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Abstract

Prior work has shown that a simple combination of replay and learning rate re-
warming and re-decaying can enable the continual pre-training (CPT) of dense
decoder-only transformers with minimal performance degradation compared to full
re-training. In the case of decoder-only MoE transformers, however, it is unclear
how the routing algorithm will impact continual pre-training performance: 1) do
the MoE transformer’s routers exacerbate forgetting relative to a dense model?; 2)
do the routers maintain a balanced load on previous distributions after CPT?; 3)
are the same strategies applied to dense models sufficient to continually pre-train
MoE LLMs? In what follows, we conduct a large-scale (> 2B parameter switch and
DeepSeek MoE LLMs trained for 600B tokens) empirical study across four MoE
transformers to answer these questions. Our results establish a surprising robustness
to distribution shifts for MoEs using both Sinkhorn-Balanced and Z-and-Aux-loss-
balanced routing algorithms, even in MoEs continually pre-trained without replay.
Moreover, we show that MoE LLMs maintain their sample efficiency (relative to a
FLOP-matched dense model) during CPT and that they can match the performance
of a fully re-trained MoE at a fraction of the cost.

1 Introduction

Sparsely-activated MoE transformers achieve significantly stronger performance than FLOP-matched
dense models (e.g., dense models requiring the same amount of floating point operations (FLOPs) per
forward pass). This is particularly advantageous in today’s foundation model lifecycle, where a model
spends the majority of its lifetime FLOPs being inferenced. Many closed-source and open-source
frontier language models have thus adopted an MoE architecture [12, 14, 29, 2, 16, 15]. Given the
clear advantages of MoEs over dense transformers, practitioners will certainly want to update MoEs
on new data as is currently done for dense transformers.

Without proper care, MoE transformers learn greedy routing strategies that overutilize certain experts,
leading to poorer downstream performance and poorer accelerator utilization. During MoE pre-
training, load balancing strategies are used to prevent such negative outcomes [18, 72, 8, 4, 12].
However, the load-balancing algorithms used in SOTA MoEs were not specifically designed for the
non-IID data distributions encountered during continual pre-training. Adapting the router’s decisions
to a new distribution during CPT may compromise the balanced load on previous distributions,
potentially leading to exacerbated forgetting and poor accelerator utilization. Avoiding these failure
modes is critical for successfully updating MoE foundation models without the need for full re-
training, but the continual pre-training of MoEs has not yet been thoroughly studied in the literature.

In this work, we fill the gap by providing a systematic study of MoE continual pre-training. Specifi-
cally, we select two popular routing algorithms and two popular MoE architectures used in state-of-
the-art existing work [12, 46, 18, 8] to yield four different MoEs for our study. We then pre-train each
MoE language model on 400B tokens of FineWeb and continually pre-train them on 200B tokens
of code data and German web crawl data. Taking the strongest MoE architecture, we compare its
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performance to full re-training baseline on both datasets. Our contributions can be summarized as
follows.

* We demonstrate that a Penalty-Balanced (e.g. with Z and Aux loss) MoE following the
DeepSeek architecture can successfully match the performance of a full re-training baseline,
at a fraction of the cost.

* We show that MoEs using either Penalty-Balanced or Sinkhorn-balanced routing algorithms
are surprisingly robust to distribution shifts in terms of 1) language modeling performance,
2) evaluation benchmarks, and 3) maximum routing imbalance.

2 Background and Related Work

This section provides a concise summary of the relevant background for our study. A more detailed
version can be found in Sections A and B of the appendix.

Continual Pre-training of LLMs. Continual pre-training (CPT) extends pre-training to one or more
new distributions. Concretely, continual pre-training occurs when a model is trained on a sequence of
datasets Dy, Dy, . . ., Dy with different distributions, N > 2, and each dataset is sufficiently large
(e.g., > 100B tokens in the case of language). Recently, Ibrahim et al. [26] established that CPT
LLMs can match the performance of full re-training by simply repeating the pre-training schedule
(cosine annealing) for CPT and replaying previous data. However, if one has control over the initial
pre-training, it is possible to further improve CPT by using an infinite learning rate schedule [28].

Sparsely-activated MoE transformers differ from their dense counterparts by dynamically routing
tokens in a sequence. Algorithms for dynamically selecting among experts, known as routing
algorithms, are therefore central to MoEs and may play a crucial role during distribution shifts. In
this work, we focus on studying two prominent Top-k routing algorithms from recent state-of-the-art
(SOTA) works: Penalty-Balanced Top-k (PBTk) routing [58, 12, 72, 18] and Sinkhorn-Balanced
Top-k (SBTk) routing [8, 4].

3 Empirical Study

To study large-scale continual pre-training of MoE LLMs, we construct two settings using three
datasets: FineWeb [49], the Stack [34], and German Common Crawl [1]. We initially pre-train all
models on FineWeb for 400B tokens (task 1) to mimic open and closed source models often pre-
trained on large-scale web-scraped English data. Subsequently, we continually pre-train these base
models on 200B tokens of Code or German data (task 2) using infinite learning rate schedules and
replay (30% & 40%, respectively) to mitigate forgetting. Using these settings, our study compares
the performance of the dense and MoE architectures outlined below. See section A.3 for extended
training details.

FLOP-matched Dense Baseline. We select a 24 layer 570M parameter dense decoder-only trans-
former following the Llama3 architecture (except we use GeLU activations) and using the Llama3
tokenizer [17] (see Sec. E for details).

Granular MoEs. Given the recent popularity and strong performance of DeepSeek MoEs [14, 12,
16, 15], we include an MoE architecture that activates multiple granular experts and a shared expert.
Specifically, each granular MoE has £ = 31 total routed experts, K = 3 active experts, and 1
shared expert. This model follows the same Llama3 architecture as the dense model described above.
Notably, its experts are GEGLU FFNs with an intermediate size that is i the size used in the dense
model. We train two granular MoEs utilizing the Penalty-Balanced and Sinkhorn-Balanced Top-k
routing algorithms, respectively. We do not drop tokens.

Switch MoEs. Given the historical use of full-sized FFNs in MoEs, our study also includes an
architecture similar to [29, 18] with full-sized experts and no shared expert. We refer to these as
Switch MoEs and also train two utilizing the Penalty-Balanced and Sinkhorn-Balanced routing
algorithms, respectively. Each switch MoE has E' = 8 total routed experts, K = 1 active experts,
and no shared expert. This model follows the same Llama3 architecture as the dense model described
above. Notably, its experts are GEGLU FFNs of the same size as the dense model’s FFNs. We do not
drop tokens.

4 Results

Validation Loss. Table 1 reports validation loss (e.g., log perplexity on a fixed held-out validation set)
results for the main models in our study, while extended results are reported in Table 5 of the appendix.
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Table 1: Aggregated benchmark results.MoEs consistently outperform FLOP-matched dense
baselines and exhibit less forgetting w.r.t. validation loss. Compared to the re-training baseline (blue),
MokEs and the dense model match or exceed their performance. These results show MoEs adapt as
well as dense models but forget less, likely due to their larger parameter count. All validation losses
report log perplexity on a held-out validation set, forgetting (equivalent to backward transfer in [41])
is calculated using validation loss, and downstream tasks report accuracy.

Final Validation Loss (|) Downstream Evals. (1)
Training Tokens Model FineWeb Stack German Forgettin AVG | English German Stack
g getting gl
Dense Baseline 2881  4.028  3.741 - — | 49.84% 2354%  0.00%
SB Switch MoE 2711 3.861  3.495 - - | 54.14%  23.11%  0.00%
400B FineWeb PB Switch MoE 2699  3.872  3.451 - — | 54.45% 23.37%  0.00%
SB Granular MoE | 2.664  3.690  3.404 - - | 55.71% 22.83%  0.00%
PB Granular MoE | 2.653  3.715  3.370 - - | 55.59%  23.40%  0.00%
Dense Baseline 2939 1.026 - 0.059 1.982 | 49.21% - 7.37%
) SB Switch MoE 2757 0.944 - 0.046 1.850 | 51.76% - 9.09%
4008 F‘“e(gﬁ}’ gfﬁ?? Stk pB Switch MoE | 2.749  0.945 - 0.050  1.847 | 52.59% - 822%
o Replay SB Granular MoE | 2.708  0.925 - 0.044 1816 | 53.51% - 7.45%
PB Granular MoE | 2.699  0.924 - 0.046 1.811 | 53.70% - 7.81%
. R Dense Baseline 2.866 1.050 - - 1.958 | 49.57% = 3.76%
400B FineWeb U200B Stack - pp Granular MoE | 2630 0935 - = 1782 | 5479% - 7.44%
Dense Baseline 2.946 - 1.367 0.066 2157 | 48.15%  25.27% -
! SB Switch MoE 2.749 - 1.142 0.039 1.946 | 51.99%  27.57% -
4008 F‘“e(:’l‘gi'} . Q?BB) German  pp g yitch MoE 2.741 - 1129 0.042  1.935 | 51.25%  2650% -
o Replay SB Granular MoE |  2.701 - 1.118 0.037  1.910 | 53.35% 28.57% -
PB Granular MoE 2.690 - 1.099 0.037 1.895 | 53.61%  27.65% -
) . i Dense Baseline 2.938 = 1.390 = 2.164 | 48.42%  25.45% -
400B FineWeb U 200B German  pp' G anular MoE | 2.669 = 1.120 = 1.895 | 53.94%  27.59% =

We observe that all MoEs outperform the FLOP-matched dense baseline during pre-training and
CPT. Within the MoEs, we observe that PBTA MoEs consistently outperform SBTk MoEs and that
Granular MoEs consistently outperform switch MoEs across pre-training and CPT. These findings are
consistent with the literature on Granular MoEs [43, 12], but we believe this is the first time that SBTk
routing has been shown to underperform PBTE routing. Since the PBTk Granular MoE achieves
the best performance, we use it as our full re-training baseline. Compared to full re-training, our
Granular CPT MoEs consistently have higher FineWeb validation loss but achieve lower downstream
validation loss with a similar average validation loss. Similar results are found when comparing the
CPT dense baseline to its full re-training counterpart. These results demonstrate that the continual
learning abilities of MoEs w.r.t. validation loss are on par with dense models for adaptation and are
slightly superior in terms of forgetting, likely due to their larger total parameter count.

English Evaluation results. Table 1 presents average accuracy, while Table 3 details per-benchmark
results. We select benchmarks where models of our scale (570M active parameters) achieve non-
trivial accuracy to maximize signal. Each model is evaluated zero-shot on benchmarks covering
Commonsense Reasoning, Reading Comprehension, Scientific Question Answering, and Math: Hel-
laSwag [67], Winogrande [56], PIQA [5], ARC-Easy, ARC-Challenge [9], SWAG [66], LAMBADA
(OpenAl) [60], SciQ [31], PubMedQA [30], and MathQA [3] (see Sec. C.4 for details). We find
that models trained solely on FineWeb outperform all others, including full re-training baselines.
Granular MoEs surpass switch MoEs. CPT models trained on Stack perform similarly to those
trained on German. Compared to full re-training, CPT models achieve nearly identical results (within
~ 1%). The dense baseline also matches its full re-training counterpart, indicating that MoEs have
similar continual learning abilities on pre-training evaluations while benefiting from improved sample
efficiency.

German Evaluation results. Table 1 shows average German evaluation performance, while table 4
of the appendix provides a per-benchmark breakdown. We use GPT-3-translated German versions
of HellaSwag, ARC-Challenge, and TruthfulQA, evaluating each zero-shot [50]. German-trained
models outperform English-only ones, and German-trained MoEs surpass the FLOP-matched dense
baseline. Among MoEs, modules using the same training tokens perform similarly. CPT MoEs and
the full re-training baseline differ by < 1% accuracy, with no clear winner. The dense baseline also
performs comparably to full re-training, demonstrating that the continual learning abilities of MoEs
w.r.t. German evaluations are on par with dense models while benefiting from improved sample
efficiency.

Code Evaluation results. Table 1 presents average Code evaluation performance, while Table 2
of the appendix provides a pass@k breakdown (k € {1, 10, 50,100, 150,200}). Our models are
evaluated on Python code-generation tasks from HumanEval [7], as Python is well-represented
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Figure 1: Layer-wise Maximum Routing Imbalance (MRI) for Granular MoEs. We report MRI
(eq. 1) on each dataset’s 20M-token test set. MRI is consistently lower for Penalty-Balanced MoEs
than Sinkhorn-Balanced MoEs. Continual pre-training on FineWeb incurs minimal MRI increase,
even with 0% replay. MoEs are most unbalanced with out-of-distribution data (e.g., non-German
models in (b) and non-code models in (c)).

in our Stack CPT dataset (Table 9). English-trained models can not solve any problem, whereas
stack-trained models achieve non-trivial accuracy. Unlike for other performance metrics, CPT switch
MokE:s slightly outperform their granular counterparts. Compared to full re-training, all CPT MoEs
perform marginally better, while the CPT dense model exceeds its baseline by over 3%. We attribute
this unexpected improvement to evaluation noise and training variance, given the models’ similar
validation loss. These results suggest MoEs match dense models in continual learning for code
evaluation when accounting for MoEs’ improved sample efficiency.

Routing imbalance during and after continual pre-training. Figure 1 shows the layer-wise
Maximum Routing Imbalance (MRI) for Granular MoEs across FineWeb (a), German (b), and stack
(c), while Figure 16 reports MRI for all MoEs. We include a 0% replay baseline for each MoE
CPT on German to highlight replay’s impact on MRI. In subfigure (a), Penalty-Balanced MoEs
consistently have lower MRI than Sinkhorn-Balanced MoEs across all architectures, and granular
MokEs exhibit lower and more stable MRI within architectures. On FineWeb, continual pre-training
causes only a slight MRI increase relative to the pre-trained checkpoint, even for the 0% replay model,
except in its first layer. Interestingly, all German-trained MoEs show higher MRI on FineWeb than
their Stack-trained counterparts, with the full re-training baseline, surprisingly, having the highest.
This suggests there may be more routing interference between English and German datasets and
that continual pre-training may help reduce MRI across distributions, possibly due to the use of
Cosinelnf vs. Cosine Annealing schedules for CPT and re-training, respectively. Granular MoEs also
reduce routing imbalance on German (b) and Stack (c) datasets. MoEs become most unbalanced
with out-of-distribution data (e.g., non-German models in (b) and non-code models in (c)). Similar
trends hold for Switch MoEs, with an additional finding: high MRI is common in early layers of
Switch MoEs, independent of training/testing distributions, unlike Granular MoEs. These results
show that PBTk and SBTk MokEs are robust to distribution shifts w.r.t. MRI and can even outperform
re-training baselines, suggesting that continually pre-training MoEs should have no negative impact
on inference latency.

In summary, we find that, across three measures of performance, MoEs continually pre-trained with
replay and infinite LR schedules can match the performance of a full re-training baseline and, thus,
they have similar CPT abilities to a FLOP-matched dense baseline without any inhibition from their
routers. Moreover, we show that continually pre-training MoEs has no negative impact on MRI
compared to re-training.

5 Conclusion

We have conducted a comprehensive empirical study on the continual pre-training of decoder-only
MoE transformer language models.Our large-scale experiments, involving 2B parameter MoEs
trained on 600B tokens, demonstrate that both Penalty-Balanced (PBTk) and Sinkhorn-Balanced
(SBTk) routing algorithms exhibit surprising system-level resilience to distribution shifts, maintaining
balanced loads as measured by the novel Maximum Routing Imbalance metric. We established that
MOoE:s preserve their sample efficiency advantage over FLOP-matched dense models during CPT and
that, when using infinite LR schedules and replay, a Granular PBTk MoEs can match the performance
of fully re-trained baselines across German and Code transitions, at a fraction of the computational
cost.
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A.1 Continual Pre-training of LL.Ms

Continual pre-training extends pre-training to multiple new distributions. Concretely, continual
pre-training occurs when a models is trained on a sequence of datasets Dy, D1, . . ., D with different
distributions, N > 2, and each dataset is sufficiently large (e.g., > 100B tokens in the case of
language) [26]. Note that the large data scale, here, distinguishes this setting from supervised
fine-tuning or instruction tuning where the amount of data is much smaller. Typical application
settings of continual pre-training are adapting existing pre-trained models on newly available data or
enhancing their capabilities in a specific domain. We will now discuss well-established techniques
for continually pre-training dense transformers.

LR Re-warming and Re-decaying. Many open-source LL.Ms follow a linear warmup and cosine
annealing schedule during pre-training, which reaches a large maximum learning rate, 7, , early on
in training and subsequently decays the learning rate to a small minimum value, 7,,; [25, 42, 51].
Naively continuing training at 1,,;, Or M. €ither leads to too little adaptation or too much forgetting.
Instead, [26] show that Re-warming and Re-decaying the learning rate during CPT is critical for
strong continual learning performance.

Infinite LR schedules. While Re-warming and Re-decaying the learning rate following a cosine
decay schedule was found to be a good solution when starting from a fully decayed checkpoint, [26]
remark that this strategy incurs forgetting, due to the large LR increase, even when continually
pre-training on the same distribution. To circumvent this, the authors propose infinite learning rate
schedules that allow for a smooth transition in learning rate between continual learning phases and
are not bound to a fixed number of training steps.

Replay. Replaying previous data has been a longstanding tool for mitigating catastrophic forget-
ting [64]. In our experiments, we replay previously seen data for this purpose, designating any model
using the technique with the suffix “X % Replay". Here, X represents the percentage of samples in a
given batch that were replayed from the previous distribution. To match compute across different
replay budgets, we do not increase the token budget when increasing the amount of replay. Instead,
we decrease the amount of new data seen during CPT.

A.2 Mixture of Experts Transformer Language Models

Sparsely-activated MoE transformers differ from their dense counterparts by dynamically routing
tokens in a sequence, X € R%*H (o different experts {FFN; ;(-)}Y, as opposed to a single
FFN. Here S is the sequence length, H is the transformer’s hidden dimension, j indexes over the
transformer’s blocks, and N is the number of experts per block. This is often referred to as an
MOoE layer [58]. Typically, these layers are used in place of Feed Forward Networks (FFN) in each
transformer block [18, 12], however, recent works [59, 68] have also replaced the query and output
matrices of multi-head self-attention layers with MoE layers. In what follows, we exclusively study
MoE transformers that replace FFNs at each block with MoE layers, similarly to state-of-the-art
recent work [12, 62, 46, 16, 15]. Moreover, we also study the recent trend of using more granular
experts and shared experts [12, 62, 46, 24, 40, 43, 53, 16, 15].

Algorithms for dynamically selecting among experts, known as routing algorithms [55, 58, 72, 8, 37],
are central to MoEs. A key consideration for token-choice (we do not consider expert-choice as it is
incompatible with autoregressive generation) routing algorithms is achieving a balanced load across
experts in a given layer. Without enforcing a balanced load, the router may collapse to only choosing
a single or a few experts, leading to poor parameter utilization and higher latency proportional to the
load of the most burdened expert [70].

In this work, we focus on studying two prominent Top-k routing algorithms from recent state-of-the-
art works which we refer to as Penalty-Balanced Top-k (PBTk) routing [58, 12, 72, 18] and Sinkhorn-
Balanced Top-k (SBTk) routing [8, 4]. Both algorithms define the router R(z) = Wx : R — R¢
to be a simple linear projection to the space of experts. Expert probabilities are computed by applying
a softmax to the router’s output: p(x) = softmax(SB(R(z))). Where SB(-) is the Sinkhorn load
balancing function in the case of SBTk routing or the identity otherwise.

Ranked by p(x), the top-k experts are selected for each token, where k& is a hyperparameter selected
before training. For a single token, the output of MoE layer j, fumor, is computed as follows:

ieq(x) Pi(@) - FEN j(x
fvtor, (r) = SFEN;(z) + =€
' ! Zielk (z) Pi (z)
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Where I, (z) = {i | pi(x) € Top k elements of p(z)} and SFFN is a shared expert [53, 12] if one
is used or the identity otherwise. While they both route tokens to the top-k experts, the PBTk and
SBTE routing algorithms differ in how they balance the load across experts.

Penalty-Balanced Top-k Routing. PBTA methods in the literature [58, 18, 72, 12] add penalty terms
to the overall loss to encourage a balanced load across experts. The auxiliary loss has become the
most popular such penalty and is used in conjunction with the z-loss in several recent state-of-the-art
MoE:s [12, 62]. Briefly, the auxiliary loss is minimized when the router assigns an equal proportion
of tokens in a given batch to each expert in a given block, while the z-loss penalizes large-magnitude
router logits. The latter has been shown to promote numerical stability in larger models [72]. Given
their combination in recent SOTA MoE LLMs [72, 12], we exclusively study MoEs that combine
both auxiliary loss and z-loss, referring to them as PBTk MoEs.

Sinkhorn-Balanced Top-k Routing. SBTE routing casts the assignment of tokens to experts as a
linear assignment problem which corresponds to a well-studied problem in optimal transport, namely
"the regularized Kantorovich problem of optimal transport" [8]. The Sinkhorn-knopp algorithm [33]
provides an approximate solution to this problem which can be efficiently computed on GPUs. In
practice, this corresponds to adjusting routing probabilities (e.g, according to SB(-), see [8] section
B.2.1 for details) such that a relatively balanced load is obtained without deviating foo much from
greedy Top-k routing.

A.3 Training details

All models in our study (except re-training baselines) were pre-trained for 192, 720 gradient descent
steps using a batch size of 1024, a sequence length of 2048, the AdamW optimizer, and the Cosine
Inf schedule [26]. For continual pre-training, each model in the main study follows a Cosine Inf
schedule resuming from the non-decayed checkpoint, while some models in the ablation section were
continually pre-trained from decayed checkpoints following a cosine decay schedule (e.g., replicating
the setting from [26]). We continually pre-train the models for 95, 370 gradient descent steps using
the same batch size and sequence length as during pre-training. Each model was trained across 64
A100 GPUs using data parallelism and zero-1 [52]. To accelerate the dropless MoE forward pass we
use the Megablocks kernel [20].

A.4 Maximum Routing Imbalance: A proxy for latency in MoEs

While performance is one important axis of robustness to distribution shifts, maintaining a balanced
load across experts is just as important for MoE foundation models. Without a balanced load, MoE
transformers inferenced using expert parallelism without token dropping (e.g., as is done for SOTA
models [16, 69]) could be bottlenecked by the speed of a single accelerator that receives all the tokens,
leading to underutilization of the hardware, lower throughput, and higher costs. To quantitatively
assess the effect of distribution shift on load balance, we propose the maximum routing imbalance
(MRI): the largest proportion of tokens routed to a single expert in a given MoE layer. Concretely,
the MRI at a training iteration ¢ and MoE layer j is defined as
2w Hi € In(2)}

MRI(¢, j) := o B ‘ (1

Where B is a set containing all tokens in a given batch, 1 is the indicator function, F is the number
of routed experts, and k is the number of active experts. Since latency increases with computation,
and, in an MoE layer, the computation required by a given device increases with the load of experts
on that device, then MRI calculated with respect to routing decisions on a distribution is a proxy
for the worst case latency of an MoE layer on the distribution. We will use the MRI throughout the
following sections to measure the effect of algorithmic changes to continual pre-training on routing
imbalance.

B Extended Related Work

B.1 Mixture of Experts Language Models

Mixture of experts language models have a long history with fundamental ideas dating back several
decades [10, 27]. More recently, in the context of large-scale language modeling, the mixture-of-
experts layer [58] was introduced to substantially increase the capacity of an LSTM language model
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with little detriment to efficiency. The authors also introduced a load-balancing penalty to encourage
even utilization of experts. Subsequently, Fedus et al. [18] refined the penalty, renamed auxiliary
loss, which has become a central component of modern MoEs. Follow-up works have focused on
massively scaling up MoE LLMs, improving the routing algorithms of these models, improving the
quality of the router’s gradient estimate, and making architectural improvements to these models.
Lepikhin et al. [36] introduce the MoE layer into the transformer architecture, using two activated
experts (thought to be necessary for nontrivial router gradients) and scaling to an unprecedented
600B parameter scale. Subsequently, Fedus et al. [18] introduced the Switch Transformer, showing
that it is possible to scale MoEs beyond 1T parameters despite training them with only a single active
expert.

Other works have focused on developing novel routing algorithms. Lewis et al. [37] cast routing as a
linear assignment problem and leverages Hungarian matching in their routing algorithm. Clark et al.
[8] use Sinkhorn’s algorithm to approximately solve the assignment problem on GPUs, resulting in a
faster algorithm. Anthony et al. [4] introduce a favorable initial condition to improve the convergence
of the iterative Sinkhorn solver, further reducing the cost of sinkhorn routing. Roller et al. [55]
introduces a deterministic routing algorithm based on hash layers. Zoph et al. [72] introduces a loss
penalty to promote stability in large-scale MoE routing. Wang et al. [63] introduces the first learned
routing mechanism that uses neither an entropy regularizer nor an assignment-based approach to
balance expert utilization in token-choice routing. [70] introduce Expert Choice Routing, a routing
paradigm where each expert receives a balanced load and the routing algorithm decides which tokens
to send to each of the experts; while it obtains strong performance and automatically achieves a
balanced load, ECR is incompatible with autoregressive generation so we don’t consider it in this
work. Other works propose methods to better approximate the full router gradient [47, 39, 38].

Finally, a recent trend of using MoE experts with finer-grained intermediate sizes has shown no-
table performance gains when compared to using the full intermediate FFN size, as was originally
done [58, 18, 36]. Liu et al. [40] first observed that utilizing smaller expert layers improves perplexity.
Subsequently, researchers have explored scaling laws for fine-grained MoEs at small scale [43],
pre-trained and released SOTA MoEs that leverage the fine-grained expert architecture [12, 62, 46],
and pushed the idea of thinner experts to its limit, exploring MoEs with millions of experts [24].
While we have reviewed the most relevant works to ours, there are many more works that we have
not had the chance to mention here. We refer the avid reader to a recent and comprehensive survey of
the area [6].

B.2 Cotinual Pre-training of Dense Foundation Models

Continual pre-training of foundation models has the same objectives as continual learning [19],
except that it is applied to large-scale pre-training tasks, which are mainly self-supervised. Several
existing works study continual learning in settings relevant to continual pre-training. They find that
self-supervised pre-training benefits from reduced forgetting [11, 13], that pre-trained models forget
less than their randomly initialized counterparts [44], that forgetting improves as model scale is
increased [54], and that wider models tend to forget less than deeper models [45]. In the context of
LLM fine-tuning, [57] shows that little replay is needed to prevent forgetting when fine-tuning on
small amounts of instruction-tuning data. In the context of large-scale (with respect to data) continual
pre-training for LLMs, Gupta et al. [23] highlights the importance of rewarming the learning rate
when models are pre-trained from a checkpoint that has been decayed to a small learning rate.
Following up on their work, Ibrahim et al. [26] establish the effectiveness of learning rate re-warming,
LR re-decaying, and replay for large-scale continual pre-training of LLMs. Concurrently, Garg et al.
[21] establishes the performance of the same techniques for CLIP models. Shortly thereafter, Parmar
et al. [48] scale continual pre-training for dense decoder-only transformers further, showing that
a 15B parameter model pre-trained for 8T tokens can be effectively pre-trained on 1T tokens of
incoming data.

B.3 Continual Pre-training of MoE LLMs.
To the best of our knowledge, only a single work exists exploring the large-scale continual pre-

training of MoEs LLMs, while the majority of the literature focuses on upcycling or growing MoEs
for continual pre-training.
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In a concurrent pre-print DeepSeek-CoderV?2 [14], shows that they can continue from a checkpoint
the training of a MoE LLM. However, this is only shown for one instance and the analysis of the MoE
routing behavior is not discussed. Furthermore, there is no comparison to a FLOP-matched dense
model, making it challenging to assess whether the sample efficiency of MoE LLMs is maintained
during continual pre-training.

Continual pre-training methods for MoEs that are less related to our work generally focus on fine-
tuning MoE LLMs on small amounts of data [65] or growing MoEs [35, 71, 61, 22]. Wang et al. [65]
study MoE specific techniques for parameter-efficient fine-tuning (PEFT). Zhu et al. [71] proposes a
technique to create an MoE by splitting the FFENs of an existing dense transformer and subsequently
continually pre-training it. Sukhbaatar et al. [61] proposes to continually pre-train a dense LLM on
multiple different datasets, gather the FEN layers from different continually pre-trained models to
form MoE layers, merge the parameter tensors other than FFN layers, and subsequently continually
pre-train the merged model to learn routing in the MoE part. Gritsch et al. [22] propose a similar
method to train new expert layers that uses domain embeddings from a pre-trained embedding model
as the identifier for a domain’s experts, allowing the domain embeddings to provide an inductive bias
that can help with adding new experts. While these methods allow for improving the capabilities
of MoEs with new data, they focus on first upcycling dense models, whereas we focus on updating
MoEs pre-trained from scratch.

C Extended Experimental Results

In the following section, we provide extended experimental results from the paper in a non-
summarized format to enhance the reproducibility of our manuscript and allow the reader to dive into
whichever details may most interest them.

C.1 Ablating Replay (%) and the checkpoint used for CPT

In the following section, we ablate the replay percentage used during continual pre-training and
consider continually pre-training from two distinct checkpoints: a checkpoint that (a) was decayed to
Nmin during pre-training (the case for most open-source MoEs) or (b) followed an infinite learning rate
schedule and was not decayed (the ideal case achievable when one has control over the pre-training
phase). Models in group (a) are continually pre-trained following a linear warmup and cosine decay
schedule that rewarms the learning rate to 7,,, before re-decaying it (e.g., as in [26]), while the
models in group (b) are continually pre-trained starting from 7)., following an infinite LR schedule
(exact values are provided in Sec. E).

Validation Loss. Figure 2 reports the validation loss for these models during the first 50B tokens
of continual pre-training. While we only show the first 50B tokens due to resource constraints, the
schedules were set to decay at 200B tokens, mimicking the start of a longer continual pre-training.
Subfigures (a) and (c) show forgetting and adaptation plots using 0% replay, while subfigures (b)
and (d) show analogous plots using 40% replay. We observe that as the percentage of replay is
increased, the forgetting as measured by FineWeb validation loss is mitigated, while the adaptation to
the downstream dataset is harmed. Turning our attention to the checkpoints used, we observe that, for
all replay values and all models, using non-decayed checkpoints improves forgetting on the FineWeb
without compromising adaptation. These results show that, similar to dense transformers, MoEs can
tradeoff forgetting for adaptation with replay and benefit from infinite LR schedules

Routing Imbalance. Figure 4 (a,b) reports median MRI computed across all transformer blocks of
SBTk and PBTk Granular MoEs during CPT with 0% replay, subfigure (c) reports results across
different replay percentages and results for switch MoEs are reported in Figures 19 and 18 of the
appendix. These figures precisely study the distribution shift by reporting the MRI immediately
before and after the transition from English and German data. We observe that SBTk MoEs are
consistently robust to the distribution shift, showing only a small increase in MRI across different
replay percentages and for decayed and non-decayed checkpoints alike. This is likely attributable to
the explicit balancing step in Sinkhorn routing. In contrast, the non-decayed and decayed PBTk MoE
checkpoints go through a period of high routing imbalance immediately following the distribution
shift. However, this period is short-lived: the PBTk checkpoints recover to well-balanced MRI levels,
better than those of SBTk, within 500 training steps. Subfigure (c) shows that this MRI spike can be
mitigated with replay, though the benefit is negligible, as even the no-replay model recovers quickly.
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Figure 2: Ablating replay and decay strategy during continual pre-training on German data.
We CPT MoE:s and a dense baseline from fully-decayed checkpoints (dotted curves, [D]) or a non-
decayed checkpoint (full curves). The figures report the performance on task 1 (FineWeb) and task 2
(German) while CPT on task 2. We observe that adaptation to task 2 is similar within an architecture
for both checkpoints, that CPT from a non-decayed checkpoint improves forgetting, and that replay
mitigates forgetting.

These results suggest that although SB is more robust to distribution shifts than PB, this robustness
limits the MRI attainable and could be the cause of the poorer performance seen above for validation
loss. Moreover, the chaotic phase undergone by PBTE checkpoints does not last long enough to
forego the strong performance of these models.

C.2 Language Modeling Performance

Having established the benefits of replay and infinite learning rate schedules for continually pre-
training MoEs, we now quantitatively verify the efficacy of these techniques by continually pre-
training our MoEs on 200B tokens of Code and German Common Crawl data and evaluating their
performance relative to two baselines. Specifically, we will compare the performance of the four
continually pre-trained MoEs in our study to a FLOP-matched dense baseline and a fully re-trained
PBTF Granular MoE Baseline (the best-performing architecture in our study). Performance will be
measured across 4 axes: validation loss on the pre-training and CPT datasets, English evaluation
benchmarks (task 1), German and Code evaluation benchmarks (task 2), and MRI of final checkpoints.
Note that the main conclusions of this section are succinctly summarized in Figure 3.

Validation Loss. Table 1 reports validation loss (e.g., log perplexity on a fixed held-out validation set)
results for the main models in our study, while extended results are reported in Table 5 of the appendix.
We observe that all MoEs outperform the FLOP-matched dense baseline during pre-training and
CPT. Within the MoEs, we observe that PBTk MoEs consistently outperform SBTk MoEs and that
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Figure 3: Continually pre-trained MoEs match the performance of full re-training across two
dataset transitions: 400B English— 200B German and 400B English— 200B German. We
compare the performance of a fully re-trained Penalty-Balanced Top-k MoE and dense baseline, to
their CPT counterparts. Despite incurring only a third of the substantial full-retraining cost, the CPT
MoEs match the performance of the fully re-trained models, even achieving improvements in median
Maximum Routing Imbalance (MRI) in some cases. This shows that MoEs have CPT abilities on par
with dense transformers. Note that subfigures (b), (c), and (f) evaluate German and Stack models on
different datasets which correspond to their training domain.

[} [ [)
2030 Continual Pre-training S 0.30 Continual Pre-training S 0.30 e Continual Pre-trainin g
g = * Begins (Iter 190720) g = ' Begins (Iter 190720) B Begins (Iter 190720)
=Xy Uniform Routi © Uniform Routs = Uniform Routing
B oos niform Routing &o25 niform Routing 3025 SB Granular MoE 40% Replay
E -& SB Granular MoE 0% Replay £ -& SB Granular MoE 0% Replay [D] | & &~ SB Granular MoE 10% Replay
o020 —&— PB Granular MoE 0% Replay ‘o 020 ~%- PB Granular MoE 0% Replay [D] | 5, 0.20 8- SB Granular MoE 0% Replay
il g7 £ PB Granular MoE 40% Replay
5 5 5 PB Granular MoE 10% Replay
é 0.15 Q% 0.15 2 0.15 ~&— PB Granular MoE 0% Replay
E 0.10 E 0.10 E 0.10
£ E E
5005{ a0t REE T % 0.05 F0.05] 4t E-w——T
= Y = = ?

o0 o0 00 ] ] o0 00 o0 \Y o0 ] \ o0 o0 o0 \Y o0 0 ] Y o0

R AT I A O [T I R CLIRC R I I R G IR
Training Iteration Training Iteration Training Iteration
(a) Non-decayed Granular MoE (b) Decayed Granular MoE (c) Replay Ablation

Figure 4: FineWeb — German CPT checkpoint and replay ablation. We report the median
Maximum Routing Imbalance (MRI) across MoE layers with min/max error bars. Sinkhorn-Balanced
(SBTk) MoEs show a slight MRI increase during distribution shift, while PBTk MoEs experience
a brief spike before recovering to balanced MRI levels below SBTk, which approach the uniform
baseline. The uniform routing baseline (orange line) corresponds to the case where each expert across
all layers receives the same number of tokens; thus, it represents perfect balance.

Granular MoEs consistently outperform switch MoEs across pre-training and CPT. These findings are
consistent with the literature on Granular MoEs [43, 12], but we believe this is the first time that SBTk
routing has been shown to underperform PBTE routing. Since the PBTk Granular MoE achieves
the best performance, we use it as our full re-training baseline. Compared to full re-training, our
Granular CPT MoEs consistently have higher FineWeb validation loss but achieve lower downstream
validation loss with a similar average validation loss. Similar results are found when comparing the
CPT dense baseline to its full re-training counterpart. These results demonstrate that the continual
learning abilities of MoEs w.r.t. validation loss are on par with dense models for adaptation and are
slightly superior in terms of forgetting, likely due to their larger total parameter count.

English Evaluation results. Table 1 presents average accuracy, while Table 3 details per-benchmark
results. We select benchmarks where models of our scale (570M active parameters) achieve non-
trivial accuracy to maximize signal. Each model is evaluated zero-shot on benchmarks covering
Commonsense Reasoning, Reading Comprehension, Scientific Question Answering, and Math: Hel-
laSwag [67], Winogrande [56], PIQA [5], ARC-Easy, ARC-Challenge [9], SWAG [66], LAMBADA
(OpenAl) [60], SciQ [31], PubMedQA [30], and MathQA [3] (see Sec. C.4 for details). We find
that models trained solely on FineWeb outperform all others, including full re-training baselines.
Granular MoEs surpass switch MoEs. CPT models trained on Stack perform similarly to those
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trained on German. Compared to full re-training, CPT models achieve nearly identical results (within
~ 1%). The dense baseline also matches its full re-training counterpart, indicating that MoEs have
similar continual learning abilities on pre-training evaluations while benefiting from improved sample
efficiency.

German Evaluation results. Table 1 shows average German evaluation performance, while table 4
of the appendix provides a per-benchmark breakdown. We use GPT-3-translated German versions
of HellaSwag, ARC-Challenge, and TruthfulQA, evaluating each zero-shot [50]. German-trained
models outperform English-only ones, and German-trained MoEs surpass the FLOP-matched dense
baseline. Among MoEs, modules using the same training tokens perform similarly. CPT MoEs and
the full re-training baseline differ by < 1% accuracy, with no clear winner. The dense baseline also
performs comparably to full re-training, demonstrating that the continual learning abilities of MoEs
w.r.t. German evaluations are on par with dense models while benefiting from improved sample
efficiency.

Code Evaluation results. Table 1 presents average Code evaluation performance, while Table 2
of the appendix provides a pass@k breakdown (k € {1, 10, 50,100, 150,200}). Our models are
evaluated on Python code-generation tasks from HumanEval [7], as Python is well-represented
in our Stack CPT dataset (Table 9). English-trained models can not solve any problem, whereas
stack-trained models achieve non-trivial accuracy. Unlike for other performance metrics, CPT switch
MoE:s slightly outperform their granular counterparts. Compared to full re-training, all CPT MoEs
perform marginally better, while the CPT dense model exceeds its baseline by over 3%. We attribute
this unexpected improvement to evaluation noise and training variance, given the models’ similar
validation loss. These results suggest MoEs match dense models in continual learning for code
evaluation when accounting for MoEs’ improved sample efficiency.

Routing imbalance during and after continual pre-training. Figure 1 shows the layer-wise
Maximum Routing Imbalance (MRI) for Granular MoEs across FineWeb (a), German (b), and stack
(c), while Figure 16 reports MRI for all MoEs. We include a 0% replay baseline for each MoE CPT
on German to highlight replay’s impact on MRI.

In subfigure (a), Penalty-Balanced MoEs consistently have lower MRI than Sinkhorn-Balanced MoEs
across all architectures, and granular MoEs exhibit lower and more stable MRI within architectures.
On FineWeb, continual pre-training causes only a slight MRI increase relative to the pre-trained
checkpoint, even for the 0% replay model, except in its first layer. Interestingly, all German-trained
MoEs show higher MRI on FineWeb than their Stack-trained counterparts, with the full re-training
baseline, surprisingly, having the highest. This suggests there may be more routing interference
between English and German datasets and that continual pre-training may help reduce MRI across
distributions, possibly due to the use of Cosinelnf vs. Cosine Annealing schedules for CPT and
re-training, respectively.

Granular MoEs also reduce routing imbalance on German (b) and Stack (c) datasets. MoEs become
most unbalanced with out-of-distribution data (e.g., non-German models in (b) and non-code models
in (c)). Similar trends hold for Switch MoEs, with an additional finding: high MRI is common in
early layers of Switch MoEs, independent of training/testing distributions, unlike Granular MoEs.
These results show that PBTk and SBTA MoEs are robust to distribution shifts w.r.t. MRI and can
even outperform re-training baselines, suggesting that continually pre-training MoEs should have no
negative impact on inference latency.

In summary, we find that, across three measures of performance, MoEs continually pre-trained with
replay and infinite LR schedules can match the performance of a full re-training baseline and, thus,
they have similar CPT abilities to a FLOP-matched dense baseline without any inhibition from their
routers. Moreover, we show that continually pre-training MoEs has no negative impact on MRI
compared to re-training.

C.3 Analyzing changes in routing behaviour due to CPT

In the following section, we analyze changes in routing behaviour resulting from continual pre-
training. Specifically, we record routing decisions of the MoE checkpoints before and after continual
pre-training on 20, 000, 000 tokens of held-out test data from FineWeb, Stack, and German. To
understand how routing decisions change during CPT, we adapt three routing behavior metrics
from [46] to the continual pre-training setting: Router Saturation, Vocabulary specialization, and
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Figure 5: Layer-wise analysis of routing changes during CPT. Our goal is to understand how
routing decisions change from the pre-trained checkpoints to final checkpoints after continual pre-
training. To this end, we analyse changes in routing behaviour from 3 perspectives: which experts
tend to be activated together (a), the tendency for certain vocabulary tokens to be routed to certain
experts (b), and how close routing decisions of the pre-trained checkpoint are from CPT checkpoints
(c). To provide context to these metrics, we remind the reader of the forgetting (e.g., from table 1)
for each model shown in the plots. We observe that the no-replay baseline changes the most in early
layers and forgets the most, suggesting that more drastic changes in initial layers may be linked to
forgetting.

Expert co-activation. We will provide brief descriptions of each in what follows, with formal
definitions available in the appendix (Sections C.6.1, C.6.2, and C.6.3).

Continual Router-Saturation Router Saturation (RS) is the percentage of routing decisions at itera-
tion ¢ that match those of the final checkpoint [46]. We extend this metric to multiple training phases
for continual pre-training. Figure 5 (c) shows RS between the pre-training and CPT checkpoints for
Stack and German Granular PBTk MoEs. RS is lowest in early layers, peaks at layers 2 — 13, and
slightly drops after layer 13. The 0% replay German checkpoint has RS consistently 10 — 15% lower
than the 40% replay checkpoint across all layers. Note that despite adapting well to German, only
the no-replay checkpoint suffers significant forgetting on FineWeb. These results suggest that CPT
adaptation is most pronounced in layers 0 — 2 and 13 — 23 and that forgetting has the same pattern
but is correlated with lower overall router saturation.

Continual Vocabulary Specialization Vocabulary Specialization (VS) quantifies how often a token
from a dataset is routed to a specific MoE expert relative to its total occurrences [46]. By assigning
each token in the model’s vocabulary to the expert that processes it the most frequently, we can
create a one-to-many mapping between experts and vocabulary entries for MoE layer. Then, we can
calculate the average VS of each expert by averaging over its assigned tokens and averaging across
experts to measure specialization within a layer. To compare specialization across model checkpoints,
we can re-use the one-fo-many mapping of a previous checkpoint and measure how the specialization
w.r.t. this mapping has changed during CPT. Figure 5 shows VS w.r.t. pre-training checkpoints using
FineWeb data. VS is notably lower in layers 0-4 after CPT while there is almost no discernable
change in VS for layers 5 — 23. The zero-replay checkpoint exhibits the lowest VS in layers 0-4,
correlating with its weaker FineWeb performance and suggesting that excessive VS shifts in early
layers may contribute to forgetting.
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Co-activated Expert Change Expert co-activation between two experts F; and E; is defined as the
ratio of times they are activated together to the total activations of E; over a dataset [46]. This metric
applies only to MoEs with & > 2 active experts. A co-activation matrix can be constructed for each
ordered expert pair in a layer. To compare expert co-activation across model checkpoints, we compute
co-activation matrices for all layers of two checkpoints (C'(1), C'(?)) and measure absolute changes by
computing statistics of the entries in their element-wise absolute differences matrix (|C'") — C(?))).,
Figure 5 (a) shows the median co-activation change between the pre-training and CPT checkpoints.
Early layers (0-1) exhibit the largest changes, with a consistent spike at layer 18 for all CPT models
and slightly higher median changes in layers 13 — 23. Among CPT checkpoints, the no-replay
variant shows the most significant co-activation shifts. Despite all checkpoints adapting well to new
distributions, only the no-replay checkpoint experiences substantial forgetting on FineWeb. These
findings suggest that adaptation during CPT correlates with co-activation changes in early (0 — 2)
and later (13 — 23) MoE layers and that more pronounced changes correlate with higher forgetting.

C.4 Language Model Evaluation Benchmarks

We evaluate the language models in our study on English, Code, and German evaluation tasks. Please
note that our goal is not to achieve SOTA performance on these benchmarks; none of our models have
been aligned or fine-tuned to improve performance. Instead, we seek to evaluate their performance
within the context of our controlled scientific study. Given the scale of our language models (at most
570M active parameters), we carefully select evaluation tasks that show non-trivial evaluation results;
that is, we choose tasks for which the models in our suite achieve above random chance accuracy.

Selected English evaluation tasks:

* Commonsense Reasoning (0-shot): HellaSwag [67], Winogrande [56], PIQA [5], ARC-
Easy, ARC-Challenge [9], SWAG [66]

* Reading Comprehension (0-shot): LAMBADA (OpenAl) [60]

 Scientific Question Answering (0-shot): SciQ [31], PubMedQA [30]

¢ Math (0-shot): MathQA [3]

Selected German evaluation tasks translated from the corresponding English language tasks using the
GPT 3.5 API [50].

* Commonsense Reasoning (0-shot): HellaSwag-DE [67], ARC-Challenge-DE [9]
* Reading Comprehension (0-shot): TruthfulQA-DE [32]

Code evaluation tasks
* Python: Human Eval (pass@1-200)

Tables 3, 2, and 4 report the performance of models in our study on English, Code, and German
evaluation benchmarks.

22



Table 2: Human Eval after pre-training on FineWeb and continual pre-training on Stack. We
report the percentage of problems for which at least one generated solution passes all tests. We
observe that all English-only models generate only incorrect solutions, while the models continually
pre-trained on code and the full re-training baselines achieve non-trivial accuracy. Interestingly, the
SB Switch MoE performs best of all across all pass thresholds. However, given the generally poor
performance of the models overall, we attribute differences within a dataset type to random chance.

Training Tokens Model pass@1 pass@10 pass@50 pass@100 pass@150 pass@200 Mean
Dense Baseline 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%  0.00%
SB Switch MoE 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%  0.00%
400B FineWeb PB Switch MoE 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%  0.00%
SB Granular MoE 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%  0.00%
PB Granular MoE 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%  0.00%
Dense Baseline 0.21% 1.94% 6.87% 9.96% 11.85% 13.41%  7.37%

SB Switch MoE 0.24% 2.19% 8.06% 12.15% 14.85% 17.07% 9.09%
400B FineWeb — 200B Stack PB Switch MoE 0.21% 1.93% 7.28% 11.10% 13.56% 15.24%  8.22%
SB Granular MoE  0.18% 1.69% 6.50% 10.01% 12.30% 14.02%  7.45%
PB Granular MoE 0.16% 1.51% 6.30% 10.40% 13.24% 15.24%  7.81%

Dense Baseline 0.14% 1.20% 3.57% 4.99% 5.98% 6.71%  3.76%

400B FineWeb U 200B Stack  pp ranular MoE  0.20%  1.82%  6.84%  10.21%  12.13%  13.41%  7.44%

Table 3: Languge models evaluation benchmarks after pre-training (English Web Data), contin-
ual pre-training (Code & German Web Data), and full re-training. We report accuracy for all
selected benchmarks. We observe that all MoEs and the dense baselines maintain similar relative
performance before and after the distribution shift, showing that MoE LLMs’ continual pre-training
dynamics are similar to dense models with respect to forgetting on evaluation tasks. When comparing
the mean evaluation performance of PB granular MoE to the full re-training baseline, we observe that
the final performance is nearly reached or matched with a substantially smaller computational cost.

Training Tokens Model ARC-C  ARC-E HellaSwag LAMBADA OAI MathQA PIQA  PubMedQA SciQ  SWAG WinoGrande Mean
Dense Baseline 54.25% 39.99% 47.55% 23.52%  71.98% 51.80%  82.70%  47.59% 5 49.84%
SB Switch MoE 60.48% 45.60% 53.44% 24.52%  74.16% 62.00%  84.80%  50.31% 54.14%

400B FineWeb (Annealed) PB Switch MoE 61.15% 16.16% % 25.86%  T4.37T% 58.20%  87.20%  50.67% o 54.45%
SB Granular MoE ~ 26.19%  65.19% 48.10% 24.66%  74.92% 61.10%  89.30%  51.35% 55.71%
PB Granular MoE ~ 28.75% 52.92% % 75.24% 60.00%  88.90% 51.36% ) 55.59%
Dense Baseline o 70.46% 52.50%  81.90%  47.09% 49.18%
SB Switch MoE 57.91% 73.12% 60.30%  83.50%  49.32% i o 52.55%

400B FineWeb (Non-Annealed) PB Switch MoE X 60.86% % 52.30%  85.80%  49.98% 56.27%
SB Granular MoE % 62.63% % 58.60%  87.70%  50.72% 59.04%

26.54% A 0 0 %
PB Granular MoE ~ 27.82%  61.20% 46.52% 55.46% 74.97% 58.80%  86.80%  50.87% 58.64%  54.54%

Dense Bascline  2287%  51.43%  36.97% 16.75% 70.18% 1580%  S0.70% 45.87% 1B15%
SBSwitchMoE  20.66%  56.90%  12.99% 91% 73.07% 57.40%  83.50%  48.85% 51.90%
400B FineWeb — 200B German (40% Replay) PB Switch MoE .. 0 56.94% % 73.23% 49.40% 84.20% 48.76%
SB Granular MoE ~ 25.43%  60.02% 73.01% 55.10%  84.60%  49.89%
PB Granular MoE  27.05% 60.52% 3% 73.88% 58.40% 85.70% 49.70%
. 5 ‘ Dense Baseline 23.29% 51.35% 6.17% 24.19% 70.08% 54.00% 80.30% 45.51% .42%
400B FineWeb 1 2008 German CC PB Granular MoE~ 27.99%  60.06% 55.23%  2516%  73.50% 56.20%  86.20%  49.88% 53.94%
Dense Baseline 22.01% 52.95% 46.98% 22.91% 71.06% 55.40% 83.70% 45.76% 49.21%
SB Switch MoE  22.87%  55.98% 52:81% 72.80% 55.80%  85.10%  4.78% 51.76%
400B FineWeb — 200B Stack (30% Replay) PB Switch MoE 9.01% 17% 73.50% 55.10% 86.20% 49.07% Y
SB Granular MoE % 55.44% 73.01% 55.000%  85.90%  49.83%
PB Granular MoE 9 54.94% 73.78% 56.90%  88.00%  49.62%
) ; ! Dense Baseline 38.68% 1S50%  2449%  T1.00% 5L70%  83.40%  47.01%
400B FineWeb L 2008 Stack PB Granular MoE  27.82% 16.43% 56.39%  25.66% 75.35% 56.60% 89.40%  50.85% 56.75%

Table 4: German Language models evaluation benchmarks after pre-training (English Web
Data), continual pre-training (Code & German Web Data), and full re-training. We report
accuracy for all selected benchmarks. We observe that all MoEs and the dense baseline improve
performance on German after continual pre-training. When comparing to the full re-training baselines,
we observe that the average performance of our continually pre-trained models are on par.

Training Tokens Model \ Arc-CDE Hellaswag DE  TruthfulQA DE (MC1) Mean
Dense Baseline 18.52% 26.78% 25.34% 23.54%
SB Switch MoE 18.60% 26.87% 23.87% 23.11%
400B FineWeb PB Switch MoE 18.94% 26.56% 24.60% 23.37%
SB Granular MoE | 18.34% 26.78% 23.38% 22.83%
PB Granular MoE | 18.43% 27.05% 24.72% 23.40%
. Dense Baseline 19.28% 32.53% 23.99% 25.27%
400B FineWeb — 200B German CC - ¢p'qich MoE | 21.76% 35.74% 25.21% 27.57%
PB Switch MoE 20.73% 35.77% 23.01% 26.50%
SB Granular MoE | 22.61% 36.90% 26.19% 28.57%
PB Granular MoE | 22.70% 37.23% 23.01% 27.65%
. Dense Baseline 20.05% 31.45% 24.85% 25.45%
400B FineWeb U 200B German CC b’ anylar MoE | 21.33% 35.74% 25.70% 27.59%
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C.5 Training and Validation Loss

In the following sections, we present validation loss curves during and after pre-training and continual
pre-training for all models in our study. Specifically, we report final validation loss in Table 5 and
validation curves during training across figures 6, 7, and 8.

Table 5: Final validation loss of MoEs and dense model after pre-training (English Web Data)
and continual pre-training (Code & German Web Data). As expected, we observe that all
MOoE transformers outperform the dense baseline during pre-training and continual pertaining with
respect to validation loss. Moreover, we observe that MoEs forget marginally less than their dense
counterparts. Together, these results show the continual learning abilities of MoEs are on par with
dense models in terms of adaptation and are slightly superior in terms of forgetting, possibly due to
their larger total parameter count.

Final Validation Loss

Training Tokens Model FineWeb Stack German Forgetting AVG
Dense Baseline 2.881 4.028 3.741 - -
SB Switch MoE 2.711 3.861 3.495 - -
400B FineWeb (non-annealed) PB Switch MoE 2.699 3.872  3.451 - -
SB Granular MoE 2.664 3.690  3.404 - -
PB Granular MoE 2.653 3.715  3.370 - -
Dense Baseline 2.825 4.028 3.741 - -
SB Switch MoE 2.640 3.861 3.495 - -
400B FineWeb (annealed) PB Switch MoE 2.628 3.872  3.451 - -
SB Granular MoE 2.595 3.690  3.404 - -
PB Granular MoE 2.582 3.715  3.370 - -
Dense Baseline 2.939 1.026 - 0.059 1.982
SB Switch MoE 2.757 0.944 - 0.046 1.850
400B FineWeb — 200B Stack 30% Replay PB Switch MoE 2.749 0.945 - 0.050 1.847
SB Granular MoE 2.708 0.925 - 0.044 1.816
PB Granular MoE 2.699 0.924 - 0.046 1.811
. . Dense Baseline Union 2.866 1.050 - - 1.958
400B FineWeb U 2008 Stack PB Granular MoE Union | 2.630 0935 - - 1782
Dense Baseline 4.028 - 1.279 1.399 2.654
SB Switch MoE 3.810 - 1.062 1.180 2.436
400B FineWeb — 200B German 0% Replay ~ PB Switch MoE 3.782 - 1.059 1.152 2.420
SB Granular MoE 3.701 - 1.038 1.071 2.369
PB Granular MoE 3.685 - 1.028 1.055 2.356
Dense Baseline 2.946 - 1.367 0.066 2.157
SB Switch MoE 2.749 - 1.142 0.039 1.946
400B FineWeb — 200B German 40% Replay ~ PB Switch MoE 2.741 - 1.129 0.042 1.935
SB Granular MoE 2.701 - 1.118 0.037 1.910
PB Granular MoE 2.690 - 1.099 0.037 1.895
. Dense Baseline Union 2.938 - 1.390 - 2.164
400B FineWeb U 200B German PB Granular MoE Union | 2.660 1120 - 1.895

24



b
Wk
9 o
o S

@
w
S

Validation Loss FineWe.
w w
o N
o v

N
~
ol

10
Training Tokens (B)

(a) FineWeb Validation Loss

=+ Dense Baseline 0% Replay
= + Dense Baseline 10% Replay
= Dense Baseline 40% Replay
SB Switch MoE 0% Replay
SB Switch MoE 10% Replay
SB Switch MoE 40% Replay
=+ PB Switch MoE 0% Replay
==« PB Switch MoE 10% Replay
== PB Switch MoE 40% Replay
= = SB Granular MoE 0% Replay
=+ SB Granular MoE 10% Replay
= SB Granular MoE 40% Replay
=+ PB Granular MoE 0% Replay
==+ PB Granular MoE 10% Replay
== PB Granular MoE 40% Replay

30 40 50 0 10 20
Training Tokens (B)

40 50

(b) German Validation Loss

Figure 6: Penalty-Balanced (PB) and Sinkhorn-Balanced (SB) Top-k MoEs behave similarly to
the FLOP-matched Dense baseline when being continually pre-trained with varying amounts
of replay. We continually pre-train MoEs and a dense baseline using varying amounts of replay: 0%
(dotted curves), 10% (dashed curves), and 40% (full curves). We observe that replay substantially
reduces forgetting for all models while slightly harming adaptation; that is, the effect of replay is the
same for MoEs as for dense models.
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Figure 7: Validation loss during initial pre-training on FineWeb with Infinite LR schedules.
We report decay and constant phases to completion. We observe that all MoE transformers stably
decrease validation loss throughout pre-training, with MoEs improving over the dense model as
expected. Interestingly, the PBTk MoEs shows an incremental improvement over SBTk.
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Figure 8: Validation Loss on CPT and PT datasets during CPT. Subfigures (a) and (c) report
FineWeb validation loss, while subfigures (b) and (d) report Stack and German validation loss
respectively for models trained on those datasets. We observe that all MoEs maintain their sample
efficiency after the distribution shift, reaching a lower loss in many fewer iterations than the FLOP-
matched dense baseline.
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C.6 Qualitative Analysis

In the following section, we present new metrics for analyzing the routing decisions of MoEs in
our study and interpret how they change during continual pre-training. To accomplish this, we take
checkpoints before and after continual pre-training and record their routing decisions, loss, routing
imbalance, and a number of different metrics on 20M tokens of FineWeb test data (pre-training
dataset), 20M tokens of German test data (continual pre-training dataset), and 20M tokens of Stack
test data (continual pre-training dataset). Our results can be grouped into four main categories: 1)
routing saturation analysis, 2) vocabulary specialization analysis, 3) expert co-activation analysis,
and 4) routing imbalance analysis.

C.6.1 Continual routing saturation analysis

We adapt the analysis of router saturation from [46] to the continual setting. Note that we will
directly reproduce and slightly modify some lines from [46]’s definition of router saturation below
for clarity and ease of passing from one paper’s notation to the other. Concretely, we define continual
Continual Router Saturation as:

N o) A o(T)
ing

&
Continual Router Saturation(t,h,j) = — Z | 3 , 2)

N 4
i=1

where:

* 7, and T;: The tasks being considered when selecting checkpoints. Note that h < j.
In our case, j,h € {0,1,2} , with Ty designating the pre-training task (FineWeb) and
T1, T2 designating German and Stack continual pre-training tasks, respectively. While our
experiments only consider one transition, in general, there may be many more.

N The total number of tokens in the dataset.

k: The number of experts activated per input token.

. 51-(7—"): The set of k experts activated for the ith token at the final checkpoint of the hth task.

. Slm): The set of k experts activated for the ith token at the final checkpoint of the jth task.

. |5i(T") N Ei(Tj) |: The number of common experts activated for the ith token between the final
checkpoints taken from the hth task and jth task.

Figures 9 and 10 consider h = 0 and j € {0, 1} for Granular (31 routed experts, 3 active, 1 shared)
and Switch (8 routed experts, 1 active) MoEs respectively, thus comparing the checkpoint before
continual pre-training with the checkpoint obtained afterward. The subfigures on the right report
router saturation across model layers for PBTE MoEs, while the subfigures on the left report the
same for switch SBTk MoEs. Each row reports router saturation on a different dataset. We make the
following observations:

(1) the first few layers are consistently among those with the lowest router saturation,

(2) router saturation is lower for checkpoints trained on a given task A when it is measured with
respect to tokens from A, and

(3) the router saturation of models tested on their continual pre-training dataset seems to
consistently decrease with a small slope as the layers index increases.

Observation (1) suggests that the early layers may undergo the most change during continual pre-
training. Note that the trend of the first few layers having low router saturation is especially pro-
nounced in subfigures (a) and (b), suggesting that most of the forgetting seen during continual
pre-training may occur in the early layers. Observation (2) shows that MoEs change their routing
decisions more to the distribution they are being trained on in the case of German and Stack, which is
intuitive. Observation (3) suggests that layers closer to the final layer of the MoE must change more
to adapt to the new distribution.

27



1004 100 4
S S
4 <
= 804 o 80
2 S
© ©
5 607 FineWeb & 601 FineWeb
_B PB Granular MoE B SB Granular MoE
© German 40% Replay © German 40% Replay
n 407 %= PB Granular MoE n 404 %= SB Granular MoE
E"_) German 0% Replay é__)' German 0% Replay
——— ———
"5’ 204 PB Granular MoE "5’ 204 SB Granular MoE
Q Stack 30% Replay Q Stack 30% Replay
~ =#= PB Granular MoE ~ =#= SB Granular MoE
00— T T T T 0-— T T T T
0 5 10 15 20 0 5 10 15 20
Layer Layer
(a) FineWeb, PBTk Granular MoE (b) FineWeb, SBTk Granular MoE
1004 100 4
S S
< <
= 804 o 80
L 8
© ©
® 60 © 60
=1 =]
T T
) 40 o 40
~ =~
3 3
8 201 g 201
~ ~
0 T T T T T 0 T T T T T
0 5 10 15 20 0 5 10 15 20
Layer Layer
(c) German, PBTk Granular MoE (d) German, SBTk Granular MoE
1004 100 4
S S
< <
= 801 =] 80 -
L 2
© ©
© 60 © 60
=1 =]
T T
v 401 & 0]
& [
3 3
=5 204 = 20
[e] Q
~ ~
0+ T T - T 0+ T T - -
0 5 10 15 20 0 5 10 15 20
Layer Layer
(e) Stack, PBTk Granular MoE (f) Stack, SBTk Granular MoE

Figure 9: Router saturation at the beginning of continual pre-training for Granular MoEs.
Subfigures (a,c,e) report layer-wise router saturation for PBTAK MoEs, while subfigures (b,d,f) report
router saturation for SBTk MoEs. (a) and (b) measure routing saturation with respect to test tokens
from FineWeb, (c¢) and (d) measure router saturation with respect to test tokens from German, and (e)
and (f) measure router saturation with respect to test tokens from Stack. We observe a few trends: 1)
the first few layers are consistently among those with the lower router saturation, 2) router saturation
is consistently lower for checkpoints CPT on the testing distribution showing that these checkpoitns
adapt more to that distribution, 3) the router saturation of models tested on their continual pre-training
dataset seems to consistently decrease with a small slope as the layers index increases, and 4) the
no-replay checkpoint consistently has lower router saturation than its 40% replay counterpart.
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Figure 10: Router saturation at the beginning of continual pre-training for Switch MoEs.
Subfigures (a,c,e) report layer-wise router saturation for PBTAK MoEs, while subfigures (b,d,f) report
router saturation for SBTk MoEs. (a) and (b) measure routing saturation with respect to test tokens
from FineWeb, (c¢) and (d) measure router saturation with respect to test tokens from German, and (e)
and (f) measure router saturation with respect to test tokens from Stack. We observe a few trends: 1)
the first few layers are consistently among those with the lower router saturation, 2) router saturation
is consistently lower for checkpoints CPT on the testing distribution showing that these checkpoitns
adapt more to that distribution, 3) the router saturation of models tested on their continual pre-training
dataset seems to consistently decrease with a small slope as the layers index increases, and 4) the
no-replay checkpoint consistently has lower router saturation than its 40% replay counterpart.
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C.6.2 Continual Vocabulary Specialization Analysis

We adapt the analysis of vocabulary specialization from [46] to the continual setting. Note that we will
directly reproduce and slightly modify some lines from [46]’s definition of vocabulary specialization
below for clarity and ease of passing from one paper’s notation to the other. Concretely, we define
Vocabulary Specialization as:

NE
Vocabulary Specialization(j, F;, ) = %, 3)

where:

* E;: The ith expert in an MoE layer.

* j: A task index specifying which final checkpoint to use (e.g., specifying the final checkpoint
after task 1, task 2,...).

» z: The token ID being analyzed.

* k: The number of experts considered (we use k=3 for Granular MoEs and k=1 for switch
MokEsg).

* N j(l;) g, The number of times input data is routed to E; for x when using the final checkpoint
of task j.

* N, ,: The total number of times input data is routed across all experts for x and the final
checkpoint of task j.

Vocabulary Specialization can, therefore, be calculated for each expert at every layer of the
model and for each token in the model’s vocabulary. By assigning each token in the vocabulary
to the expert that processes it the most frequently, we can then create a one-to-many mapping
between experts and vocabulary entries for each layer of the MoE. Then, we can calculate the average
vocabulary specialization of each expert by averaging over its assigned tokens and averaging across
experts to measure specialization within a layer. To compare specialization across model checkpoints,
we can re-use the one-fo-many mapping of a previous checkpoint and measure how the specialization
with respect to this mapping has changed during continual pre-training. Concretely, the continual
vocabulary specialization (CVS) for an MoE layer [ can be defined as follows:

1
CVS(j,h) :N—E Z Vocabulary Specialization(h,E,, ,,) 4
eV
aj,, '=argmax {Vocabulary Specialization(j, E;,x)} Q)
i€[NE]

* Ng: The number of experts in an MoE layer /.

» V: The set of tokens in the model’s vocabulary (we use the Llama3 tokenizer).

h: A task index specifying the checkpoint from which to compute the mapping.

* j: A task index specifying a final checkpoint that is used to compute the continual vocabulary
specialization.

Note that the dataset of tokens used to compute the CVS is omitted for simplicity. However, the
specialization of experts will depend on the distribution of the tokens because the same input token
may be routed to different experts depending on the context within which it lives and the context will
change depending on the distribution. For instance, the hidden representation of the word “for" in an
English language corpus and a code corpus may differ wildly.

Figures 11 and 12 report the CVS of Granular and Switch MoEs, respectively. For each plot, the one-
to-many mapping, o ., is created from the checkpoint pre-trained on FineWeb (e.g., the checkpoint
we start continual pre-training from). All specializations are computed with respect to the input token.
When evaluated on FineWeb, we observe across all architectures and balancing strategies that the first
few layers for continually pre-trained models have lower continual vocabulary specialization than
the pre-trained checkpoint, whereas subsequent layers have vocabulary specialization that closely
matches that of the pre-trained checkpoint. This is even the case for the model that uses 0% replay,
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suggesting that MoEs learn routing policies during pre-training that are relatively unaffected by
continual pre-training. When evaluated on German and stack, we observe that all MoEs continually
pre-trained on those datasets have lower vocabulary specialization than models not trained on those
distributions, showing their adaptation. On German, the zero-replay model has the smallest CVS. We
hypothesize that this is the case because these models adapt the most to the German distribution and
happen to learn new routing patterns, distinct from the ones used on FineWeb. Contrasting the results
observed in subfigures (a) and (b) across Figures 11 and 12 to other subfigures, we observe that the
vocabulary specialization on the pre-training dataset only changes for the first few layers, while it
changes across all layers for the data seen during continual pre-training, even for the model that does
not utilize any replay. Contrasting this with the stronger performance of the no-replay model on
German and its poorer performance on FineWeb, the superior adaptation to German is correlated to
the change in vocabulary specialization throughout the model while the poorer performance on the
previous distribution is correlated with larger changes in vocabulary specialization in the first few
layers.
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Figure 11: Continual Vocabulary Specialization for Granular MoEs. We report CVS for each MoE
layer in the MoEs when testing models on FineWeb, German, and Stack. We observe that early layers
deviate most from the checkpoint after pre-training, while later layers in the continually pre-trained
MokEs nearly match the vocabulary specialization of their checkpoints after the first phase pre-training.
This is even the case for the checkpoint that does not replay previous data, suggesting that vocabulary
specialization for pre-training data is mostly determined during the initial pre-training phase.
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Figure 12: Continual Vocabulary Specialization for Switch MoEs. We report CVS for each MoE
layer in the MoEs when testing models on FineWeb, German, and Stack. We observe that early layers
deviate most from the checkpoint after pre-training, while later layers in the continually pre-trained
MokEs nearly match the vocabulary specialization of their checkpoints after the first phase pre-training.
This is even the case for the checkpoint that does not replay previous data, suggesting that vocabulary
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specialization for pre-training data is mostly determined during the initial pre-training phase.
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C.6.3 Continual expert co-activation analysis

We adapt the analysis of expert co-activation from [46] to the continual setting. Note that we will
directly reproduce and slightly modify some lines from [46]’s definition of expert co-activation below
for clarity and ease of passing from one paper’s notation to the other. Concretely, we define Expert
Co-activation as:

Ng, g
Np

i

Expert co-activation(E;, E;) =

6)

where:

E;: The first expert.

* E;: The second expert.

* Ng, g;: The number of times experts E; and E; are activated together.
* Ng,: The total number of times expert F; is activated.

The co-activation matrix C' for any layer in the MoE can, therefore, be created by setting C; ; =
Expert co-activation(E;, E;). Then, we can define the co-activation difference as follows:

Co-activation Difference(p,q) = |[CP) — C(D)]. @)

Where | - | is the coordinate-wise absolute value function. Each coordinate 4, j of the co-activation
difference measures the change in expert co-activation for experts ¢, 7 between final MoE checkpoints
after tasks p and ¢, respectively. Taking statistics of the entries of the co-activation difference
matrix allows us to measure how expert co-activation changes globally at each layer during continual
pre-training.
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Figure 13: Layer-wise Median Router Co-activation Difference for Granular MoEs. We report
the median of the coordinates of the co-activation difference matrix between each model in the legend
and its corresponding pre-trained checkpoint. We observe that on FineWeb, the Penalty-Balanced
MokEs have the largest median differences overall and that they are most pronounced in the first two
layers and layer 18. On German, we observe that the models continually pre-trained on German
have the largest median differences and that the tendency for Penalty-Balanced MoEs to have large
differences is maintained. On Stack, similar trends are observed.

In Figure 13, we report the median of the coordinates of the co-activation difference matrix between
each continually pre-trained Granular MoE in our study (the switch MoEs only activate a single expert
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so they have no co-activation) and its checkpoint after the initial pre-training phase. We observe
that when evaluated on the FineWeb test set, the Penalty-Balanced MoEs have the largest median
differences overall and that they are most pronounced in the first two layers and layer 18. When
evaluated on the German test set, we observe that the models continually pre-trained on German
have the largest median differences and that the tendency for Penalty-Balanced MoEs to have large
differences is maintained. When evaluated on the Stack test set, similar trends are observed.

In Figures 14 and 15, we visualize a subset of the full expert co-activation matrices for Penalty-
Balanced and Sinkhorn-Balanced MoEs, respectively. Specifically, we show expert co-activations
for the 16 experts with the largest co-activation values. The left-most plots show the co-activation
matrix of the checkpoint continually pre-trained on FineWeb without decaying, the middle plots show
the co-activation matrix of the checkpoint after continually pre-training on Stack, and the rightmost
figures show the co-activation difference matrix. Subfigure (a) shows layer 0, (b) shows layer 11,
and (c) shows the final layer. We observe that the co-activation difference is the largest for layer
0 for both Penalty-Balanced and Sinkhorn-Balanced MoEs. Notably, for the Sinkhorn-Balanced
granular MoE’s pre-trained checkpoint, most of the co-activation weight is placed on the expert 15.
However, this strong weighting on expert 15 is attenuated during continual pre-training. In contrast,
the co-activations are more dispersed in the Penalty-Balanced MoE. For layers 11 and 23, there is
minimal change between pre-training and continual pre-training.
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Figure 14: FineWeb Router Co-activation Matrix for PB Granular MoE Continually Pre-trained
on Stack. The left-most plots show the Co-activation matrix of the checkpoint continually pre-trained
on FineWeb without decaying, the middle plots show the Co-activation matrix of the checkpoint after
continually pre-training on Stack, and the rightmost figures show the co-activation difference matrix.
Subfigure (a) shows layer 0, (b) shows layer 11, and (c) shows the final layer. We observe that the
co-activation difference is the largest layer 0, while the other layers change minimally.
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Figure 15: FineWeb Router Co-activation Matrix for SB Granular MoE Continually Pre-trained
on Stack. The left-most plots show the Co-activation matrix of the checkpoint continually pre-trained
on FineWeb without decaying, the middle plots show the Co-activation matrix of the checkpoint
after continually pre-training on Stack, and the rightmost figures show the co-activation difference
matrix. Subfigure (a) shows layer 0, (b) shows layer 11, and (c) shows the final layer. We observe that
the co-activation difference is the largest layer 0, with most of the weight placed on expert 15. We
observe that this strong weighting on expert 15 attenuated during continual pre-training. For layers,
there is minimal change between pre-training and continual pre-training.
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C.6.4 Continual routing imbalance analysis

While performance is one important axis of robustness to distribution shifts, maintaining a balanced
load across experts is just as important for MoE foundation models. Without a balanced load, MoE
transformers inferenced using expert parallelism without token dropping (e.g., as is done for SOTA
models [16, 69]) could be bottlenecked by the speed of a single accelerator that receives all the tokens,
leading to underutilization of the hardware, lower throughput, and higher costs. To quantitatively
assess the effect of distribution shift on load balance, we propose the maximum routing imbalance
(MRI): the largest proportion of tokens routed to a single expert in a given MoE layer. Concretely,
the MRI at a training iteration ¢ and MoE layer j is defined as

2 zep Hi € Ix(2)}
ax
i€[L,.... E] |B|

®)

Where B is a set containing all tokens in a given batch, 1 is the indicator function, F is the number of
routed experts, and k is the number of active experts. Since latency increases with computation, and,
in an MoFE layer, the computation required by a given device increases with the load of experts on
that device, then MRI calculated with respect to routing decisions on a distribution is a proxy for the
worst case latency of an MoE layer on the disribution. We will use the MRI throughout the following
sections to measure the effect of algorithmic changes to continual pre-training on routing imbalance.

In Figures 16 and 17, we set ¢ to be the final iteration of training for each model during pre-training
and continual pre-training where it is applicable. The figures plot the layer identity on the x-axis and
the MRI on the y-axis. The left column plots report the MRI of PBTk MoEs, while the right column
plots report MRI for SBTk MoEs. Figures 16 shows Granular MoEs, while Figure 17 shows switch
MoEs. For Granular MoEs, we observe that the MRI for Penalty-Balanced MoEs is consistently
lower than for Sinkhorn-Balanced MoEs, that little increase in MRI on FineWeb is incurred during
continual pre-training, even for the 0% replay model, and that MoEs become most unbalanced when
seeing out-of-distribution data (e.g., see non-german models in (b) and non-code models in (c)). For
Switch MoEs, we observe the MRI for Penalty-Balanced MoE:s is similarly consistently lower than
for Sinkhorn-Balanced MoEs, that similar to Granular MoEs little increase in MRI on FineWeb is
incurred during continual pre-training, even for the 0% replay model, that switch MoEs become
most unbalanced when seeing out-of-distribution data (e.g., see non-german models in (c,d) and
non-code models in (e,f)), and that high MRI is prevalent in early layers independent of the training
and testing distributions used, unlike for Granular MoEs. Contrasting these differences with the
superior language modeling performance of granular MoEs, one could hypothesize that the unstable
MRI observed in early layers for switch models that is not present in Granular MoEs may be a cause
of the performance difference.
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Figure 16: Layer-wise Maximum Routing Imbalance (MRI) for Granular MoEs. We report the
MRI for each layer in the MoE as a percentage of all routing decisions made on a given dataset’s
20M token test set ((a,b)FineWeb, (c,d)German, and (e,f) Stack). The left column PBTk MoEs, while
the left column reports results for SBTk MoEs. We observe that the MRI for Penalty-Balanced
MokE:s is consistently lower than for comparable Sinkhorn-Balanced MoEs, that little increase in MRI
on FineWeb is incurred during continual pre-training, even for the 0% replay model (except for its
first layer), and that MoEs become most unbalanced when seeing out-of-distribution data (e.g., see

non-german models in (e,f) and non-code models in (c,d)).
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Figure 17: Layer-wise Maximum Routing Imbalance (MRI) for Switch MoEs. We report the
MRI for each layer in the MoE as a percentage of all routing decisions made on a given dataset’s
20M token test set ((a,b) FineWeb, (c,d) German, and (e,f) Stack). The left column PBTk MoEs,
while the left column reports results for SBTAK MoEs. We observe that the MRI for Penalty-Balanced
MoEs is consistently lower than for comparable Sinkhorn-Balanced MoEs, that little increase in
MRI on FineWeb is incurred during continual pre-training, even for the 0% replay model (except for
its first layer), that MoEs become most unbalanced when seeing out-of-distribution data (e.g., see
non-german models in (e,f) and non-code models in (c,d)), and that high MRI is prevalent in early
layers of Switch MoEs independent of the training and testing distributions used.
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C.7 Maximum routing imbalance of MoEs During Continual Pretraining.

In the following section, we report on the maximum routing imbalance of MoEs during CPT.
Specifically, Figures 18 and 19 report routing immediately before and after the distribution shift,
while Figures 20 and 21 report MRI during training for Granular and switch MoEs.

Routing imbalance during training By sparsely activating their weight matrices, MoEs experience
performance benefits over FLOP-matched dense models. However, this comes at the cost of increased
latency when the model’s forward pass is bottlenecked by the latency of a single expert. This can
become a problem if a router at any layer of the MoE chooses to dispatch a majority of the token
load to a particular expert. Therefore, we can estimate the impact of continual pre-training on MoE
latency by tracking the worst load imbalance at each layer of the MoE, which is the definition of the
maximum routing imbalance equation 1.

In figures 20, and 21, we plot the MRI throughout pre-training (FineWeb) and continual pre-training
(German CC) for Switch and Granular MoEs, respectively. Subfigure (a) show the training time and
inference time MRI for PB MoEs, while subfigure (b) shows the training time MRI for SB MoEs and
subfigure (c) show the inference time MRI for SB MoEs. We distinguish between Sinkhorn Balanced
training and inference because the Sinkhorn Balancing algorithm is incompatible with autoregressive
generation, so in subfigure (c¢) we show MRI for SB models without the balancing step (e.g., what
would be used during autoregressive generation).

For all MoEs, early layers (0-6) seem to have the largest MRI. For Switch and Granular MoEs
alike, we observe that SB routing follows a very similar pattern all throughout pre-training. During
the continual pre-training phase, we observe that this pattern changes slightly, actually becoming
more balanced throughout continual pre-training for both inference time and training time routing
imbalance. Turning our attention to the PB MoEs, we observe that Switch MoEs suffer from much
greater routing imbalance than their dense Granular counterparts in early layers. However, for most
layers of the PB switch MoE and all layers of the PB Granular MoE, the MRI quickly reaches a
smaller value than their SB counterparts during pre-training and continual pre-training showing that
PB MOoE:s are also robust to distribution shifts, but that the Granular MoE architecture is favorable for
continual pre-training

In summary, both PB and SB Top-k routing algorithms are robust to distribution shifts, with PB
initially being more perturbed by the distribution shifts, but recovering quickly to a better balance then
SB. These results demonstrate that using infinite LR schedules and replay is enough to continually
pre-train MoE LLMs without incurring a large increase in MRI.

C.8 Limitations

While our study is comprehensive in scope and includes multiple state-of-the-art Mixture-of-Experts
(MoE) architectures and routing strategies, any empirical investigation operating under finite compute
constraints inevitably faces trade-offs. As such, although we evaluate four MoE configurations across
three large-scale datasets and two continual pre-training (CPT) transitions, our findings do not fully
capture the entire design space of MoE models. Specifically, we do not evaluate larger-scale MoEs
beyond the 2B parameter regime and we focus exclusively on a decoder-only transformer architecture
and do not study SSM-transformer hybrid variants, which may interact differently with routing
dynamics and distribution shifts. Moreover, while we study two of the most widely adopted Top-k
routing algorithms—Penalty-Balanced and Sinkhorn-Balanced routing—we do not exhaustively
evaluate alternative mechanisms such as hash routing [55]. Different routing approaches may exhibit
different trade-offs with respect to performance, stability, and generalization under CPT.
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Figure 18: Sinkhorn-Balanced (SB) and Penalty-balanced (PB) Top-k MoEs show little change
in training-time maximum routing imbalance as a result of adjusting the replay percentage. We
report the median MRI observed across MoE layers with min and max error bars shortly before and
following the distribution shift when continually pre-training the MoEs on German CC. We observe
that independent of the replay percentage used, the MoEs recover pre-training level median MRI
within 1000 iterations of continual pre-training. However, replay does mitigate the increase in MRI
caused by the distribution shift to a small extent in PB MoEs. In contrast, the SB MoEs are quite
robust to the distribution shift and their routing patterns seem to be invariant to the replay percentage
used.
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Figure 19: Decayed Penalty-Balanced (PB) Top-k MoEs have slightly higher MRI during
distributions shifts than their non-decayed counterparts. We report the median MRI observed
across MoE layers with min and max error bars shortly before and following the distribution shift
when continually pre-training the MoEs on German CC. We observe that all SB MoE keep a stable
MRI throughout the distribution shift, showing that they are mostly unaffected. In contrast, the PB
checkpoints suffer from strong routing imbalance after the distribution shift but recover quickly, with
the decayed checkpoints reaching a marginally higher MRI.
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Figure 20: Training time and inference time MRI for Granular MoEs throughout pre-training
and continual pre-training. We show layer-wise maximum routing imbalance during pre-training
and continual pre-training. While Penalty-Balanced MoEs have the same routing dynamics at training
and inference time, Sinkhorn balancing is incompatible with autoregressive generation, so we show
both inference-time and train-time MRI for SB models. We observe that early layers in the MoE
consistently have the largest MRI for both PB and SB MoEs, the MRI of PB MoEs is much better
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behaved, and after the distribution shift, the MRI of SB models becomes more stable.
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Figure 21: Training time and inference time MRI for Switch MoEs throughout pre-training and
continual pre-training.We show layer-wise maximum routing imbalance during pre-training and
continual pre-training. While Penalty-Balanced MoEs have the same routing dynamics at training
and inference time, Sinkhorn balancing is incompatible with autoregressive generation, so we show
both inference-time and train-time MRI for SB models. We observe that early layers in the MoE
consistently have the largest MRI for both PB and SB MoEs, the MRI of PB MoEs is much better
behaved, and after the distribution shift, the MRI of SB models becomes more stable.
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D Dataset Sizes and Sampling Proportions

In the following section, we report the training tokens used, training dataset sizes, and sampling
proportions. Specifically, Table 6 reports the amount of data and its exact composition used for
different pre-training phases. Tables 7, 8, and 9 report the amount of training tokens and sampling
proportions used for FineWeb, Germand, and Stack, respectively.

Table 6: Pre-training and Continual Pre-training Tokens. We report the training tokens for all
different model training configurations in this paper. During continual pre-training, each batch
contains a proportion of replay tokens from the pre-training dataset and new tokens from the continual
pre-training dataset.

Phase Training Tokens | New Tokens Replay Tokens
Pre-training 400B FineWeb | 400B -
400B FineWeb — 200B Stack 30% Replay 140B 60B

Continual Pre-training ) FincWeb —» 200B German 40% Replay | 120B 80B

400B FineWeb — 200B German 0% Replay | 200B -

Table 7: FineWeb CC: Train, Val, and Test dataset sizes used in our experiments. For the purposes
of our study, we create a more manageable subset of FineWeb by subsampling each Common Crawl
dump within FineWeb into smaller subsets. We then sample proportional to the sizes of each subset.
We report the full size of the subset we sample from during training (note, we only train on 400B
tokens of this subset). The exact sizes and sampling proportions of each split are committed as they
span more than a page, but can be made available upon request.

Source \ Train Tokens (B) Test Tokens (B) Val. Tokens (B) Sampling Weight
FineWeb CC \ 2916.650 26.442 26.426 1.000

Table 8: German CC: Train, Val, and Test dataset sizes used in our experiments.

Source \ Train Tokens (B) Test Tokens (B) Val. Tokens (B) Sampling Weight
German CC \ 169.291 0.489 0.491 1.000

Table 9: Stack: Train, Val, and Test dataset sizes used in our experiments.

Source \ Training Tokens (B) Test Tokens (B)  Val. Tokens (B) \ Sampling Weights
YAML 9.039 0.613 0.609 0.017
Java 19.730 0.587 0.587 0.174
C 17.988 0.594 0.597 0.159
Markdown 21.699 0.477 0.474 0.017
PHP 16.660 0.450 0.447 0.146
C# 9.245 0.552 0.553 0.084
JSON 120.669 0.709 0.695 0.017
TypeScript 6.892 0.418 0.414 0.063
C++ 13.998 0.538 0.539 0.124
Python 15.898 0.458 0.457 0.200
Total \ 251.819 5.396 5.372 \ 1.000
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1e2 £ Model Hyperparameters

1163 The following section outlines the hyperparameters used to train the MoEs and dense transformers in
1164 our study. Specifically, Table 10 reports the hyperparameters of the schedules and Table 11 reports
1165 the model hyperparameters. We also show an example infinite learning rate schedule in Figure 22.

Table 10: Hyperparameters of LR schedules.
All models used the same LR schedule hyperpa-
rameters. We refer the readers to [26] section 7.2

Table 11: Hyperparameters of our Moes and
Dense Transformer.

for a more thorough explanation of these sched- Description Value

ules. MoE Transformers Common
Description Value Active Parameters 571,148,288

Parameters 2,025,236, 480

Pre-training Non-Embedding Parameters 1,893,902, 336
Schedule Type Cosinelnf MoE SM-FFN
Total Iterations 192720 Shared Experts 1
Max learning rate (1)4x) 3-107¢ Active Experts 3
Min learning rate (1)n) 3.107° Routed Experts 31
Constant learning rate (7)cons;) 1.65 - 1074 Total Experts 32
Warmup percent (Tyyarmup) 1 FFN Intermediate Size 704
Cooldown iters percent (T,;) 70
Constant iters percent (1},,) 0.10 MoE R-FFN
Continual Pre-training Sha.red Experts 0
Schedule Type Cosinelnf ﬁggt\:j?f ; er;ts s 21;
Total Iterations 95370 Total Experts 8
Max learning rate (1ax) 3-1071 FFN Intermediate Size 2816
Min learning rate (,,in) 3-107°
Constant learning rate (1jcons) 1.65 - 10% Top-k
Warmup percent (Twarmup) 1 Z-loss Coeff. 0.001
Cooldown iters percent (T.y) 0 AUX-loss Coeft. 0.01
Constant iters percent (1y,,) 80 Sinkhorn
Full re-training Tolerance 0.01

Schedule Type
Total Iterations

Cosine Annealing
288090

Dense Transformer
Parameters

571,148,288

Max learning rate (1jna.) 3 10,& Non-Embedding Parameters 439,814, 144

Min learning rate (1;,) 3107 N ttention heads 16

Warmup percent (13yqrmup) 1 uma

Continual Pre-training Ablation (Section C.1) Common

Schedule Type Cosine Annealing Num layers 24

Total Iterations 95370 H‘dde“. size 1024

Max learning rate (1)qy) 3.10~4 FFN Hidden size 2816

Min learning rate (7),,i,) 3.107° FFN Type GeGLU

Warmup percent (Z},mup) 1 Optimizer AdamW
B1.52 0.9,0.95
Batch size 1024
Sequence length 2048
Hidden activation GeLU
Weight decay 0.1
Gradient clipping 1.0
Decay Cosine
Positional embedding Rotary
GPT-J-Residual True
Weight tying False
Vocab Size 128000
Rotary PCT 0.25
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Figure 22: Illustrated Learning rate schedules used for (a) pre-training, (b) continual pre-
training, (c) full re-training, and the (d) rewarming ablation of Sec. C.1. The exact hyperparame-
ters of these schedules are reported in table 10.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly articulate the paper’s goals: evaluating the
robustness of MoE routers in CPT settings. The study thoroughly investigates performance
and load-balancing behavior across multiple MoE variants under realistic CPT scenarios,
aligning well with the claimed contributions.

Guidelines:
¢ The answer NA means that the abstract and introduction do not include the claims
made in the paper.
* The abstract and/or introduction should clearly state the claims made, including the

contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section acknowledges the limitations of our study.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]

Justification: The paper is entirely empirical and does not include theoretical results requiring
proofs.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

¢ Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper includes detailed training schedules, model architectures, datasets
used, and evaluation protocols. Moreover, detailed Hyperparameter settings are included in
the appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: At the time of writing, we are unable to provide access to the code due to an
ongoing internal review process

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Section A.3 and Appendix E contain detailed model and optimizer configura-
tions, replay ratios, and training schedules. These details enable replication.

Guidelines:

» The answer NA means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: The paper does not report error bars or variance across multiple runs. Results
are reported as point estimates due to high computational cost.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper mentions model scale (2B parameters), token count (600B), and
that experiments were conducted using A100 GPU clusters. Detailed compute resource
estimates are included in the appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The paper follows NeurIPS ethical guidelines, uses public data, and does not
present privacy, fairness, or safety risks.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: Our research furthers the field of machine learning, but does not directly have
a societal impact.
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12.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not release pretrained models and does not pose any significant
risk of misuse.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The paper cites all datasets and prior models used.
Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets? item[] Answer: [NA]

Justification: The paper does not introduce new datasets, models, or other assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve human subjects or crowdsourcing.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The study does not involve human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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1480 * We recognize that the procedures for this may vary significantly between institutions

1481 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
1482 guidelines for their institution.

1483 * For initial submissions, do not include any information that would break anonymity (if
1484 applicable), such as the institution conducting the review.

1485 16. Declaration of LLM usage

1486 Question: Does the paper describe the usage of LLMs if it is an important, original, or
1487 non-standard component of the core methods in this research? Note that if the LLM is used
1488 only for writing, editing, or formatting purposes and does not impact the core methodology,
1489 scientific rigorousness, or originality of the research, declaration is not required.

1490 Answer: [NA]

1491 Justification: LLMs are the subject of the paper, not a tool used in producing it. The paper
1492 was not written using an LLM in any substantive research capacity.

1493 Guidelines:

1494 * The answer NA means that the core method development in this research does not
1495 involve LLMs as any important, original, or non-standard components.

1496 * Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
1497 for what should or should not be described.
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