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Abstract

Mamba [22] state-space models (SSMs) have recently outperformed state-of-the-
art (SOTA) Transformer large language models (LLMs) in various tasks and been
widely adapted. However, Mamba’s downstream learning capabilities remain ei-
ther unexplored—e.g., mixed-precision (MPFT) and parameter-efficient fine-tuning
(PEFT)-or under-evaluated—e.g., in-context learning (ICL). For the latter, recent
works [45, 19] reported Mamba’s ICL rivals SOTA Transformer LLMs using non-
standard benchmarks. In contrast, we show that on standard benchmarks, pretrained
Mamba models achieve only 38% of the ICL performance improvements (over
zero-shot) of comparable Transformers.

Enabling MPFT and PEFT in Mamba architectures is challenging due to recurrent
dynamics and highly customized CUDA kernels, respectively. However, we prove
that Mamba’s recurrent dynamics are robust to small input changes using dynamical
systems theory. Empirically, we show that performance changes in Mamba’s
inference and fine-tuning due to mixed-precision align with Transformer LLM:s.
Furthermore, we show that targeting key memory buffers in Mamba’s customized
CUDA kernels for low-rank adaptation regularizes SSM parameters, thus achieving
parameter efficiency while retaining speedups. We show that combining MPFT and
PEFT enables up to 2.15 times more tokens-per-second and 65.5% reduced per-
token-memory compared to full Mamba fine-tuning, while achieving up to 81.5%
of the ICL performance improvements (over zero-shot) of comparably fine-tuned
Transformers.

1 Introduction

Innovating on previous state-space models (SSMs) [23, 11], Mamba [22] has been recently proposed
as an accurate, sub-quadratic alternative to Transformer large language models (LLMs). Mamba was
initially shown to greatly outperform comparable Transformer LLMs [5] across a large number of
standard natural language benchmarks. Subsequently, pretrained Mamba models have been widely
adapted across different data modalities [42, 65, 36, 46, 37], tasks [60, 62, 48, 63, 57, 37, 2], and
architectures [1, 45, 40].

However, despite such rapid and widespread adaptation, evaluation of Mamba’s ability to perform
standard downstream learning abilities exhibited by Transformer-based LLMs have either not been
extensively conducted on standard natural benchmarks or are completely lacking. For instance, while
recent works [45, 19, 30] have evaluated Mamba’s ability to perform in-context learning (ICL), such
studies focused extensively on either non-natural tasks [30, 17] or non-standard benchmarks [25].
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Furthermore, evaluation of Mamba’s mixed-precision fine-tuning (MPFT) and performance efficient
fine-tuning (PEFT) capabilities are currently lacking. For the former, MPFT (and, by extension,
mixed-precision inference) are made difficult due to potential sensitivities of Mamba’s recurrent
dynamics, where [21, 29] suggest full precision (FP32) is required to perform stable training. For
the latter, PEFT via standard low-rank adaptation (LoRA) [28] is made difficult within Mamba’s
SSM layer (referred to herein as the MambaBlock) due highly customized SSM CUDA kernels which
provide competitive performance to attention-based speedups [10] at the cost of standard adapter
support. However, PEFT and MPFT are arguably two of the most widely utilized techniques for LLM
alignment [53] and customization [55], and are typically combined to drastically decrease hardware
demands needed to fine-tune modern LLMs [12].

Herein, we extensively explore Mamba’s downstream learning capabilities across standard natural
benchmarks. For ICL, we show that, in contrast to recent non-standard studies showing Mamba
models rival state-of-the-art (SOTA) LLMs of similar parameter counts, the pretrained benefits of
Mamba few-shot learning are significantly less than comparable Transformer LLMs across
standard natural benchmarks; averaged across the benchmarks and parameter counts in Table 1,
Mamba models only achieve 38% of the performance improvements (relative to zero-shot)
of comparable Transformer models from the Pythia suite [5S]. However, we show in the sequel
that Mamba models can more than halve this gap through efficient fine-tuning, achieving as
much as 81.5% of the average few-shot learning improvement (relative to zero-shot) of comparable
Transformers.

For MPFT, we leverage theory from dynamical systems to show that small input changes in a
MambaBlock do not lead to exponentially deviating outputs. Empirically, we validate this theoretical
result; compared to full-precision, deviations due to mixed-precision for Mamba inference and
fine-tuning are on par with those demonstrated by Transformer LLMs (Section 6). For PEFT, we
show that by targeting the largest memory buffer exploited by Mamba’s highly customized CUDA
kernels, LoORA may be used for extremely efficient fine-tuning, while simultaneously regularizing
the majority of Mamba’s SSM parameters via weight tying. We show that this leads to extremely
efficient PEFT, resulting in up to 2.15 times faster training and 65.5% reduced memory compared to
the largest evaluated Mamba model without MPFT or PEFT.

2 Background

Downstream learning for LLMs. Since the release of the Transformer architecture [54], attention-
based LLMs have exhibited several downstream learning abilities—in particular, PEFT, MPFT, and
ICL—which allow the rapid adaptation of foundation models towards specific applications. PEFT using
adapters [24] allows a large pretrained model to be efficiently adapted for a particular downstream
task by freezing the full model and training only a small number of extra parameters. Arguably the
most widely used such PEFT method is LoRA [28], which injects trainable low-rank matrices into
Transformer layers to approximate weight updates.

To further decrease the computational demands necessary for LLM fine-tuning and inference, MPFT
via mixed-precision (i.e., FP16 or BF16) [31, 43] and quantized low-precision [12] have proven
effective strategies to reduce GPU memory and runtime requirements without deleterious effects on
downstream performance [12, 59]. Additionally, mixed-precision approaches have paved the way for
hardware-aware optimizations within the self-attention module [10], greatly mitigating the quadratic
complexity of Transformer LLMs. Together, PEFT and MPFT have created a rich ecosystem with
which varying combinations of these approaches may be used to meet the computational constraints
of a given training system. We note that post-fine-tuning quantization approaches [13] may be further
used to decrease Transformer LLM computational demands, but such approaches are not considered
in this work.

ICL provides an adaptable alternative to fine-tuning. Rather than fine-tune the LLM directly, ICL
augments a prompt with n relevant examples (called shots) preceding the query of interest. Given
sufficiently large models and pretraining data [8, 58], Transformer LLMs have proven adept at
learning new concepts on the fly provided such few-shot prompting. However, it is worth noting
that ICL inference time increases dramatically as the number of shots grows (due to self-attention’s
quadratic complexity) and PEFT (when possible) is known to produce more accurate downstream
learning results [8, 41].



Table 1: In-context learning performance for pretrained Mamba and Pythia models. Models are
collected into parameter classes for head-to-head comparison using the groupings in [22]. Model
checkpoints were evaluated on all benchmarks and few-shot settings using the LM evaluation harness
from Eleuther AI [16]. LAMBADA zero-shot is more effective for the model sizes considered (further
discussed in [61, 8]) and thus excluded from few-shot performance averages. Highlighted in bold is
the top-performing few-shot learner per benchmark and model grouping.

Model N-shot LAMBADA LAMBADA HellaSwag PIQA

Arc-E Arc-C WinoGrande O0-shot incr.

ppl | acc 1 acc 1 accT acc? acct acc 1 Mean % 1t
0 16.07 44.3 353 645 48.0 242 44.8 -
Mamba 1 19.34 383 352 643 47.1 235 51.3 -1.4
130M 3 23.13 354 35.1 65.1 49.0 240 50.7 -0.2
5 24.38 36.2 34.8 649 492 239 50.5 -0.5
S 0 3820 327 302  61.8 434 238 510 0 -
Pythia 1 47.21 28.2 30.6 62.2 434 237 49.3 -0.4
160M 3 63.70 24.7 30.5 619 448 229 51.3 0.1
5 66.30 25.3 304 62.6 434 231 50.8 -0.2
0 8.14 55.6 46.5 69.5 550 279 55.5 -
Mamba 1 9.74 49.8 459 69.3 574 265 54.6 -0.8
370M 3 10.89 48.5 46.2 69.6 58.7 28.5 53.6 1.0
5 11.36 48.5 46.2 69.4 583 28.0 56.0 1.3
S 0 1083 515 406 669 520 241 534 -
Pythia 1 12.26 47.1 40.5 68.0 53.8 256 52.4 1.8
410M 3 14.39 43.2 40.9 679 551 269 54.0 4.2
5 14.62 44.1 40.8 68.1 54.6 26.6 53.4 35
0 6.01 61.7 55.1 72.1 612 29.6 56.0 -
Mamba 1 7.06 56.2 54.5 72,5 633  30.1 56.9 14
790M 3 8.05 54.8 54.2 722 634 31.6 57.2 24
5 8.83 534 54.6 72,5 64.6 32.1 57.5 34
0 792 7 563 472 707 570 270 ¢ 534 0 -
Pythia 1 8.99 51.8 473 70.7 57.1 282 534 1.0
1B 3 10.48 48.2 47.5 712 59.2  28.0 54.3 22
5 10.86 48.4 473 714 58.7 284 53.1 1.9
0 5.04 65.0 59.1 742 655 329 58.6 -
Mamba 1 5.83 60.6 58.20 74.7 645 33.0 61.2 -0.5
1.4B 3 6.62 58.9 58.8 73.7 66.1 344 60.9 0.6
5 6.98 58.4 59.0 740 664 35.5 60.5 1.4
0 609 617 521 709 605 285 0 574 -
Pythia 1 6.96 56.3 52.1 714 62.0 295 57.5 1.4
1.4B 3 7.89 54.4 52.6 709 639 31.1 56.8 2.9
5 8.02 54.4 52.8 71.0 632 313 57.8 33
0 4.23 69.2 66.2 752 69.7 363 63.4 -
Mamba 1 5.01 63.9 65.7 755 69.8 372 63.7 0.6
2.8B 3 5.53 63.0 65.5 752 70.8 38.1 64.8 1.6
5 5.70 62.7 66.2 762 709 383 64.6 2.1
S 0 504 0 647 593 739 642 329 0 598 0 -
Pythia 1 5.66 60.9 59.4 73.8 66.8 34.8 59.0 1.7
2.8B 3 6.20 59.1 59.9 747 674 349 60.8 2.9
5 6.52 59.1 60.2 745 67.1 350 61.3 31
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State-space Models. Structured state-space sequence (S4) models [23, 14] are SSMs which leverage
linear time-invariant (LTI) systems to combine the computational advantages of Transformers—i.e.,
highly parallelizable training—and recurrent neural networks (RNNs)—i.e., subquadratic autoregressive
inference using recurrency. Within the S4 layer, an input signal is discretized and LTI parameters
representing the input’s latent dynamics are learned. Owing to the S4 block’s latent dynamics being
LTI, the S4 block’s output may be thus compactly represented as a single convolution between the
input and an SSM convolution kernel (a matrix whose entries are products of LTI learnable parameters
resulting from unrolling the state-space equations). However, despite hardware efficiency and
long-dependency-modeling improvements, LTI-based S4 models remained inferior to Transformers
of comparable parameter-sizes for natural language tasks, even when augmenting S4 layers with
attention-layers for hybrid architectures [22].

Innovating on these previous S4 approaches, Mamba utilizes time-varying parameters to model
latent dynamics, thus broadening the ability to capture nuanced changes evolving in discrete-time.
Without LTI dynamics, however, the input-output representation via the SSM convolution kernel is no
longer applicable, thus voiding previous hardware-aware S4 optimizations [14]. To enable hardware
efficiency with time-varying SSM parameters, [22] thus introduced extensively customized CUDA
kernels which implement highly parallelized prefix sums to compute recurrent states.

3 Mamba state-space models

For model dimension d and maximum input sequence length 7', the MambaBlock defines state-space
parameters A, B;, C;, A, € R4 for t € {1,...,T}. The matrix A, controls the discrete step-
size. Given an input sequence uy, ..., ur € R?, the following linear mapping through latent states
x1,...,x7 € R%is used to produce the output y 1, ..., yr € R%:

x = Ay + By e
y: = tht, )

where A; = softplus(Linear(A;)) € R4 A; = exp (A;A) and B; = A~}(A — I)B;. In
practice, A, B,, C; and A, are diagonal matrices.

Hardware-aware optimizations. As matrices B¢, C; and A, are time-varying, S4 optimizations via
the SSM convolution kernel [11] are no longer applicable. However, by diagonality, each dimension
may be computed in parallel. Furthermore, the recurrence along every dimension is a prefix sum (also
called a scan), which is highly parallelizable [7]. [15] thus capitalizes on this through extensively
customized CUDA kernels wherein the majority of temporal variables are carefully laid out in a large
buffer of GPU memory and manipulated. Instantiated as a PyTorch linear layer’s weight matrix, this
memory buffer W e R™*34 5 used to store and access the diagonal elements of B, C; and A, for
allt € {1,...,T}, such that

W[t —1,:d] =diag(A:), W[t —1,d : 2d] = diag(B;), W[t — 1,2d : 3d] = diag(C:), (3)
where W0, : d] = diag(A;), W[n —1,d : 2d] = diag(By), and so on.

The customized Mamba prefix scan kernel heavily relies on this memory layout to optimize the
access pattern of W in Equations 5 and 6.We note that, rather than adjusting Mamba’s low-level
CUDA kernels themselves to integrate LoORA within the highly optimized prefix scan, we can instead
directly target W. Doing so, we have the following, where the proof is available in Appendix A.

Theorem 1. Consider the weight matrix W of a MambaBlock from Equation 3. Targeting W for
LoRA during fine-tuning ties adaptation weights across By, Cy and A.

4 Stable dynamics in the MambaBlock

The Mamba foundation models were pretrained in full FP32 precision. Consequently, official Mamba
implementations have cautioned against fine-tuning or training in reduced precision [21, 29], with
potential sensitivities of MambaBlock recurrent dynamics remaining an open question. We answer
the latter using theory from dynamical systems. For Mamba’s discrete dynamic system in Equations 5
and 6, define

Ty = Fe(wtfhut), 4
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where 6 denotes the time-varying parameters described in Section 3. For input sequence uy, ..., urp
and initial latent state vector xy, we thus write

rr = FQ(FQ( .. FQ(IE(), ul))) = F’HTil(.’EO7 ul).
The rate of divergence between two scalar e-close inputs to a discrete dynamical system is bounded

by the system’s maximal Lyapunov exponent Apay [44]. Given Apay and two initial values (g, u;)
and (xg + £, u; + €), the maximum deviation between these points grows as [33, 50]:

ma‘X|FéN(w0’u1) - FGN(:BO +eur + €)| € (’)(Eexp (N/\max))'

Thus, when Ay > 0, nearby trajectories exponentially separate and, when Aoy < 0, nearby
trajectories ultimately converge to the same fixed point or periodic cycles.

The maximal Lyapunov exponent is defined as

1
)\max = i =1
e T 08

b

2

i
t=0 01
where |||, denotes the spectral norm for matrices. For an arbitrary MambaBlock, we prove the
following:

Theorem 2. Let (xi_1,u;) be the latent state and input at an arbitrary time t € {1,..., T} within a
MambaBlock. Then small changes (xy_1 + ¢, us +¢€) produce deviations which are exponentially non-
increasing over discrete-time. That is, max |F (zy—1,0;)—F}Y (x—1+€,us+¢)| € O(eexp (NQ)),
for some scalar ( < 0.

The proof of Theorem 2 is available in Appendix B, where the maximal Lyapunov exponent for an
arbitrary MambaBlock is first proven to be non-positive. The main result subsequently follows.

Consequences for automatic mixed-precision. During a forward pass, automatic mixed-precision
(AMP) saves time and memory by computing forward activations in half-precision (FP16 or BF16).
During a backward pass, AMP computes gradients in half-precision and up-casts to full-precision
prior to updating. In contrast to full-precision fine-tuning, MPFT within the MambaBlock thus results
in small differences to the inputs uy, ..., ur fed into the SSM scan (which are passed through a
SwiGLU), A, (which is passed through a softplus), and the gradients calculated during training.

For a discrete dynamical system with Ay > 0, changes due to AMP compound after repeated
expansion of the recurrent state, thus leading to exponential deviations between quantities calculated
using mixed- versus full-precision. We note that Transformers are not recurrent, and thus not
susceptible to such issues. Yet, just as differences introduced by quantization/mixed-precision produce
output differences in Transformer results, differences are expected in Mamba results using different
precision strategies. However, by Theorem 2, such differences do not exponentially compound over
discrete-time within the MambaBlock.

5 Related Work

Several recent works [45, 19, 30, 40] have studied Mamba’s ability to perform ICL. However, none
of these have extensively studied Mamba’s ICL capabilities either on standard NLP benchmarks or on
pure MambaBlock foundation models. In particular, foundational Mamba models’ ICL abilities were
tested in [45] to learn simple function classes (e.g., logistic regression and decision trees [17]) and in
[19] to learn non-standard NLP benchmarks (i.e., task vectors [25]). While [45, 19] report Mamba’s
ICL abilities rival SOTA Transformers, their utilized benchmarks were proposed as supplemental
ICL studies after Transformer LLMs’ success on standard NLP benchmarks [8]. Indeed, direct
evaluation of Mamba foundation models on standard NLP benchmarks does not lead to higher gains
over zero-shot performance relative to comparable Transformer LLMs (demonstrated in Table 1).

Lyapunov exponents have previously been considered for classic RNN structures (e.g., vanilla
RNNs, LSTMs, GRUs, PLRNN:S, etc.) [44, 56], to determine when sqch models exhibit chaotic
dynamics and the impact on the exploding/vanishing gradient phenomena”. For more recent S4 neural

“We note that this continues a long line of research exploring RNNs sensitivity to initial conditions and their
subsequent ability to produce chaotic output [47, 34, 3, 4], although previous work did not leverage Lyapunov
exponents.
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models, [18] used Hurwitz matrices to characterize the numerical stability of linear time-invariant
(LTT) S4 models. However, such analysis is not applicable to time-varying models, such as Mamba,
nor does it characterize the effects of sensitive dependence on initial conditions (e.g., divergence of
two ¢ close inputs). To the best of our knowledge, no previous works have used Lyapunov exponents
to explore the effects of mixed-precision on recurrent neural models or Mamba architectures.

As in [22], the majority of subsequent Mamba works have focused on pretraining MambaBlocks using
full precision [65, 62, 1, 40]. Notably, the official implementation of Jamba [40], the Transformer-
Mamba hybrid, supports mixed- and 8-bit precision, but avoids MambaBlocks when applying such
quantization [32]. Similarly, the official Mamba sources advise using full precision within the
MambaBlock [29, 21], cautioning against using mixed-precision due to potential recurrent sensitivities.
To the best of our knowledge, no existing works have either theoretically explored the effects small
input changes (e.g., due to mixed-precision) have on Mamba’s recurrent dynamics, empirically
explored such effects downstream impact on fine-tuning and inference, or explored pure Mamba
networks fine-tuning abilities relative to Transformer LLM:s.

6 Experiments

To demonstrate the implications of Theorem 2, we explore the performance difference between
running inference with full-precision pretrained weights and using mixed-precision (FP16 and BF16)
weights. Model performance is measured as percent accuracy using the MMLU [26] dataset.
The difference in model performance is reported as the mean divergence (i.e., absolute difference)
between the original full-precision and respective mixed-precision model, averaged over {0, 1, 3,
5}-shot percent accuracy. Thus, a divergence greater than one denotes an average difference
greater than one entire percentage of accuracy.

Mamba pretrained checkpoints are compared to pretrained Transformer models of similar parameter
counts and no more than ~300B total pretraining tokens (Pythia [5], OLMo [20] 336B-token
checkpoint, and Phi 1.5 [39]). We note that Pythia and Mamba models were both pretrained using
the same corpus [15], allowing the fairest comparison between SSMs and Transformers. To limit
extraneous numerical effects within experiments (e.g., due to parameter aggregation across multiple
GPUs), all models were run using a single GPU (Nvidia A10G, 24 GB total memory). All models
were evaluated using the LM evaluation harness from Eleuther Al [16]. Further experimental details
are available in Appendix C. The results are available in Table 2.

Table 2: Mean full-precision (FP32) divergence in MMLU performance for mixed-precision inference.
Divergence is averaged over {0, 1, 3, 5}-shot performance. Pretrained checkpoints are used for
Mamba (M), Pythia (P), OLMo [20], and Phi-1.5 [39] (Phi) models.

Model M P M P M P OLMo M P Phi M P
Size 130m 160m 370m 410m 790m 1b 1.4b 1.5b 2.8b

FPi6p  0.03 0.35 0.05 0.06 0.21 0.05 004 004 007 003 0.15 0.12
BF16 . 0.05 1.45 0.20 0.20 066 016 013 031 0.13 105 1.17 0.11

From Table 2, inferencing in Pythia using FP16 and BF16 result in an average 0.13 and 0.41 full-
precision divergence, respectively. Mamba displays similar averages in comparison: inferencing in
Mamba using FP16 and BF16 result in an average 0.10 and 0.48 divergence, respectively. Interestingly,
both SSM and Transformer architectures exhibit large divergence spikes—i.e., mean divergence greater
than a percentage point—when using BF16, which occurs once for Mamba and Phi 1.5 models and
twice for Pythia models. In the following, we show that such spikes may be mitigated for Mamba
SSMs by combining mixed-precision with parameter-efficient adapters during fine-tuning.

Non-divergent Mamba fine-tuning. We next explore the implications of Theorem 2 on fine-tuning,
wherein mixed-precision is especially critical; MPFT combined with PEFT adapters have been shown
to drastically reduce Transformer fine-tuning times [12]. We are thus interested in the divergence
between Mamba models fully fine-tuned (i.e., no adapters, all model weights are trained) in full-
precision and models fine-tuned using mixed-precision and/or PEFT adapters. We focus on utilizing
LoRA [28], which is arguably the most widely used PEFT framework for LLMs.
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Figure 1: Mean full-precision (FP32) divergence in MMLU performance for Mamba and Pythia
models. Models are fine-tuned over the Alpaca dataset [51] using different combinations of MPFT
and PEFT. Full fine-tuning (i.e., no PEFT adapters) is denoted as Full.

Using the Alpaca dataset [51], Mamba 160M, 410M, and 790M models are fine-tuned for three epochs
with a maximum sequence length of 512. We denote the targeting of all linear layers (ALL) for LoRA
as ALL LoRA, the targeting of a subset of linear layers (SLL) for LoRA as SLL LoRA, and no adapters
as Full (i.e., full fine-tuning). Both ALL and SLL LoRA adapt the large memory buffer described in
Theorem 1.

Each fine-tuning run occurred on a single A10G GPU. To further limit extraneous numerical effects,
the same batch size is used for all FP32, FP16, and BF16 experiments for a given model size. While
this leads to hardware underutilization (i.e., non-saturated GPU memory for mixed-precision and
LoRA experiments), this is necessary to guarantee no divergence is due to differences in parameter
update schedules. For comparison, Pythia 160M, 410M, and 1B models are fine-tuned using the
same experimental setup. The training recipe for all models was adapted from [53], with the
AdamW_torch optimizer and a cosine annealing schedule. Further experimental details are
available in Appendix C.

For each Mamba and Pythia model, Figure 1 shows the mean divergence calculated between the
respective FP32 Full and mixed-precision ALL/SLL LoRA fine-tuned models, averaged over {0, 1, 3,
5}-shot MMLU accuracy. Across mixed-precisions and adapter settings, Mamba displays comparable
divergences to Pythia models. E.g., for FP16, Mamba demonstrates an average divergence of 0.1,
compared to 0.14 for Pythia. Similarly, for BF16, Mamba demonstrates an average divergence
of 0.18, compared to 0.28 for Pythia. Importantly, Mamba models do not exhibit large deviation
spikes after fine-tuning (in contrast to Pythia models).

Hardware throughput and memory-utilization improvements. With comparable divergences
to Transformers and stable dynamics, we show that MPFT and PEFT may be used to significantly
increase GPU-training throughput for Mamba SSMs. To demonstrate such improvements, we utilize
the previous fine-tuning settings for the Alpaca dataset. However, we now adjust the batch size to
maximize throughput per MPFT and PEFT configuration.

For each MPFT and PEFT configuration, the average tokens-per-second (ATPS) is calculated as the
total tokens used for fine-tuning divided by total training time, and the maximum memory-per-token
(MMPT) is calculated as the maximum GPU memory utilization incurred (over the entire fine-tuning
run) divided by the total number of tokens in each mini-batch. Results are plotted in Figure 6.

Both throughput and memory utilization improve as the number of Mamba parameters increases
in Figure 6. Compared to the full-precision full fine-tuning of Mamba 790M (the largest model
supported by an A10G’s memory capacity), evaluated MPFT and PEFT combinations result in
an average 2.15 times more training tokens-per-second while reducing per-token memory
utilization by an average 62.7%. Across all model sizes, evaluated MPFT and PEFT combinations
result in an average 1.74 times more training tokens-per-second while reducing per-token memory
utilization by an average 47.2% compared to respective full-precision fine-tuned runs.

6.1 Fine-tuning narrows the ICL gap between Mamba and Transformers

We next explore how MPFT and PEFT affect Mamba ICL performance. All Mamba pretrained
models are instruction fine-tuned using ALL LoRA and the OpenHermes dataset [52] (which consists
of 242,000 supervised samples). We use the training recipe of [53], which includes BF16 utilization.
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Figure 2: Timing and memory usage calculated Mamba model-sizes and PEFT combinations. Each
model was trained using the Alpaca dataset [51] dataset for three epochs and maximum sequence
length 512. For each PEFT combination, the batch size was tuned to maximize GPU occupancy.

Performance is evaluated using the datasets from Table 1-HellaSwag [64], PIQA [6], Arc-E [9],
Arc-C [9], and WinoGrande [49]-and report the average improvement percentage of {1, 3, 5}-shot
versus 0-shot (AIPSS). For comparison, Pythia pretrained models are instruction fine-tuned using the
same training recipe and ALL LoRA (i.e., all Pythia linear layers are adapted).
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Figure 3: Fine-tuning narrows the ICL gap between Mamba and Pythia. ALL LoRA models were
instruction fine-tuned on the OpenHermes [52] dataset for one epoch. Performance is reported as the
average improvement percentage of {1, 3, 5}-shot versus 0-shot over five standard benchmarks.

Figure 3 displays AIPSS for pretrained and instruction fine-tuned Mamba and Pythia models. As
previously noted, pretrained Mamba models do not display similar ICL ability as comparable Pythia
models on the evaluated standard NLP benchmarks. In particular, Mamba 2.8B, the largest pretrained
Mamba model, displays inconsistent zero-shot improvements as the number of shots increase.
However, after fine-tuning, all Mamba models larger than Mamba 130M consistently improve in ICL
performance as the number of shots increase. Compared to Mamba pretrained models, which are only
capable of 38% of the AIPSS compared to similar pretrained Pythia models, fine-tuned ALL. LoRA
Mamba models are capable of 81.5% of the AIPSS compared to similarly fine-tuned Pythia models.

Fine-tuning robustness. We show that Mamba is robust to the choice of PEFT hyperparemters. We
conduct an extensive hyperparameter search across the learning rate, LoORA dimension, and number of
warmup steps. From the Cartesian-product of these three parameters, 150 hyperparameter configura-
tions were sampled and used to fine-tune Mamba 370M over the Openhermes dataset. For comparison,
Pythia 410M is similarly fine-tuned using the same set of 150 hyperparameter configurations.
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number of warmup steps € {0, 1k, 2k}.

The MMLU 5-shot performance for each of the 150 Mamba and Pythia fine-tuned models is displayed
in6.1. Pythia 410Mis capable of higher performance than Mamba 370M, where the average accuracy
for the former and the latter are 26.5% and 24.8%, respectively. However, Mamba 370M is much more
robust to the choice of hyperparameters, with a difference of 1.5% between the minimum (23.3%)
and maximum (24.8%). In contrast, Pythia 410M fine-tuned models display a large performance
difference of 4.7% between the minimum (22.9%) and maximum (27.6%).

7 Discussion

We’ve extensively explored Mamba’s downstream learning capabilities. Using dynamical systems
theory, we’ve shown that Mamba’s recurrent dynamics are robust to small input perturbations (contrary
to the current understanding of Mamba’s recurrent sensitivities). We’ve extensively confirmed this
result, showing that: a) Mamba inference is robust to changes due to mixed-precision, (b) Mamba
inference differences due to mixed-precision align with Transformers, (c) Mamba fine-tuning is robust
to changes due to mixed-precision and PEFT, and (d) differences in downstream performance for
Mamba due to MPFT and PEFT can be more robust than Transformers. Using both MPFT and PEFT,
we’ve shown that instruction fine-tuning Mamba SSMs greatly narrows the previously observed ICL
gap, going from only 38% (post pretraining) up to 81.5% (post fine-tuning) of the ICL abilities of
similar Transformers. Furthermore, we’ve shown that combining MPFT and PEFT can more than
halve training time and nearly triple memory efficiency for Mamba models.

There are significant avenues for future work. In particular, adapting Mamba’s CUDA kernels to
support more aggressive low-precision PEFT methods [12] would further decrease the hardware
needed to train Mamba models, while providing additional speedups. Furthermore, while the largest
pure Mamba model contains 2.8B parameters, the training speedups and improved memory utilization
described herein may be applied to more efficiently pretrain larger pure Mamba SSMs (e.g., 7B
parameters and greater), where Mamba models may better manifest emergent abilities previously
displayed by Transformers (or even manifest previously unobserved abilities).

Limitations. While we explored the use of LoORA for Mamba models, many other PEFT adapters
exist [41, 38, 27, 35]. Furthermore, while mixed-precision using FP16 and BF16 were explored,
lower-precision methods exist [12] (which may be enabled by adapting Mamba’s highly customized
CUDA kernels). Both are interesting directions for future work. Finally, our timing and memory
usage experiments using Alpaca did not consider the largest two Mamba models (1.4B and 2.8B) due
to their exceeding A10G memory capacity for FP32 full fine-tuning.

Broader Impact. The Mamba models considered are all LLMs, and thus have the same potential
positive and negative societal impacts as other LLMs (e.g., hallucinations). Furthermore, fine-tuning
is known to possibly erode existing LLM guardrails, and thus our methods may be adapted for this
fine-tuning use case (as is the case for all PEFT and MPFT methods). However, our work improves the
quality of Mamba models for downstream applications, which may be adapted for all positive LLM
applications in society (e.g., personal assistants, task automation, code completion, etc.). Finally, our
work decreases the computational constraints required to train and inference Mamba SSMs, which
has implications for green ML (e.g., decreased CO2 emissions, positive climate change impact, etc.).
410 GPU days were used to produce the results for this paper.
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A Proof of weight-tying using LoRA in the MambaBlock

Due to the low-level nature of Mamba’s prefix scan optimizations (discussed in Section 3), standard
use of LoRA adapters is made difficult within Mamba’s SSM-layer. E.g., while By, C; and A, are
conceptually PyTorch linear layers, their bundling in a contiguous memory block and careful manip-
ulation makes appending a LoRA adapter on any of these invidiual matrices non-trivial (particularly,
while respecting the highly specialized layout of each LoRA adapters targeted layer). However, we
note that the overall design of the MambaBlock’s hardware optimizations may be leveraged to both
efficiently learn the parameter-space for the majority of time-varying parameters (thus achieving
PEFT) and regularize parameters during training (thus improving fine-tuning generalization).

Theorem 1. Consider the weight matrix W of a MambaBlock from Equation 3. Targeting W for
LoRA during fine-tuning ties adaptation weights across By, Cy and A;.
Proof. Let r be the specified LoORA dimension. Targeting this matrix for LoRA results in the adapter
W =W + W’
=W + UV,

where U € R"*", V € R"*34_and W is frozen during fine-tuning. Thus, for index [, 5],
r—1
W[i,j] = > Uli, K]V, j].
k=0
Recall the form of W

Wt —1,:d] = diag(A;), W[t — 1,d : 2d] = diag(B;), W[t — 1,2d : 3d] = diag(C,),

where W0, : d| = diag(A1), W[n —1,d: 2d] = diag(Br), and so on. For index [t — 1, j], we
thus have

Wt —1,7] =W][t—1,5] + W[t — 1,7]

—WI[t—1,5] + i U[t — 1, k]VI[k, j.

Thus, the weights U[t — 1, :] are tied for any parameter W[t — 1, ], € {1,..., 3d}, which are used
to adapt parameters A, By, and C;.
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B Mamba stable dynamics proof

Recall the state-space parameters and equations for the MambaBlock; A, B;, C;, A; € R%*4 for

t € {1,...,n} = [n]. Given an input sequence uy,...,u, € R, the following linear mapping
through latent states 1, . .., x,, € R is used to produce the output y, ..., y, € R%
T = A1 + Brug )
yt = Cixy, (6)

where A; = softplus(Linear(A;)) € %4, A; = exp (A;A), B; = A~'(A —I)B;, and is the
set of non-negative real numbers. In practice, A, By, C; and A, are diagonal matrices.
Furthermore, recall the following definitions:
xy = Fp(Tr-1,u4)
where 6 denotes the aforementioned time-varying parameters. For input sequence uy, . .., ur and
initial latent state value xq, we thus write
xr = Fy(Fy(... Fp(zo,u1))) = F) ' (xo, uy).

We first prove that, given two scalar e-close inputs to a MambaBlock, their deviations do not grow
exponentially as the number of recurrences increases (Lemma 1). The main result in the paper is
subsequently proved.

Lemma 1. For input (x,uy) to a MambaBlock, small changes (xo + €, 1y + €) produce deviations
which are exponentially non-increasing over discrete-time. That is, max |F9N (o, uy) — FQN (o +
g,uy +¢)| € O(eexp (NQ)), for some scalar ¢ < 0.

Proof. Firstly, we note that within the MambaBlock, A is stored in log-space followed by a negative
exponentiation prior to use. Thus, A € ¥*?, where is the set of non-positive real numbers.
Recall that for the maximum deviation, we have:
N N
max |Fy' (zo,w1) — Fy' (xg + ,u;1 + £)| € O(c exp (N Apax))-
where the maximal Lyapunov exponent A,y is defined as:

)\max = ’lll—rgc Bl IOg

2
and ||, denotes the spectral norm for matrices.

Thus, to complete the proof, it suffices to show that A, < 0. Recall that A and A, are diagonal.
From Equation 5, we thus have

1 afl:t
Apax = lim ?log H

T—0

T
= lim —log Hexp (AA)

T—o T =0 )
1 &
= Th_rgcflog exp;)(AtA) 2

Let ¢ be the dimension which corresponds to the output of the spectral norm, ie., i =
argmax;_; {exp X1 (A[j, j]A[j, j1)}. We thus have

T—owo T

T
o1 x
>\max = Tl‘gnoo T log eXptZO(AtA) .
T
= lim —logex Z Ali,i])

T
Ali, 1] ll_rgo—ZAtzz

t=0
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A[i, ] is non-positive and lim7_,o, 7 Ztho A[i,i] = 0, since Ay[i,i] € Vt. Thus, A\pay < 0. O

Theorem 2. Let (x:_1,u;) be the latent state and input at an arbitrary time t € [1,T] within a
MambaBlock. Then small changes (xi—1 + £, u; + €) produce deviations which are exponentially
decreasing over discrete-time, i.e., max |FY (zo,u1) — F¥ (zo + €,u1 + ¢)| € O(cexp (N()), for
some scalar ¢ < 0.

Proof. Let 7(t) be a function that maps time values such that 7(¢) € [1,7 —t] and 7(¢) = 1, 7(t +
1) =2,...,7(t +T) = T —t. Then B, (;), Cr(4), A (y) define a new MambaBlock with inputs
Ur(s); - -+ Ur(e4r) and subsequent recurrent states .y, . . -, L, (¢+7)- Applying Lemma 1 to this
MambaBlock with (2 ()1, Uy (1)) completes the proof. O

C Experimental Details

All model checkpoints were evaluated on all benchmarks and few-shot settings using the LM
evaluation harness from Eleuther Al [16], version 0.4.2. Pythia and Mamba Huggingface check-
points were used for all inference and fine-tuning experiments, e.g., EleutherAI/pythia-160m
and state-spaces/mamba-130m-hf for the smallest respective models. All fine-tuning experi-
ments were run using package versions Transformers 4.40.0.dev0, Accelerate 0.28.0, TRL
0.8.1, PyTorch 2.2.1+cul21, and PEFT 0.10.0.

For MPFT, Flash Attention 2.0 [10] via flash_attn 2.5.7 was used for Pythia mod-
els. For FP16 and BF16 inference results, Flash Attention 2.0 was used for both Pythia
and OLMo models. For OLMo results, the 336B-token checkpoint was used by specifying
revision=step80000-tokens336B.

Outside of the OpenHermes hyperparameter search, all Alpaca and OpenHermes fine-tuning exper-
iments used the following training recipe (adapted from [53]): AdamW_torch optimizer, cosine
annealing schedule, no gradient accumulation, maximum norm of 1.0 for gradient clipping, and no
warmup steps. Training epochs used for all Alpaca and OpenHermes experiments were three and
one, respectively. For both Pythia and Mamba models, the learning rate and LoRA dimension r were
scaled to improve performance of smaller models (per-model values listed in Table 3).

For SLL LoRA, targeted Mamba layers were {x_proj, embeddings, in_proj, out_proj};

x_proj is the large MambaBlock memory buffer which, when targeted
by LoRA, regularizes the majority of SSM parameters during fine-tuning
through weight tying (Theorem 1). Pythia targeted SLL LoRA layers were

{dense, embed_in, query_key_value, dense_h_to_4h, dense_4h_to_h}, chosen to
balance performance across model sizes.

All experiments in Tables 1 and 2, Figures 1 and 6 were run using a signle-GPU Nvidia A10G (24
GB total memory). For Pythia and Mamba ALL LoRA experiments in Figure 3, all experiments were
run on an A10G, except for Mamba 2.8B, which exceeded A10G memory capacity and was run on
an Nvidia H100 (80 GB total memory).

Table 3: Learning rate and LoRA dimension r values

Mamba size Pythia size learning rate LoRA r

130M 160M 1.0e-5 8

370M 410M 5.0e-5 16
T790M 1B 1.0e-6 32
1.4B 1.4B 5.0e-6 64
2.8B 2.8B 5.0e-7 128

For the hyperparameter search results in Figure 6.1, all experiments were run using 8 H100 GPUs.
SLL LoRA was used for Mamba and Pythia models. The range of hyperparameter values was as
follows:

* learning rate € {le — 7,2e — 7,5¢ — 7,1e — 6,2e — 6,5e — 6,1le — 5,2e — 5,5e — 5, le —
4,2¢ —4,5e — 4,1e — 3,2¢ — 3,5¢ — 3}
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* LoRA dimension r € {16, 32, 64,128,256}
 warmup steps € {0, 1000, 2000}

All other hyperparameters followed previous experiments.

The Alpaca dataset is freely available for download at ttps://huggingface.co/datasets/
tatsu-lab/alpaca under open-source license CC-by-NC 4.0. The OpenHermes dataset is freely
available for download at https://huggingface.co/datasets/teknium/OpenHermes-2.5 un-
der open-source license MIT, Apache 2.0, CC.
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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: All claims made in the abstract and introduction are directly derived from
theoretical and experimental results presented in the main paper.

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: Limitations of experimental results are described in the limitations section,
under Discussion.

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: [Yes]

Justification: All theoretical results list any underlying assumptions in the main text and full
proofs are available in the supplementary.

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: Relevant experimental results are detailed in the main text, with extensive
details for all experiments further elaborated upon in the supplementary.

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.

5. Open access to data and code
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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: While we currently answer no, and provide enough detail to reproduce our
experiments, we are actively working towards packaging our code for release. All datasets
are already open source, with licenses listed in the supplementary material.

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: All datasets are open source, and all experimental hyperparameters are specified
in the paper. All results are fully reproducible with these details.

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 statistical significance.
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).

* 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 details (at length) the hardware requirements necessary to run each
experiment. Environmental requirements are available as experimental details both in the
main text and supplementary.

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 work detailed in the paper conforms to all aspect of the NeurIPS Code of
Ethics.

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: [Yes]
Justification: The societal impact of this work is addressed in the Discussion section.

Guidelines:
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11.

12.

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

o 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:
Justification: The work does not aim to release pretrained models or datasets.
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: Extensive lengths were made to cite all original authors for any and all utilized
code/data/work.

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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13.

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?

Answer: [NA]

Justification: The paper currently does not release source code. However, as previously
mentioned, we are actively working to remedy this.

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: [TODO]
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: [TODO]
Guidelines:

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

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

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