1 247 —64 -287 -51 -97 155 2.5 —224 214 211 —34
MaxImp (%) 9.7 244 27.6 —574 -228 —-12 -—58 187 6.4 215 243 -—174 —24
Furthermore, DEPT consistently outperforms when start- Table 7: The performance on down-

ing from random embeddings due to its superior trans-
former body. Thus, we argue that differences in perfor-
mance compared to results in Section f:3.1] are primar-
ily driven by variations in embedding sampling ratios.
For MC4 (Table @), DEPT wins 3 comparisons for in-
distribution data and % for OOD data, providing dispro-
portionate benefits for the low-resource UR and SW lan-
guages. These languages have very high UNIGRAM-CE
values, indicating that the global shared tokenizer, trained

stream tasks (1), following continued
pre-training, shows that DEPT models
achieve 3% — 7.5% relative improve-
ments over the baselines, with TRIM
delivering the best results. DEPT con-
sistently outperforms baselines, even
with pre-trained embedding initializa-
tion, underscoring the importance of an
effective transformer body.

with temperature-weighted sampling, underserve them.
Switching to proportional sampling during continued

Random Init Pre-trained Init

.. . . RACE MNLI STSB RACE MNLI STSB
pre-training improves performance on high-resource lan- ~ Name (ACC) (ACO) (PO) (ACC) (ACC) (PO)
1nni 1mi i UNIF 0.5 0.6 0.66 0.5 071 0.74
guages, winning EN. Similarly to The Pile, the other ~ me o5 08 000 05 QT 07
comparisons are all won when starting from random em-  acr 045 066 073 - - -
beddings. Thus, we conclude that DEPT consistently pro- i3 oo 072 0TS 08l 068 0T
3 1 SPEC 0.52 0.71 0.79 - - -
vides a superior transformer I?ody. ngever, care m}lst kN G S O - -
be taken to design an appropriate continued pre-training  Mintmp %) 28% 46% 59% 374 324 05%
Max Imp (%) 5.8% 6.1% 7.5% 32% 3% 6.6%

pipeline to effectively fine-tune the embeddings.

4.3.3 DOWNSTREAM GENERALIZATION

Table[7] presents the downstream performance of 24-block DEPT models pre-trained and continued
pre-trained (with uniform sampling) on The Pile. DEPT models consistently outperform the
baselines, regardless of initialization, with TRIM achieving the best results and SPEC matching
GLOB in wins. Despite occasional losses to GLOB in language modeling, we speculate that the
restricted vocabulary of TRIM forces it to adapt to language shifts, improving generalization, akin
to ACT’s re-initialization but more effective. While ACT performs better on downstream tasks than

on language modeling [2023), it is outperformed by DEPT. DEPT leverages inherent
aggregation noise to develop robust parameters without artificial re-initialization.
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4.4 DEPT IMPROVES MODEL PLASTICITY (RQ4)

Finally, we investigate how plastic DEPT models are in adapting to either a new data source or
to the most heterogeneous subset of the pre-training set. Figure [3| shows the perplexity adaptation
plots when starting from a random initialization on: the full pre-training set (serving as a baseline),
the data source with the smallest vocabulary (SW), or new languages (HI, DE). DEPT variants are
always the fastest to adapt to each data source and provide the lowest final perplexity; for the full
pre-training set, we use perplexity taken over all language validation sets.

T L 30
il === TEMPERATURE-T (T = 0.3)

H PROPORTIONAL (PROP)
u ~== ACT 30
— DEPTA\G

, ,M hd ww&

g w\ 0y,

i ~=~ TEMPERATURE-T(T=0.3)

1754 3 PROPORTIONAL (PROP) 554

150 . -== ACT LA - '.’
| —— DEPT-AVG

mﬂw m"’v’.

0 200 400 600 800 1000 1200 0 200 400 600 800 1000 1200
Sequential Steps Sequential Steps

(a) MC4-FULL, 12-block. (b) HI, 12-block.

Figure 3: Adaptation curves starting from a randomly initialized matrix. DEPT is always stable in
its convergence, reaching the lowest perplexity for the full dataset and for the out-of-distribution
language (HI). It is also always the fastest to adapt, full results available in Figure

5 RELATED WORK

Large language models (LLMs) exhibit cross-lingual alignment due to “incidental bilingualism”
(Briakou et al., [2023)) and cross-lingual data sharing (Choenni et al.|[2023). Expanding multilingual
data during pre-training can enhance language diversity (Scao et al.|2022) but often results in uneven
performance due to data imbalance and low-resource degradation (Ding et al., 2024} [La1 et al.|
2023)). Supervised parallel data (e.g., XLM (Conneau & Lample, [2019), PaLM2 (Anil et al.,2023)),
Knowledge Transfer (Zhang et al.,[2023} [Wang et al., 2023), and Domain Adaptation (Huang et al.,
2024)) face challenges in low-resource settings (Chang et al., 2023bj |L1 et al., 2024), with risks like
training instability and catastrophic forgetting (Kirkpatrick et al.,|2017). This motivates our novel
pipeline, focusing on language heterogeneity, generalization, and plasticity. Vocabulary construction
is crucial in multilingual pre-training. Techniques include tokenization with a temperature setting
(Devlin et al., 2019) and language-clustered vocabularies (Chung et al.| [2020), though the latter
requires predefined clusters. Active forgetting (Chen et al.l |2023), a related approach, enhances
model plasticity by periodically re-initializing embeddings, easing adaptation to new languages.

6 CONCLUSION

We investigated pre-training Language Models (LMs) under data heterogeneity, proposing an effi-
cient and robust pipeline, DEP T, which supports training under diverse data sources while mitigating
negative interference and the curse of multilinguality. The core of DEPT is decoupling the embed-
ding space from the transformer body during pre-training, offered in three variants with varying
degrees of separation. Experiments showed that DEPT (1) allows training across heterogeneous data
efficiently, (2) reduces token embedding parameters by up to 80%, (3) improves model generaliza-
tion and plasticity with lower perplexity on validation and out-of-distribution tests, and (4) supports
custom vocabularies per data source, enabling the first 1.3 billion-parameter vocabulary-agnostic
federated multilingual model for both high and low-resource languages.

6.1 LIMITATIONS & FUTURE WORK

DEPT offers a pre-training framework intended to precede further adaptation or fine-tuning. How-
ever, DEP T models require a final global embedding for practical use. The GLOB and TRIM variants
provide this at the end of pre-training, while SPEC does not, suggesting future work on embed-
ding generation methods, such as zero-shot embedding transfer (Mosin et al., 2023)) and vocabulary
matching (Xu et al.|, 2024)). Further directions include investigating the internal representations in
DEPT models and scaling DEPT to larger models and data sources with more languages.
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A EXPERIMENTAL DETAILS

A.1 MODEL ARCHITECTURES AND HYPERPARAMETERS

Table [8] presents the vocabulary-agnostic hyperparameters of our decoder-only models, while Ta-
ble 0] details vocabulary sizes, DEP T-specific parameters, memory costs, and communication costs.
Standard pre-training pipeline parameters were chosen based on the recommendations of
and MosaicML, except for the billion-scale model, where we aligned with the recent
state-of-the-art (SOTA) for English federated pre-training by (2024). We always use a
gradient clipping norm of 1 and ALiB1 positional embeddings.

During continued pre-training, for models initialized randomly, we begin with 7,,,x and decay over
N learning steps, allowing quick embedding matrix learning without requiring another full train-
ing pass, as is common in language rewiring (Artetxe et al) [2020). When using pre-initialized
models, we start from 7).« /2 since both the model and embeddings are reasonably well-trained.

Importantly, the only parameter changed between DEPT models and baselines is the learning rate
Tmax- We use the same learning rate to contrast convergence properties for comparisons in Fig. 2}
We tune the baselines’ learning rate for later comparisons to ensure they train on the same number
of tokens, selecting the best checkpoint for a baseline across all experiments.

Table 8: Architectural details and vocabulary-independent hyperparameters of our models. The
number of transformer blocks is denoted by #Blocks, the number of attention heads by #Heads, and
the expansion ratio refers to the ratio of the hidden dimension in the feedforward layers. The total
number of model parameters is M, the vocabulary size is |V, and the model embedding dimension
iS dmodel- We train standard decoder-only transformers whose body ranges in size from 86.4M to
1.2B independent of embeddings. As we see in Table[J] the size of the embedding matrix can change
the model size drastically. Our batch size is |B| while |.S;|/|S| is our sampling ratios for the various
data sources. The (1, B2 pair are AdamW parameters while the S, tuple represents the parameters
of the cosine scheduler that we use, including the decay alpha «, the decay period 7max, and the
total number of sequential steps N. Finally, we show the number of continued pre-training steps
Ncr that we use, representing 15% of total steps for the 298M model and 19.3% for the 86.4M
model. All of our models use a sequence length of 2048. We followed the hyperparameters of
(2024) for the billion-scale federated pre-training. We report the tuned 7)., for each baseline

according to Appendix nUNIF, nigfo'?’), nEROP we find that the embedding resting allows

ACT to use the same 7),ax as DEPT.

Type #Blocks  dmodel M — |V| X dmodet  #Heads Exp.Ratio |B| |S,|/|S| (81, B2) Sc (@ Nmazs N) Ner  noNF nr=03  pPROP

Mhmax
Multi-domain 12 768 86.4M 12 4 256 4/16 (0.9, 0.95) (1075, 6.0x 1075, 5x 10°) 12x10° 45x 1074 45x107% 50x 10~
Multi-domain 24 1024 298.5M 16 4 256 4/16 (0.9, 0.95) (107", 3x107% 135 x 10°) 24x10° 15x107* 2x107*  2x10~*
Multilingual 12 768 86.4M 12 4 256 3/8 (09,095 (1071, 6x 1074, 5x10°)  12x10° 4x1070  4x1070  45x 107"
Multilingual 24 2048 1.2B 16 4 512 3/8 (09,095 (1071, 2x 1074, 7x 10%) - %1070 1x107  15x 107

We had to select a particular sampling ratio for the continued pre-training using the full pre-training
set rather than a single language or domain. Due to its high heterogeneity, we default to uniform
sampling for MC4 in these cases. In contrast, for The Pile, we preferred proportional sampling
as the dataset is entirely in English and has already had its data source upsampled or downsampled
based on usefulness. We also provide results using the alternative sampling policy in Appendix [B]

A.1.1 SOFTWARE AND HARDWARE

Our software is based on the MosaicML composer library for LLM pre-training
and the open-source Flower (Beutel et al. 2022)) framework for federated learning. Crucially,
we heavily rely on the MosaicML hyperparameters and infrastructure for our InnerOPT, mak-
ing no changes to it after our embedding-matrix manipulation from Algorithm [I] has been per-
formed. For the standard baselines, we ran them on a completely unmodified version of the
MosaicML codebase (beyond using our data), which has been independently verified by thou-
sands of users and used to submit accepted conference publications (Blakeney et al.l [2024). Our
codebase for federated pre-training is available as an anonymized GitHub repository at: https:
//anonymous.4open.science/r/systemx_llm-E74F.
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Table 9: Practical memory and communication costs for DEPT, where the total number of steps is
N = Njocarl with T' the total number of iterations, and Vj, as the average vocabulary size across
data sources. Standard pre-training requires a full in-memory embedding matrix for the global vo-
cabulary while synchronizing gradients every step rather than every Njyca steps. All DEPT variants
yield communication savings, with GLOB as the baseline. TRIM provides additional savings propor-
tional to the gap between global and local vocabulary sizes, while SPEC further reduces costs with
or without optimized vocabularies by never communicating the token or positional matrices.

Type #Blocks Method Niocal T [Vi| £ [Vi| X dmodel M (4) Per-step Comms Cost ()
Multilingual 12 STANDARD 5x 10% 1 250112 192M 278M (1x) 278M (1x)
Multilingual 12 GLOB 500 10 250112 192M 278M (1x) 0.56M (0.002x)
Multilingual 12 TRIM 500 10 216135+ 27160 166M 252M (0.92x) 0.5M (0.002x )
Multilingual 12 SPEC 500 10 216135+ 27160 166M 252M (0.92x) 0.17M (0.0006 x )
Multilingual 12 SPEC-OPT 500 10 50257 £ 0 38.6M 125M (0.45%) 0.17M (0.0006 X )
Multilingual-B 24 STANDARD 7 % 10% 1 250112 512.2M 1.71B (1x) 1.71B (1x)
Multilingual-B 24 SPEC-OPT 500 14 50257 £ 0 102.9M 1.3B (0.76 x) 2.4M (0.001x)
Multi-domain 12 STANDARD 5x 10% 1 50257 38.6M 125M (1x) 125M (1x)
Multi-domain 12 GLOB 500 10 50257 38.6M 125M (1x) 0.25M (0.002x)
Multi-domain 12 TRIM 500 10 45554 + 9462 35M 121M (0.97X) 0.24M (0.002x)
Multi-domain 12 SPEC 500 10 45554 £ 9462 35M 121M (0.97 %) 0.17M (0.001x)
Multi-domain 24  STANDARD 13.5x10° 1 50257 51.4M 350M (1) 350M (1)
Multi-domain 2 GLOB 500 27 50257 51.4M 350M (1x) 0.7M (0.002x)
Multi-domain 24 TRIM 500 27 45554 + 9462 46.6M 345.2M (0.97x) 0.69M (0.002x)
Multi-domain 24 SPEC 500 27 45554 £+ 9462 46.6M 345.2M (0.97X) 0.6M (0.002 %)

In terms of hardware, the low communication properties of DEP T allowed us to run experiments via a
mixture of loaned resources from separate cloud providers. Over the course of our experimentation,
we used various machines equipped with either 1 H100 or 1 A100 GPU in the USA, Canada, and
Europe, which turned out to be more cost-effective. We rented machines with 4-8 H100 GPUs
for the centralized baselines since we could not use Distributed Data Parallelism techniques over
low-bandwidth internet connections. Since our methods perform the same number of training steps,
when the standard training baseline has a sufficiently low learning rate to converge, the difference in
training time is driven by two factors.

First, the throughput achieved by individual workers: for GLOB, this should be identical to standard
pre-training as the model in memory remains unchanged. For TRIM and SPEC, the reduced memory
requirements may allow increasing the device micro-batch size in certain scenarios (but not the
global batch size, which heavily influences optimization properties). This depends heavily on the
hardware; for example, in DeepMind Mathematics workloads, TRIM or SPEC can double the device
micro-batch size, and similarly for SPEC-OPT in the case of multilingual data.

Second, the communication topology significantly impacts wall clock time. For instance, in a 10
Gbps bandwidth connection using Ring AllReduce for aggregation across workers, DEP T can reduce
training time by 33% for a 1 billion parameter model. In cases with a very fast connection, such as
InfiniBand, the training time difference is primarily determined by throughput differences.

A.1.2 HYPERPARAMETER TUNING METHODOLOGY

Given that MosaicML provides hyperparameter-tuned models on the C4 (Raffel et al.,[2020) dataset,
we use their learning rate schedule and number of training steps as a starting point. In the case of
DEPT, we find that we can always use the MosaicML parameters since the Out erOpt application
of DEPT acts as a regulariser via noise-injection and meta-learning effects
2018). This makes DEPT models highly unlikely to diverge, even under extreme data hetero-
geneity and without a shared input or output space. In the case of standard training baselines, we
gradually lower the learning rate, starting from the one reported in Table []

We begin with the maximum learning rate 7.« and systematically reduce it on a coarse grid in
intervals of 0.5 x 1072:

N = Nmax — 0.5k x 107°, k€ {0,1,2,..., K},

where k represents the step index, and K is chosen such that > 0 at the final step. Given that the
length of the cosine cycle is directly extrapolated from known scaling laws on the number of tokens
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that the model needs to train on for compute-optimality (Hoffmann et al.,|2022)), approximately 20
tokens per parameter, we stop as early as we find a learning rate that can complete the entire co-
sine schedule. Then, we choose the best-performing checkpoint, according to validation perplexity,
across all experiments. We report these values in Table([§]

This hyperparameter search does not cover all possible relevant parameters; given enough resources,
we would also tune the gradient clipping norm and the batch size using the empirical model of
large-batch training proposed by [McCandlish et al.|(2018). Given that the appropriate learning rate
depends on the chosen batch size and the desired target loss, such an optimization would require
hundreds of experiments across all baselines to find an optimal configuration.

A.1.3 ADAPTING ACTIVE FORGETTING

To implement the active forgetting baseline (Chen et al., [2023), ACT, we had to adapt the method-
ology to decoder-only models, which train with far fewer steps. To achieve this, we use a forgetting
frequency of 500 steps, equal to DEPT’S Njyca1. We also use a cosine scheduler for the body with the
same parameters as shown in Table [8} however, we schedule the embedding matrix independently
across the 500 steps using the same scheduler but setting 7/, = 500. Finally, we selected the
checkpoint with the lowest validation perplexity for continued pre-training in a forgetting cycle.

A.2 DATA SOURCES

We quantify the lexical heterogeneity of a dataset based on lexical similarity between data sources.
A simple similarity measure is the size of the intersection of subwords between vocabularies. The
smaller the intersection, the more dissimilar the vocabularies, and thus, the more challenging it
becomes to train a shared tokenizer effectively across different domains or languages. For this
section, we use the size of local vocabulary as a subset of the global vocabulary as a proxy, with
smaller local vocabulary indicating that global tokenization does not serve a particular data source
well.

Our default global tokenizer for multilingual data is that proposed by Xue et al,| (2021), with
VY = 250112.0 tokens. Owing to its diverse pre-training, the mT5 (Xue et al., 2021) tok-
enizer is a robust default choice, employed in recent works such as project Aya (Ustiin et al.l
2024). However, its coverage of hundreds of languages does come with many shortcomings
relating to the capacity allocated to each language. To showcase these challenges, we care-
fully selected languages from distinct families in the MC4 subset, including English (EN),
Italian (IT), Serbian (SR), Swahili (SW),Urdu (UR),Latin (LA),Chinese
(zZH), and Malay (MS). The corresponding vocabulary sizes of our languages are as follows:
{247720,211 332,208 391, 170984, 188 002, 220 757,240 566}. Among these, Swahili (SW)
is the most heterogeneous, as determined by its small subset of 170 984 tokens.

Our global tokenizer for English data was trained on The Pile (Gao et al., 2021) and pro-
posed by Black et al| (2022) with ¥V = 50257 tokens. We selected The Pile as our multi-
domain dataset for several reasons. The Pile is a diverse, large-scale dataset specifically de-
signed for training large language models (LLMs). Its diversity spans domains such as scientific
papers, news, books, and web content, providing a comprehensive foundation for capturing var-
ied linguistic patterns. Among the various subsets of The Pile, DM Mathematics stands out
as the most heterogeneous. This subset contains only 11,090 tokens from the global vocabu-
lary, significantly fewer than other subsets. Here are the sizes of other subsets in terms of their
unique tokens from the global vocabulary: {49 362,49 783, 46 766, 49 469, 49 700, 47 865,48 720}
{11090, 44 249,42 957,44 432,49 992,49 841, 47 687,49 961, 46 825}. While this indicates much
lower heterogeneity than in multilingual settings, vocabulary choice may still impact highly special-
ized model capabilities such as mathematical reasoning.

A.2.1 TOKENIZATION CONSIDERATIONS

One of the major challenges when representing multiple data sources with a single tokenizer is
vocabulary dilution. To maximize coverage, a tokenizer that aims to cover multiple languages or
domains often needs to adopt many short subwords. This increases the tokenizer fertility (i.e., the
number of tokens produced per unit of text) (Rust et al.,2021) and also raises the overall description
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length — the total number of tokens required to represent the same data. This trade-off negatively
affects the compression ratio, as the same amount of information requires more tokens, reducing
the model’s sample efficiency (Tao et al.,[2024). When non-uniform sampling ratios are used dur-
ing pre-training, high-resource languages tend to have better fertility than low-resource languages.
This means high-resource languages are better represented in the vocabulary, and their tokens are
more likely to be shared across the model’s parameters, improving their performance. In contrast,
low-resource languages suffer from poor fertility, where their unique vocabulary tokens are under-
represented, leading to worse performance. For example, Swahili (SW) and Urdu (UR) are
low-resource languages that face these challenges. Our SPEC method allows us to avoid many of
these issues by providing an optimized vocabulary to a data source at the cost of losing a shared
vocabulary and updating several embedding matrices. An alternative approach is to cluster vocab-
ularies (Chung et al., 2020) to obtain subword sharing between more relevant languages. However,
this requires that participating data sources are known in advance, do not change significantly, and
that the appropriate number of clusters is also known.

To account for the effectiveness of a tokenizer on a given language, we report unigram cross-entropy
in our experiments, which represents how effective a simple unigram model based on the tokenizer is
on that data source as a proxy for the effectiveness of the tokenization. If the unigram cross-entropy
is high on a given data source, it is likely underserved by the tokenization. Thus, all improvements
brought about by using a more complex language model must consider this baseline. It can also be
used to compute unigram-normalized cross-entropy or perplexity, a language modeling performance
metric that is comparable across different vocabulary sizes (Tao et al.,2024).

B ADDITIONAL RESULTS

B.1 LARGER MODEL
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Figure 4: Convergence plot of our 1.3 billion model trained in a vocabulary agnostic federated
fashion. For the initial rounds, we sample 4 data sources out of 8; after seeing most of the clients,
we reduce the number to 2. We make sure only to introduce EN later into the experiment.

Figure [] provides further insights into the performance of DEPT on a larger-scale experiment with
a 1.3 billion-parameter model. In this setting, the model is trained in a vocabulary-agnostic, fed-
erated fashion with dynamic client subsampling. During the initial rounds, 4 out of 8 data sources
are sampled, which is reduced to 2 after most clients have been processed. Importantly, EN is in-
troduced later in the training process to evaluate the model’s cross-lingual transfer capabilities to
this high-resource language. The plot illustrates that the transformer body, enabled by DEPT, effec-
tively transfers knowledge across languages and domains, allowing newly introduced or previously
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stale data sources to converge to perplexity levels similar to their peers within one or two sampling
rounds. This experiment underscores the feasibility and scalability of using DEPT for collaborative
large-scale language model pre-training, even under extreme client subsampling and without prior
knowledge of the underlying data distribution.

B.2 PLASTICITY
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Figure 5: Adaptation curves starting from a randomly initialized matrix. DEPT is always stable
in its convergence, reaching the lowest perplexity for the pre-training distribution (MC4-FULL),
for the lowest-resource languages in the distribution (SW), and for the two out-of-distribution lan-
guages (HI, DE). It is also always the fastest to adapt.

The results presented in Figure [5] demonstrate the robustness and adaptability of DEPT across var-
ious settings, completing the plot shown in Fig. 3] Specifically, DEPT consistently achieves the
lowest perplexity across all scenarios: (1) the full pre-training distribution (MC4-FULL), (2) the
lowest-resource language within the dataset (SW), and (3) two out-of-distribution languages (HI and
DE). Furthermore, DEPT is not only effective in reaching convergence but also does so at a faster
rate compared to other approaches. These results showcase its utility in a wide range of multilin-
gual and domain-adaptive pre-training tasks; for example, if a new client were to be introduced in
a federated setting, they show that the DEPT trained model could quickly adapt to its data distribu-

tion. Alternatively, multi-phase adaptive pre-training represents a distinct advantage in terms of data
efficiency.

B.3 IID DATA PERFORMANCE

In the case of IID data, Fig. [f] shows that DEPT performs similarly to standard pre-training with the
benefit of lower activation norms, indicating the potential for longer and more training.
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Figure 6: Perplexity (a) and activations (b) curves for DEPT versus uniform sampling on the IID
C4 dataset. DEPT models, outside temporary spikes caused by OuterOpt, perform similarly to
standard pre-training regarding training perplexity. However, as seen from the activations, it still
provides greater training stability with the potential of extending pre-training.

B.4 ONE-SHOT GENERALIZATION

Table 10: Validation perplexity () for our 24-block models trained on The Pile when using
continued pre-training with uniform sampling starting from randomly-initialized embeddings. DEPT
provides a better transformer body for all datasets, outperforming baselines by 17.5% on average.

Name DM EN EP FL GH CC PA EN PP WK AX UB PC NH GU HN ULOOD AVG
(UNIGRAMLCE)  (6.9)  (7.9)  (10) (7.8) (7.9) (7.9 (8.2) (7. (O.1) (82 (77 (T8 () (1) (7.7 (77 10 (8.1
UNIF 47 175 197 223 7 642 307 183 485 416 13 239 19 321 505 42 729 311
PROP 51 241 271 314 92 866 434 246 644 584 165 327 251 447 667 558 141 44.5
ACT - - - - - - - - - - - - - - - - - -

GLOB 45 142 163 18 6.1 536 249 155 402 34 112 197 16 262 419 346 588 256
TRIM 45 148 167 191 64 566 264 163 421 36 1.7 21 169 27.7 437 362 661 272
SPEC 45 145 162 188 62 555 258 16 4Ll 351 115 205 165 27.2 431 357 635 266

SPEC-OPT 46 152 169 194 64 571 265 164 425 359 119 21 16.5 27.8 449 371 60.4 27.1

MinImp (%) 2.5 135 143 129 84 11.2 139 104 125 137 82 123 115 134 11 118 9.2 125
MaxImp (%) 48 191 18 193 13 165 19 153 171 183 135 176 16 186 171 176 19.4 17.5

B.5 TRANSFORMER BODY GENERALIZATION

Table [I0]shows the performance of DEPT on the The Pile dataset with a 24-block model trained
from randomly initialized embeddings. Here, DEPT outperforms all baselines across all subsets,
with average improvements of 17.5%.

B.6 PRE-TRAINED EMBEDDING MATRIX GENERALIZATION

Table 11: Validation perplexity ({) for our 24-block models trained on The Pile when performing
continued pre-training with uniform sampling starting from a pre-trained embedding matrix. DEPT
wins 10 out of 17 comparisons with TRIM always outperforming GLOB. When comparing against
Tables[5]and[I0} we can observe that DEPT wins the complementary comparisons when starting from
random embeddings or when using proportional sampling with the pre-trained embedding matrices.
This indicates that baselines always have a worse transformer body, with sampling ratios heavily
impacting the effectiveness of embeddings for a given dataset.

Name DM EN EP FL GH CC PA ST PP WK AX UB PC NH GU HN ULIOOD AVG
(UNIGRAM.CE)  (6.9)  (7.9) (10) (7.8) (7.9) (7.9 (&2 (77 O ®2 77 @8 ® @) (7 @7 (10)  (@B1)
UNIF 43 111 134 15 55 444 204 132 34 271 101 169 136 21.6 352 29.1 516 216
PROP 43 126 158 135 47 388 192 117 368 247 88 16 12 217 342 286 431 204
GLOB 45 121 138 156 55 414 194 129 335 256 101 156 133 198 381 202 582 217
TRIM 44 10 113 148 49 373 182 118 302 23 98 153 128 19 329 267 476 194
MinImp (%) —-45 —86 -29 —156 —178 —68 —08 —9.6 12 —35 —14 2 —102 81 —115 —22 —351 —64
MaxImp (%) -12 101 154 -95 —51 38 51 -03 111 71 -109 42 -6 121 39 66 —104 48

When continuing pre-training with pre-trained embedding matrices, as shown in Table [TT| DEPT
secures 10 out of 17 wins, with TRIM consistently outperforming GLOB. A comparison with Ta-
bles[10]and 3] reveals that DEP T also outperforms in other scenarios, whether starting from random
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Table 12: Validation perplexity () for our 12-block models trained on The Pile when performing
continued pre-training starting from a randomly-initialized embedding matrix. DEPT can train a
superior transformer body, outperforming all baselines across all subsets by up to 28%.

Name NH GH PA UB FL EN EP WK cC SE PC PP DM AX GU HN (O[(J)ID) Avg
UNIF 63.0 121 619 441 452 363 479 818 1159 332 324 918 58 216 91.2 750 198.1 62.2
PROP 586 114 572 413 422 336 431 752 1082 31.0 30.3 8.4 57 204 8.6 709 168.0 57.0
ACT 126.7 20 1248 799 821 66.3 1242 147.7 191.6 554 61.2 180.1 7.4 338 150.8 1239 377.8 114.9
GLOB 445 93 430 320 321 259 314 585 89 238 231 646 51 162 664 @ 54.7 114.6 42.9
TRIM 433 88 418 31.2 307 246 294 562 823 234 226 627 51 160 641 532 99.0 40.8
SPEC 421 87 406 303 298 238 280 548 87.0 249 238 675 52 168 69.1 571 124.2 43.2
Min Imp (%) 24 19 25 23 24 23 27 22 20 20 21 21 8 18 19 20 26 24

Max Imp (%) 28 24 29 27 29 29 35 27 24 25 25 27 11 22 25 25 41 28

Table 13: Validation perplexity ({.) for our 12-block models trained on The Pile when performing
continued pre-training starting from a pre-trained embedding matrix. DEP T performs worse than for
the 24-block trained on The Pile and than for our M C4 models. However, when considering
Table[I2] we can observe it wins all comparisons by wide margins when starting from a randomly
initialized embedding matrix, indicating that this gap is driven by the embedding space being fitted
to the high-resource languages despite the baselines having a worse transformer body.

Name NH GH PA vo FL EN EP WK CC SE PC PP DM AX GU HN ( OI(J)ID ) Avg
UNIF 31.9 7.6 30.5 242 232 181 205 412 64.6 189 192 494 49 136  51.7 426 68.4 31.2
PROP 327 6.6 295 234 213 20.8 278 384 579 170 172 568 5.0 120 51.2 4238 81.8 31.9
GLOB 30.2 7.1 29.8 229 237 20.0 219 416 618 179 19.6 480 5.2 13.7 541 422 90.7 32.4
TRIM 295 69 292 224 230 194 21.1 408 60.6 17.4 19.2  46.7 5.1 134 524 410 811 311
MinImp (%) 54 -70 -12 20 -11.2 -105 -6.7 -83 —-68 —-51 -138 30 —55 —-143 —-56 09 327 =37

MaxImp (%) 7.5 —-4.0 1.0 4.3 -7.9 -75 =29 -62 -47 -26 -114 56 —42 -11.5 -23 3.8 —18.6 0.3

embeddings or leveraging pre-trained ones. This consistency underscores the robustness of DEPT’s
transformer body across varying embedding initialization and sampling strategies.

B.7 SCALING EXPERIMENTS

Here, we train smaller multi-domain models with 12 blocks to validate the scaling properties of
DEPT across model sizes. In Table [I2] we observe that, similar to Table [I0] DEPT models outper-
form all baselines significantly when starting from random initialization. Importantly, the embed-
dings constitute a larger percentage of the model parameters at this model scale. This highlights
the robustness of DEP T s modifications to the embedding space in enabling the training of a better
transformer body.

Interestingly, when using pre-trained embeddings (Table [6), the smaller DEPT models perform
worse than their larger counterparts. We speculate that the amount of local per-source training
performed by DEPT prior to OuterOpt should scale with model size. At this scale, the aggrega-
tion procedure may be overly harsh on the embedding parameters, particularly for the GLOB and
TRIM configurations. This suggests that careful adjustments to the aggregation procedure may be
necessary to maintain DEPT’s effectiveness at smaller model scales.

C APPLICATIONS

C.1 FEDERATED PRE-TRAINING OF LLMS ON MULTILINGUAL POPULATION

The challenges of training under data heterogeneity have come back into focus with recent forays
into federated pre-training (Douillard et al., 2023; |Sani et al., 2024; (Charles et al., |2023; Nous
Research| 2024)), triggered in equal parts by privacy concerns, compute sharing, and the search for
more data in previously untapped reservoirs.

The way in which datasets are curated, filtered, and combined has a significant impact on the per-
formance of LLMs (Long et al.| [2024). Determining the best methods for data curation, filtering,
and mixing from various sources requires extensive experimentation to identify configurations that
optimize performance on target evaluation metrics (Metal [2024). Consequently, the specific details
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of these processes are often closely guarded by leading LLM developers. Despite careful dataset
preparation, data heterogeneity remains inevitable due to the inherent imbalance in data sources.
One of the most prominent imbalances is in language representation. For instance, only about 5%
of the pre-training data for Llama3 is non-English, covering over 30 languages, which results in
lower expected performance in non-English contexts (Meta, 2024). A similar performance disparity
across languages has also been observed with GPT-4 (Achiam et al., [2023)).

Current datasets used for pre-training are highly geographically concentrated to a few areas of
the globe (Faisal et al.l 2022), providing the so-called high-resource languages, with high-quality
domain-specific data being available predominantly in such languages (Magueresse et al.| [2020).
Such datasets are collected from internet sources and then curated (Brown et al., 2020; Dubey et al.,
2024)). However, bottlenecks in the rate of high-quality data generation (Villalobos et al.} [2022) and
copyright concerns (Grynbaum & Mac, [2023) have led to large organizations making deals with
private data providers such as publishers (OpenAll 2023} |Patel & Palazzolo, [2024) in order to meet
the demand of ever-growing models.

Federated pre-training as a methodology allows the model to be taken directly to the training
data, potentially enabling training under privacy concerns or legislation which limits data move-
ment (Woisetschldger et al., | 2024). While this has obvious applications for collaborative training of
LMs, it can also be applied by a single organization as a drop-in replacement for mini-batch SGD
during pre-training (Douillard et al.l 2023), which eliminates dataset movement while massively
lowering the communication frequency of model training compared to Data-parallel algorithms (Ra-
jbhandari et al., 2020) which need to synchronize gradients every batch. The version of the algorithm
used in a centralized setting, mathematically equivalent to Federated Averaging (McMahan et al.,
2017a)), has alternatively been known as: (a) communication-efficient SGD (Yu et al.,2019), (b) Lo-
cal SGD (Stich, |2019; Ortiz et al.l [2021), or (c) as a specific variant of the REPTILE (Nichol et al.,
2018)) meta-learning algorithm. Under these various methodologies, it has been shown to: (a) confer
a linear speedup to convergence similar to increasing batch size, (b) provide better generalization to
models compared to standard large-batch training, (c) enable meta-learning across various tasks.

While the current centralized pre-training recipe may be stabilized with great effort, such measures
are largely impractical in federated training scenarios where the participants refuse to offer full
control over their data to a third party or where the underlying training distribution may shift as new
participants enter a federation or old ones exit. Furthermore, the complexity of the current pipeline
is impractical to all except the best-funded organizations even in a centralized training context.

The inability to directly inspect data sources in a federated context makes it impossible to construct
a dedicated vocabulary for a data mixture, ensure a standard curation pipeline on a per-sample basis,
or strongly control data sampling rates across all sources. Motivated by this extreme setting, we
aim to construct a pre-training procedure that is capable of learning from multiple highly hetero-
geneous data sources without model divergence while providing a foundation model with greater
generalization and more plasticity in adapting to new data.

D TRAINING UNDER DATA HETEROGENEITY

Training LLMs such as Llama 3 (Dubey et al., 2024)) requires extensive manual tuning, heuristics,
and model-based data selection procedures. This effort aims to achieve the desired mix of categories,
such as general knowledge, mathematics, coding, and multilingual data.

This complexity arises due to the wide range of capabilities required by LMs and the risk of neg-
ative interference across domains and languages. Current pre-training methodologies are prone to
divergence unless data sampling ratios can be meticulously curated based on the characteristics of
the data and its fit to the model’s distribution at any given time (Dubey et al.,[2024). Multi-domain
ratios are manually curated for downstream performance, requiring extensive and expensive tuning,
while multilingual pre-training often employs temperature-weighted sampling (Devlin et al.,[2019;
Conneau et al.} 2020; Xue et al.||2021) due to the vast number of languages involved,

As illustrated in Fig. [2| pre-training on heterogeneous data can result in model activation diver-
gence (Hoffmann et al., 2022), even with a sampling temperature of o = 1.0, which corresponds
to proportional sampling based on dataset size. Activation divergence is a precursor to significant,
often irrecoverable, increases in loss, and necessitating model re-starts from earlier checkpoints with
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lower learning rates (Zhang et all 2022). Longer training durations could be achieved by dispro-
portionately sampling from larger, lower-quality datasets like C4 or high-resource languages like
English in multilingual pre-training. Alternatively, methods like active forgetting via embedding

resetting 2023), ACT, may artificially extend the training duration past the natural di-
vergence point.

Previous studies show that this “curse of multilinguality” or “negative interference” can be attributed
to vocabulary dilution and capacity contention (Conneau et al.| [2020), language-specific parameter
emergence (Wang et al., 2020), and suboptimal tokenization (Rust et al.l 202). Increasing model

and vocabulary size helps capacity contention (Conneau et al.} 2020; Wang et al.,[2020), but this re-
quires immense hardware resources (Dubey et al.| 2024)) to shard the model across multiple GPUS.

Addressing vocabulary dilution in highly multilingual models is even more challenging, as provid-
ing enough tokens for all languages would result in impractically large models 2021).
These limitations drive us to find scalable methods to incorporate broader data mixtures without
significantly increasing the in-memory model size during training.

E FINE-TUNING DEPT MODELS

We evaluate fine-tuning performance on three downstream tasks: RACE, MNLI, and STSB. All
models are fine-tuned using the recipes provided by [Radford et al.| (2018) for each task using the
AdamW optimizer with a linear learning rate scheduler. For RACE, the model is trained for 5 epochs
with a learning rate of 6e-5 and a batch size of 16. For MNLI, fine-tuning is performed over 2 epochs
with a learning rate of 4e-5 and a batch size of 32. Finally, STSB is fine-tuned for 5 epochs using a
learning rate of 2e-5 and a batch size of 32.

F USING SPEC MODELS FOR INFERENCE

As discussed in Sections [2.4] [3.3] and SPEC models do not inherently support inference on
a broad corpus after initial pre-training. Suppose local vocabularies and embedding matrices are
available without privacy concerns. In that case, inference can be performed using the embedding
matrix of the broadest data source or the one closest to the target application. For instance, target-
ing English text would utilize EN embeddings for MC4 or CC embeddings for The Pile. While
effective, this limits generalization beyond the broadest dataset in the pre-training distribution.

To handle a corpus resembling a mixture of all pre-training data sources or unseen ones, SPEC
models require a broader embedding matrix for good performance. This can be achieved through
multi-phased adaptive or continued pre-training, starting with a random embedding matrix or the
broadest pre-training one, as demonstrated in this work. Alternatives include vocabulary/embedding
transfer (Remy et al.}[2024) or vocabulary matching 2024). If these methods fail to reach
the desired performance, additional optimization may be necessary to align the embeddings with the
transformer body.
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