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Abstract

Long-context supervised fine-tuning (Long-SFT) plays a vital role in enhancing
the performance of large language models (LLMs) on long-context tasks. To
smoothly adapt LLMs to long-context scenarios, this process typically entails
training on mixed datasets containing both long and short sequences. However, this
heterogeneous sequence length distribution poses significant challenges for existing
training systems, as they fail to simultaneously achieve high training efficiency
for both long and short sequences, resulting in sub-optimal end-to-end system
performance in Long-SFT. In this paper, we present a novel perspective on data
scheduling to address the challenges posed by the heterogeneous data distributions
in Long-SFT. We propose Skrull, a dynamic data scheduler specifically designed
for efficient long-SFT. Through dynamic data scheduling, Skrull balances the
computation requirements of long and short sequences, improving overall training
efficiency. Furthermore, we formulate the scheduling process as a joint optimization
problem and thoroughly analyze the trade-offs involved. Based on those analysis,
Skrull employs a lightweight scheduling algorithm to achieve near-zero cost online
scheduling in Long-SFT. Finally, we implement Skrull upon DeepSpeed, a state-
of-the-art distributed training system for LLMs. Experimental results demonstrate
that Skrull outperforms DeepSpeed by 3.76x on average (up to 7.54x) in real-world
long-SFT scenarios.

1 Introduction

Long-context capabilities are important for large language models (LLMs) to handle various tasks
such as long document summarization, question answering, multi-turn dialogue and code generation.
Mainstream LLMs such as Llama [21, 10], Qwen [19] and GPT-4 [18] can support the context
window of up to 128K tokens. Google’s Gemini [9] can even achieve up to 1M tokens per context
window. Typically, additional training phases like long-context supervised fine-tuning (Long-SFT) as
well as long-context continue pre-training (Long-CPT) are employed to extend the context length.
For example, Llama3 [10] is fine-tuned with 99.89% short sequence (averaging under 1K tokens) and
0.11% long sequence (averaging around 37K tokens). Qwen2.5-Turbo [19] gradually extends context
length by training on 40% long sequences and 60% short sequences. Training on those meticulous
gathered datasets enables smoothly adaptation of LLMs to longer context while still maintaining the
performance on short context tasks.

However, this heterogeneous data distribution in Long-SFT poses significant challenges for existing
distributed LLM training frameworks [14, 20, 15], exhibiting sub-optimal efficiency. For instance,
the heterogeneous data distribution poses a dilemma for parallelism and memory-reduction strategies.
Specifically, long sequences necessitate context parallelism and other memory-reduction approaches
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due to their tremendous memory requirements. However, those approaches compromise the training
efficiency for short ones due to the overheads like unnecessary communication and GPU under-
utilization. Moreover, the wide sequence length distribution in long-SFT worsen the mismatch of
computation characteristics in Attention module, which exhibit quadratic computational complexity
and linear memory consumption [7, 6], leading to another dilemma for load balance problem.

To tackle the above challenges, we propose Skrull, a dynamic data scheduler dedicated for Long-SFT
scenarios. Skrull efficiently handle the unique data distributions in Long-SFT scenario through two
main components: Distributed-Aware Context Parallelism (DACP) and Global Data Scheduling
(GDS). DACP selectively shards sequences and schedules them across different workers to minimize
the performance degradation while maintains the ability of handling long sequence. GDS enlarge the
scope of scheduling and improve the GPU utilization during training. The two components collaborate
with each other at different scheduling granularities. Furthermore, to achieve the optimal performance,
we formulate the scheduling process as a joint optimization problem and design a lightweight heuristic
algorithm to solve it at runtime. Experimental results demonstrate that Skrull improves the end-to-end
training performance by 3.76x on average (up to 7.54x) compared to DeepSpeed, a state-of-the-art
distributed LLM training framework.

Our key contributions are summarized as follows:

• We provide a new perspective of data scheduling to address the heterogeneous sequence
length distribution.

• We propose a new context parallelism called DACP based on fine-grained data scheduling,
which maintaining both the processing capabilities for long sequences and efficiency for
short sequences, enabling efficient training on heterogeneous data distribution in long-SFT
scenario.

• We implement coarse-grained global data scheduling (GDS) and further formulate GDS and
DACP as a joint optimization problem through performance modeling.

• We design a lightweight heuristic algorithm and achieve performance gains by 3.76x on
average (with a peak improvement of 7.54×) in real-world datasets.

2 Preliminaries

Data Parallelism (DP). Data parallelism [15, 24, 20] partitions the training samples to multiple
workers and each worker maintains a complete model weight replica. In each iteration, all workers
process a subset of global batch independently and then synchronize the gradients across all DP ranks.
However, due to the inherent synchronization semantic in DP, the load balance becomes a noticeable
problem, especially in long context scenarios.

Context Parallelism (CP). Context parallelism partitions the input tensor along the sequence
length dimension and distributes it to multiple workers [12, 16, 10]. CP is emerging as an inevitable
parallel strategy when handling long context. In the Transformer architecture, the primary challenge
of CP stems from the parallelization of Attention module because each tokens needs to attend to
other tokens in the sequence. Consequently, the communication in CP is inevitable. Notably, DACP,
proposed in this paper, leverages data scheduling to minimize the overheads caused by CP and is
orthogonal to specific CP implementations.

3 Observation

3.1 Heterogeneous Sequence Length Distribution

As shown in Figure 1a, we observe pronounced variance in the sequence length distribution across
real-world Long-SFT datasets, including Wikipedia [2], LMsysChat1M [25] and ChatQA2-Long-SFT
[1]. Among them, the sequence length distribution of ChatQA2-long-SFT exhibits a bimodal pattern,
where the proportions of long and short sequences are nearly equal. Specifically, approximately
40% of sequences are shorter than 8K tokens, while the remaining 60% exceed this threshold.
As comparison, long-tail distributions represent another typical pattern in Long-SFT datasets. In
Llama3’s internally collected Long-SFT datasets [10], we find that 99.89% of sequences are under 1K
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tokens on average, while the remaining 0.11% are approximately 37K tokens, showcasing extremely
skewed long-tail distribution. Due to data accessibility constraints, we plot the sequence length
distribution of Wikipedia and LMsysChat1M in Figure 1a, which have the identical feature with
Llama3’s Long-SFT dataset. Table 1 lists the portions under different lengths thresholds for these
three datasets, highlighting the heterogeneous sequence length distribution in Long-SFT.
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Figure 1: Sequence length distribution on different datasets, and corresponding performance impact.

Table 1: Percentage of sequence length in real-world datasets.
Dataset <1K <4K <8k <32K <128K Longest
Wikipedia 87.88% 99.34% 99.92% 99.99% 100.0% 78K
LMsysChat1M 87.12% 99.35% 99.87% 99.98% 99.99% 1643K
ChatQA2-Long-SFT 21.92% 31.48% 40.43% 99.86% 100.0% 99K

3.2 Performance Degradations for Short Sequences

In this section, we discuss our observation on the performance degradations and GPU under-utilization
for short sequences in Long-SFT training. During the training process, the context parallelism degree
and other memory reduction strategies such as gradient accumulation are set to accommodate the
longest sequence in datasets to avoid out-of-memory errors (OOMs). However, these training settings
degrade their performance for the shorter sequences, which make up the majority in Long-SFT
datasets. As shown in Figure 1b, we test the performance of Attention module [6] under different
CP degrees. Results demonstrate, especially for the short sequences, higher CP degree exacerbates
kernel execution efficiency. Additionally, context parallelism also brings unnecessary communication
overhead to short sequences. Also, the memory reduction strategies tailored to long sequence lead to
low GPU memory utilization for the most time.

4 Skrull

We introduce design of Skrull and the efficient implementation for online Long-SFT training in this
section. Figure 2 illustrates the workflow of Skrull. From the perspective of data scheduling, Skrull
consists of two parts: (i) Global data scheduling (GDS): For every iteration, Skrull takes the global
batch as input and employs coarse-grained scheduling to generate the optimal micro-batches for each
DP ranks. (ii) Distributed-aware Context Parallelism (DACP): Taking the micro-batch produced in
GDS, Skrull further employs finer-grained scheduling to selectively distribute the sequences and
assign them to different CP workers. For the convenience of formulation, we sequentially introduce
DACP in Section 4.1, GDS in Section 4.2 and the efficient implementations in Section 4.3.
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Figure 2: Workflow of Skrull. (a) Offline profiling: Given model and training settings, it provides
performance estimation for data scheduling. (b) GDS: produce optimal batching strategies for DACP.
(c) DACP: dynamically scheduling data to specific hardware with balanced workload and minimum
overheads. (d) Performance gains of DACP: it shows how the reduced communication volumn and
overlapping improve the performance.

4.1 Distributed-aware Context Parallelism

To simultaneously achieve high efficiency for all the sequences, we propose distributed-aware context
parallelism (DACP). As shown in Figure 2(c), DACP dynamically determines whether to distribute
the sequences to avoid unnecessary overheads or not. On the one hand, DACP preserves the original
context parallel settings to maintain the ability of handling long sequences. On the other hand, DACP
selectively schedules short sequences entirely within a single device to minimize the degradation.
Therefore, based on distinct computational characteristics, DACP classifies sequences into two
categories: (i) distributed sequences requiring context parallelism, and (ii) local sequences needing
efficient processing and intended to reside entirely within a single device. Notably, these sequences
are still processed within a shared CP group without increasing the number of GPUs used for training.
Furthermore, as illustrated in Figure 2(d), DACP brings an additional opportunity to overlap the
communication of distributed sequences and the computation of local sequences in Attention
module due to the inherent independence between distributed and local sequences.

However, the scheduling process presents significant challenges. First, inappropriate sequence
classification may lead to out-of-memory errors (OOMs). Second, the local sequences are varying
in length and pose load imbalance issue across CP ranks. To fully explore the relationship between
scheduling plans and performance gains, we first analyze the computation and memory features in
Appendix C. Through offline profiling, we model the computation (see in Appendix C.2) by FLOPs
function and latency estimation function Tcomp. Additionally, we map the sequence length to the
memory consumption and derive the BucketSize C which indicates the capacity of total sequence
length per ranks. The BucketSize C plays a vital role in measuring the memory constrain during
Skrull’s scheduling. More details are listed in Appendix C.1. Similarly, we model communication
volume function V olume and latency function Tcomm, as detailed in Appendix C.3. Finally, we
formulate the scheduling process as an optimization problem as follows. The frequently used notions
are listed in Table 2.

DACP Formulation. We first define the sequence classification array D ∈ {0, 1}K ( 0 for local
sequence and 1 for distributed sequence) and local sequence assignment matrix P ∈ {0, 1}K×N ( 1
for assignment and 0 for not). For example, Dk = 1 indicates that the k− th sequence with length of
Sk is scheduled to be computed in a distributed manner. Similarly, Pkj = 1 indicates that the k − th
sequence is assigned to device j, implying Dk = 0. Given a micro-batch comprising K sequences
with lengths Sk (k = (0, . . . ,K − 1)), BucketSize C and CP degree N , the scheduling process of
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Table 2: Symbols used in this paper.

Symbol Description Symbol Description

Sk Length of the k-th sequence in a batch. C BucketSize per rank.
Dk Distribute k-th sequence or not. Pkj Assign k-th sequence to CP rank j
N CP degrees. FLOPs FLOPs estimation function.
Tcomp Computation cost estimation. Tcomm Communication cost estimation.
Bkij Assign k-th sequence to i− th DP rank

and j − th micro-batch.
ws DP degree

V olume Communication volume count function.

DACP can be formulated as follows:
Objective min

arg
TDACP = min

arg
max

j
(Timej) (1)

Subject to
Timej = max (Tcomm (V) , Tcomp (Localj)) + Tcomp (Dist) , ∀j (2)

Localj =
∑
k

FLOPs (Pkj · Sk) , ∀j (3)

Dist =
1

N

∑
k

FLOPs (Dk · Sk) (4)

V = Volume(
∑
k

Dk · Sk) (5)∑
j

Pkj +Dk = 1, ∀k (6)

∑
k

Sk · Pkj +
Dk · Sk

N
≤ C, ∀j (7)

Here, our optimization goal is to find the optimal D and P to minimize TDACP , which represents the
total duration in one micro-batch. As shown in Equation 1, TDACP is determined by the maximum
execution time Timej across all CP ranks j. Specifically, as described in Equation 2, Timej consists
of two components: (1) the overlapping term, defined as the maximum of the communication time
Tcomm(V) and the computation time Tcomp(Localj) for local sequences, and (2) the computation
time Tcomp(Dist) for distributed sequences. Here, Tcomm depends on the communication volume
V, as modeled in Equation 5. Similarly, Tcomp utilizes the results from Equations 3 and 4, which
compute the FLOPs for local sequences on CP rank j and distributed sequences, respectively. Finally,
Equation 6 ensures the completeness of data scheduling, while Equation 7 enforces the memory
constraint.

4.2 Global Data Scheduling

Section 4.1 discusses the data scheduling in the scope of micro-batch. However, only relying on
scheduling in DACP is insufficient. The reasons are as follows.

First, the heterogeneous sequence length distribution also leads the to severe load imbalance across
different micro-batches, resulting in the sub-optimal training efficiency in Long-SFT scenarios.
Second, to achieve maximum performance gains in DACP, meticulous micro-batching strategy is
essential. For example, pairing long and short sequences with appropriate memory pressure can
expand the valid scheduling space for DACP. Specifically, micro-batches with large total sequence
lengths increase the risk of OOMs and limit the optimizations in DACP, such as selective sharding. In
contrast, micro-batches with small total sequence lengths introduce GPU under-utilization, degrading
the end-to-end performance. Therefore, as shown in Figure 2(b), Skrull employs Global Data
Scheduling (GDS), which derives the optimal micro-batching strategy from the global batch. We
limit the scheduling scope to the global batch because it represents the maximum scope that maintains
mathematical equivalence for mainstream optimizers such as Adam [13] and AdamW [17].

Joint Formulation We re-formulate the scheduling process as a joint optimization problem that
integrates both DACP and GDS. We first define the batching matrix Bkij ∈ {0, 1}K×N , which
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indicates whether the k-th sequence is scheduled into the j-th micro-batch of DP rank i. Given a
global batch B consisting of K sequences with lengths Sk, we re-formulate the scheduling process
as follows:

Objective min
arg

max
i

(
∑
j

T imeij) (8)

Subject to ∑
ij

Bkij = 1, ∀k (9)

∑
ki

Bkij ∗ Sk ≤ C ∗N, ∀j (10)

Timeij = TDACP (Bkij ∗ Sk) , ∀k (11)

Here, TDACP represents the function in Equation 1. Equation 9 ensures all sequences are assigned
exactly once. The memory constraint in Equation 10 prevents the OOMs while the Timeij shown in
Equation 11 provides cost estimations for each micro-batch using DACP formulation in Equation 1.
As shown in Equation 8, the total execution duration per iteration is determined by the DP rank with
the longest cumulative execution time across its micro-batches.

Overall, the optimization target is to the minimize the total execution time per iteration by deducing
the optimal scheduling plan, which is represented by a combination of Bkij , Dk and Pkj .

4.3 Efficient Online Scheduling

Although some solvers like [4] can derive the optimal scheduling plan, its long solving time makes it
impractical for scheduling during runtime. To achieve online scheduling during Long-SFT, we resort
to design lightweight heuristic scheduling algorithm. Notably, our scheduling algorithm is integrated
into the DataLoader and introduces near-zero overhead to the training process.

4.3.1 Memory vs. Computation: Trade-off Analysis

Memory and Computation are the key factors related to the performance, as shown in the formula-
tions of scheduling. We should achieve optimal performance while not violating memory constraint,
presenting a trade-off. Therefore, we first analyze the trade-off between Computation and Mem-
ory when deducing the scheduling strategies, highlighting the considerations when designing the
scheduling algorithms.

Sequence classification: deduce the array D. We analyze the sequence classification (array D
in Section 4.1). From the perspective of Computation, D impacts the communication volume and
computation of sharded sequences (Equation 5 and 4). More sharded sequences will incur more
performance degradation, which comes from both communication overhead and kernel execution
(refer to Section 3.2). However, from the perspective of Memory, more distributed sequences will
bring more balanced memory consumption (Equation 7), which can lower the risk of OOMs, as the
remaining local sequences with varying lengths are hard to be assigned evenly. Besides, although the
overlapping in DACP can alleviate the performance degradation problem to some extent (Equation 2),
it is still non-trivial to decide the optimal classification array D.

Local sequence assignment: deduce the matrix P . Then, we analyze local sequence assignment,
which is represented by P . From the perspective of Computation, P impacts the Equation 3,
which implies the computation workload in each CP ranks, thus affects the load balance. The ideal
situation is to balance the local sequences for computation balance among CP ranks.However, from
the perspective of Memory, the scheduling which balances the computation leads to the unbalance of
memory consumption, which increases the risk of OOMs.

Unfortunately, we cannot balance the computation and memory at the same time. The reason is
that, after applying FlashAttention [7, 6], the correlation between computation complexity and and
sequence length (n) is O(n2), however, the correlation between memory is O(n). Moreover, with the
sequence length increasing, the portion of Attention module gradually dominates the computation
load, making it more difficult to balance the computation and memory. Worse still, the model
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configuration (e.g., KV heads, hidden size) also impacts. Due to the limited page, we list the details
in Appendix C.

Therefore, we need to carefully deal with the memory footprint balance and the computation com-
plexity balance and we design the following heuristics.

4.3.2 Heuristics

Scheduling Algorithm of DACP. We first summarize three principles of algorithm design in
DACP. (i) Avoid sharding: We strive to avoid sequence sharding and assume that all sequences
will be handled locally first. (ii) Prioritize computation: We prioritize balancing computation over
memory to achieve better performance. (iii) Roll-back mechanism: We continuously monitor the
estimated memory consumption and revert decisions when necessary. The roll-back mechanism
guarantees the memory constrains outlined in Equation 7 and Equation 10, while enabling more
aggressive scheduling attempts based on (i) and (ii). Our heuristic for DACP is listed in Algorithm 1.
Given a micro-batch containing K sequences with lengths S[K] and a predefined BucketSize C,
the algorithm outputs the sequence classification and assignment results in the form of an array
ret. In this array, a value of -1 at the i-th position indicates that the i-th sequence is to be sharded,
while a value v = (0, . . . , ws− 1) indicates that the i-th sequence is assigned to CP rank v entirely.
To better balance computation while ensuring memory constrains, we maintain two arrays during
DACP scheduling: RemainBucket RB and Loads L, which represent the current memory budget and
computation load, respectively. We first sort the sequences in ascending order. For the each sequence,
we sequentially assign it to the bucket (as well as CP rank) with minimum L to avoid sharding and
prioritize balancing computation (line 6-8). If the bucket cannot accommodate the sequence, we
attempt to assign it to the bucket with the maximum RB to avoid sharding (line 10-12). If both
attempts fail, we classify the sequence as a distributed sequence and attempt to shard it (line 14-16).
However, if the bucket with minimum of RB cannot handle the sub-sequence after sharding, this
indicates that the earlier process incorrectly classified inappropriate sequences as local sequences
within this bucket. To address this, we employ a roll-back mechanism (line 18 and Appendix B.1).
This mechanism identifies a local sequence in the bucket, shards it to reduce memory pressure, and
resumes the assignment process. If the roll-back fails due to the absence of local sequences in the
bucket, we return a DACP scheduling error. In such cases, GDS will also revert the batching plan (see
the Section 4.3.2). Notably, every assignment updates RB and L through the predefined functions
UpdateLocal and UpdateAll. The details of these functions including RollBack are further elaborated
in Appendix B.1.

Scheduling Algorithm of GDS. Algorithm 2 demonstrates the heuristic scheduling algorithm of
GDS. Given a global batch containing K sequences with lengths S[K], DP world size ws and DP rank
dp_rank, the algorithm returns the scheduling result mbs, which consists of multiple micro-batches
as inputs for Algorithm 1. We summarize three principles in our algorithm design. (i) Prioritize
computation: We prioritize balancing computation across DP workers. To achieve this, we estimate
the FLOPs (Appendix C.2) and employ a bin-packing algorithm to balance computational workloads
at a coarse granularity (line 1). (ii) Pair long and short sequences: We sort the sequences within
each DP rank and batch them in an interleaved manner (line 7). This approach ensures that long
sequences are assigned more evenly across micro-batches. Additionally, each micro-batch contains
several short sequences, enhancing both task overlapping and load balancing. (iii) Improve memory
utilization: We estimate the total memory requirements and try to improve the concurrency with
less number of micro-batches. Thanks to the roll-back mechanism (line 8), this method maximizes
memory utilization while not increase the risk of OOMs. As shown in line 5, we gradually increase
the number of micro-batches if the scheduling fails and requires a roll-back.

5 Evaluation

Experimental Setup. We conduct experiments using a testbed consisting of 4 nodes interconnected
via a high-performance InfiniBand network, with each node equipped with 8 Nvidia H100 GPUs
connected via 900GB/s NVLink. Then, We implement Skrull on top of DeepSpeed, a state-of-the-art
distributed LLM training system and enable Zero-2 optimization as our baseline. Additionally, we
implement sorted batching method in LongAlign [3] for more comparison, which sort the dataset
by sequence length and select random consecutive groups for each batch to improve the long-SFT
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Algorithm 1 Heuristic scheduling algorithm of DACP

Require: SeqNum K, SeqLens S[K], BucketSize C, CP degree N
Ensure: Scheduling Result ret[K]
1: Sort(SeqLens, ascending=True)
2: for i = 0 to N − 1 do
3: RB[i]←C,L[i]←0 ▷ Initialization
4: end for
5: for i = 0 to K − 1 do
6: t← argmin(L) ▷ Find rank t with minimum workload
7: if RB[t]≥S[i] then
8: ret[i]←t, UpdateLocal(i, t)
9: else

10: t← argmax(RB)
11: if RB[t]≥S[i] then
12: ret[i]←t, UpdateLocal(i, t)
13: else
14: t← argmin(RB)
15: if RB[t]≥S[i]/N then
16: ret[i]←−1, UpdateAll(i) ▷ Distribute the sequence
17: else
18: Assert RollBack(t, RB,L)
19: i←i−1 ▷ Roll-back to avoid OOMs
20: continue
21: end if
22: end if
23: end if
24: end for
25: return ret

Algorithm 2 Heuristic Scheduling Algorithm of GDS

Require: SeqNum K, SeqLens S[K], BucketSize C, CP degree N , DP WorldSize ws, DP_Rank dp_rank
Ensure: Micro-batches mbs
1: Bin[ws]← Binpack(ws, FLOPs(S[K])) ▷ Coarse-fined balance
2: Subset← Bin[dp_rank], init← ⌈Sum(Subset)/C ×N⌉ − 1
3: Sort(Subset, ascending=True)
4: while init ≤ K + 1 do
5: init← init+ 1, mbs← []
6: for j ← 0 to init do
7: mbs.append(Subset[j :: init]) ▷ Pair long and short sequences
8: if Sum(mbs[−1]) ≥ C ×N or not scheduling_in_DACP(mbs[−1]) then
9: Continue ▷ Rollback if overload or DACP sheduling fails

10: end if
11: end for
12: end while
13: return mbs

training efficiency. We evaluation our optimizations on Qwen2.5-0.5B and Qwen2.5-7B using the
three real-world datasets described in Section 3.1. Although Wikipedia and LMsysChat1M are
not specifically gathered for Long-SFT, we still choose them as our evaluation datasets due to their
long-tail distribution, which is exactly identical to Meta’s in-house Long-SFT dataset [10]. In contrast,
ChatQA2-long-SFT dataset [1] is specifically gathered for Long-SFT and exhibits bimodal distribution
of data length, which is also similar to the dataset mentioned in [19]. Through offline profiling, we
configure the BucketSize to 26K and 13K for Qwen2.5-0.5B and Qwen2.5-7B, respectively. Further
details regarding BucketSize configuration can be found in Appendix C.1. All the experiments
share the same training settings with <DP=4, CP=8, BatchSize=64>, zero-2 enabled and selective
recomputation strategy except for training Qwen-2.5-7B with ChatQA2-long-SFT dataset. Due to the
increased memory requirements, we adjust its parallel settings with <DP=2, CP=16, BatchSize=40>.
The global batch size is equal to DP size multiplied by BatchSize. Due to the limited page, we list
precision validation in Appendix A.

8



Wikipedia 
 (4,8,64)

LMsysChat1M 
 (4,8,64)

ChatQA2-Long-SFT 
 (4,8,64)

(a) Qwen-0.5B

0

1

2

3

4

5

6

7

8

S
pe

ed
up

1.00x 1.00x 1.00x

2.65x
2.37x

1.29x

7.54x 7.51x

1.46x
1.10x 1.13x 1.03x

Wikipedia 
 (4,8,64)

LMsysChat1M 
 (4,8,64)

ChatQA2-Long-SFT 
 (2,16,40)

(b) Qwen-7B

0.0

0.5

1.0

1.5

2.0

2.5

3.0

1.00x 1.00x 1.00x

1.24x
1.39x

1.03x

2.30x

2.73x

1.08x1.06x 1.07x 0.99x

baseline baseline+DACP baseline+GDS+DACP sorted batching

Figure 3: Overall performance and step-by-step evaluation. The settings represent the DP degree, CP
degree and batch size, respectively.
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Figure 4: Left (a) shows the performance impact under different BatchSize and BucketSize. Right (b)
shows Skrull’s effectiveness and compatibility with Lora in larger models.

Overall Performance. Figure 3 illustrates the speedup achieved by Skrull, with the performance
measured in terms of average iteration time. Skrull significantly outperforms the sorted batching
strategy Experimental results demonstrate that Skrull outperforms DeepSpeed and sorted batching
method by an average of 3.76x and achieve peak improvement of 7.54×. The average speedups
for Qwen-0.5B and Qwen-7B are 5.50x and 2.03x, respectively. We attribute this difference to the
variation in BucketSize, which directly influences the valid data scheduling space. Also, Skrull
outperforms sorted batching method by an averge of 3.45x with the peak improvement of 6.85x.
Additionally, from the perspective of datasets, the performance on Wikipedia and LMsysChat1M are
similar due to the similar data distribution, which both exhibit long-tail feature. In this distribution,
the short sequences dominate the datasets thus showcasing more optimization potential. In contrast,
the long sequences also account for the majority in ChatQA2-Long-SFT dataset, which exhibits
bimodal distribution, leading to relatively small optimization space. Specifically, when training
Qwen-7B with this datasets, the major sequence length exceeds the BucketSize thus leading to limited
speedup. We can further extend the BucketSize by combining more optimization techniques like
parameter-efficient fine-tuning (PEFT) [11, 5].

Step-by-step Evaluation. Additionally, we conduct step-by-step evaluation with the same training
settings mentioned above. As shown in Figure 3, we successively enable DACP and GDS to test the
effectiveness of each part in Skrull. Experimental results show that both components are effective
and can cooperate well to further improve the end-to-end system performance in Long-SFT.

Performance Impact of BatchSize and BucketSize. To investigate the performance impact of
BatchSize and BucketSize, we conduct experiments on ChatQA2-long-SFT using Qwen2.5-0.5B
with the default setting of <DP=1, CP=8, BatchSize=64, BucketSize=26K>. As shown in Figure 4(a),
we adjust the BatchSize from 8 to 54 and the end-to-end speedup also improves. We attribute this
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performance gain to the expanded scheduling scope afforded by larger batch sizes. However, as
the BatchSize increases further, the sampled batches gradually converge to the sequence length
distribution of the dataset, causing the performance gains stabilized within a reasonable range.
Additionally, we also evaluate the effect of BucketSize. Figure 4(a) shows that increasing the
BucketSize from 8K to 32K (values in parentheses) improves the speedup until an out-of-memory
(OOM) error occurs. This indicates that while a larger BucketSize enhances performance, it also
raises the risk of OOM errors. Therefore, it is important to set appropriate BucketSize, highlighting
the importance of performance modeling module in Skrull.

Table 3: Scheduling Strategies Comparison
Method Speedup
RR w/ roll-back 1.17×
RR w/o roll-back OOM
Skrull w/ roll-back 1.40×
Skrull w/o roll-back OOM

Table 4: Latency Comparison per Iteration
Iteration Baseline RR Skrull

1 (36, 36) (10, 49) (21, 51)
2 (40, 40) (29, 47) (37, 50)
3 (35, 35) (14, 45) (32, 49)
4 (46, 46) (46, 47) (45, 49)

Case Study In this section, we present a quantitative analysis of the training process of Skrull. We
conduct experiments using the Qwen2.5-0.5B model with the ChatQA2-Long-SFT dataset under
the configuration <DP=1, CP=8, BatchSize=64>. To evaluate the effectiveness of our heuristics
implementation, we compare it against a round-robin (RR) scheduling strategy, which assigns
sequences in a simple round-robin manner (details in Appendix B.2). Additionally, we test both
scheduling algorithms with and without roll-back mechanism to further assess the trade-off design in
Skrull. As shown in Table 3, Skrull significantly outperforms the RR scheduling. We analyze this
result by examining quantitative data in the first four iterations. Table 4 (presented in tuple format)
reports the minimum and maximum peak memory usage (in gigabytes) across all GPUs during each
iteration. Compared to the baseline, both Skrull and RR scheduling allocate more sequences locally
at the cost of increased memory imbalance. While such imbalance is acceptable as long as it dose not
exceed memory capacity, it raises the risk of OOMs. Therefore, as shown in Table 3, without the
roll-back mechanism, both scheduling strategies result in OOMs, underscoring the importance of this
safeguard. In contrast to RR scheduling, Skrull achieves a better computational balance (indicated by
the speedup) while adhering to memory constraints, demonstrating the effectiveness of its trade-off
design in Skrull.

6 Related Works

From the perspective of data engineering, those works [23, 3, 19, 10] involve meticulously gathering
training datasets for long context fine-tuning. From the perspective of training system, LongAlign
[3] adopts a sorted batching strategy to optimize system efficiency in long context fine-tuning phase.
Chunkflow [22] organize the training data into fixed size chunks, enabling controllable peak memory
consumption and reduced pipeline bubbles. Additionally, some works employ dynamic parallelism
settings [8] to handle varying length sequences, which is similar to long-SFT. In contrast, Skrull
adopts fixed parallelism settings and is orthogonal to those methods. Another type of works are
parameter efficient finetuning (PEFT) [11, 5] and Skrull is also effective for this methods.

7 Conclusion

In this paper, we provide a new perspective of data scheduling to enhance the training efficiency in
Long-SFT scenarios. The heterogeneous data distribution in Long-SFT poses dilemmas for existing
training systems on configuring parallelism strategies and ensuring the load balance. To tackle those
challenges, we propose Skrull, a dynamic data scheduler dedicated for Long-SFT. Through dynamic
data scheduling, Skrull achieves efficient training on both long sequences and short sequences.
Additionally, we formulate the scheduling process as a joint optimization and adopt a lightwight
scheduling algorithm. Experimental results demonstrate that Skrull outperforms DeepSpeed by 3.76x
on average (up to 7.54x) in real-world long-SFT. Furthermore, we believe that Skrull can serve as an
effective solution in other scenarios especially when dealing with mixture of long and short training
data, such as reinforcement learning from human feedback (RLHF).
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A Precision Validation

To evaluate the loss equivalence, we compare the loss carve between Skrull and standard training
method when training Qwen2.5-0.5B on LMsysChat1M. The data scheduling in Skrull alter the
accumulation order and we can observe slightly numerical differences due to the non-associativity
of floating-point operations. However, Skrull do not alter any contents and orders in each global
batch, the optimization trajectory remains equivalent. Therefore, as shown in Figure 5, Skrull does
not influence the convergence.
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Figure 5: Loss comparison between Skrull and standard training method.

B Heuristic Scheduling Algorithm

B.1 Function Definition of Heuristic Algorithm

Algorithm 3 Function Definations in scheduling algorithm for DACP

Require: SeqNum K, SeqLens S[K], Buckets C, CP degree N , Loads L[N ], RemainBucket
RB[N ], DACP scheduling result ret

1: function UPDATELOCAL(idx, rank)
2: RB[rank]← RB[rank]− S[idx] ▷ Update remaining bucket capacity
3: L[rank]← L[rank] + FLOPs(S[idx]) ▷ Update current load
4: end function
5: function UPDATEALL(idx)
6: for i = 0 to N − 1 do
7: RB[i]← RB[i]− S[idx]/N ▷ Distribute across all buckets
8: L[i]← L[i] + FLOPs(S[idx], N) ▷ Update all loads
9: end for

10: end function
11: function ROLLBACK(rank,RB,L)
12: for i = 0 to K − 1 do
13: if ret[i] == rank then
14: ret[i]← −1 ▷ Distribute the sequence
15: RB[rank]← RB[rank]− S[i] + S[i]/N
16: if L is not None then
17: L[rank]← L[rank]− FLOPs(S[i]) + FLOPs(S[i], N)
18: end if
19: return True ▷ Success Roll-back
20: end if
21: end for
22: return False ▷ Roll-back Failed
23: end function
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Algorithm 4 Round-Robin Scheduling Algorithm

1: Input: SeqNum N , SeqLens S, Buckets C, WorldSize ws
2: Output: PartitionIds P
3: for i = 1 to m− 1 do
4: t← FindMaxBucketsIds()
5: if C[t] ≥ S[i] then
6: P [i]← t ◁ fit the max bucket
7: else
8: j ← FindMinBucketsIds()
9: if C[j] ≥ S[i]/ws then

10: P [i]← −1 ◁ partition the sequence
11: else
12: Assert RollBack(j, C) ◁ with roll-back
13: i← i− 1
14: continue
15: end if
16: end if
17: end for

B.2 Round-robin Scheduling Algorithm

C Performance Modeling

C.1 Memory Estimation

Due to limited pages, we discuss the memory estimation methodology of Skrull in this section. The
key point of this section is the determination of BucketSize C, which maps memory capacity to
sequence token length.

We first analyze the memory consumption during LLMs training. The memory consumption can be
roughly categorized into two components: the static memory and the dynamic memory. The static
memory, which typically includes model parameters and optimizer states, remains roughly constant
throughout the training process given specific model configurations and parallelism strategies. In
contrast, the dynamic memory or activation memory, varies with the input workload. In transformer
architectures, activation memory is proportional to the sequence length. For instance, the Linear
module, LayerNorm and Attention module (using FlashAttention [7, 6]) exhibit a linear relationship
with sequence length. Therefore, we can estimate activation memory for a given sequence length S
using the following equation:

Memory(S) = αS + β (12)

Here, the coefficient α and constant β is determined at offline profiling. Notably, some memory
reduction strategies, such as gradient checkpoints, only affect the α and β. We can still apply offline
profiling method to estimate activation memory. In our implementation, we found that β is usually
negligible. Additionally, we employ sequence packing to eliminate padding and enhance performance,
allowing us to directly use the total sequence length for memory estimation. Consequently, through
offline profiling, we can deduce the BucketSize C under various settings.

C.2 Computation Estimation

In this section, we describe the methodology used to estimate the computational cost Tcomp.

Accurately modeling the computational cost as a function of sequence length S is non-trivial.
Simply assuming a linear or quadratic relationship with sequence length is insufficient because the
computational FLOPs of TransformerLayer are dominated by the Linear and Attention modules,
exhibiting a hybrid of linear and quadratic dependencies on S. The relative contributions of these
components vary depending on the specific model configuration. Therefore, we formulate a function
of FLOPs to provide roughly computational cost estimation given a specific model configuration and
sequence length S.
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Given the model configuration of hidden dimension h, key/value hidden dimension hkv and training
batchsize b (usually be 1 when employ sequence packing), the FLOPs is estimated as the Equation 13.

FLOPs(Sk) = 20 ∗ b ∗ h2 ∗ Sk + 4 ∗ b ∗ h ∗ hkv ∗ Sk + 4 ∗ b ∗ h ∗ S2
k (13)

For each sequence, the Tcomp can be estimated as:

Tcomp = αFLOPs+ β (14)

where all the α and β is determined when offline profiling.

Furthermore, as shown in Figure 6, we plot the relationship between FLOPs and sequence length for
Qwen-2.5-0.5B and Qwen-2.5-7B. The results highlight the distinct characteristics of long and short
sequences. For short sequences, both computational workload and activation memory consumption
scale roughly linearly with sequence length. However, for the long sequences, the computational
workload grows rapidly due to the dominance of the quadratic term, while memory consumption
still remains linear, leading to the problem of trade-off between balancing computation and memory,
which is discussed in detail in Section 4.3 where we present insights into our heuristic algorithm
design.

Additionally, the transition point at which the quadratic term dominates varies depending on the model
configuration. As demonstrated in Figure 6, Qwen-2.5-7B, which has a larger hidden dimension h,
exhibits a more rapid increase in FLOPs compared to Qwen-2.5-0.5B. Although Qwen-2.5-0.5B has
slower FLOPs increase, we take it as example to further discuss the distinct characteristics between
long and short sequences. In Qwen-2.5-0.5B, the quadratic term begins to dominate only when the
sequence length S exceeds approximately 4K, exhibits roughly linear relationship in short sequences.
However, when S = 32K, the total computational workload is 30 times greater than when S = 4K,
while the memory consumption increases only 4-fold. These estimations further elucidate the distinct
characteristics of long and short sequences.

Figure 6: FLOPs VS Sequence Length on Qwen-2.5 0.5B and 7B

C.3 Communication Estimation

For the Tcomm, we can simply profile in offline ways. Concretely, when the communication volume is
smaller then a threshold, the fixed overhead of communication dominates the latency. However, with
size increased, the fixed overhead become negligible and the latency is approximately proportional to
communication volumes. We can deduce the thresholds, fixed overhead and the estimation function
through a simple profiling. As shown in Table 5, we plot the communication performance profiling
results. Therefore, we can fit the Equation 16 according to communication volume V in different
hardware environments. Then, we can derive the communication volume according to sequence
length S under different model configurations as shown in Equation 15, where hiddenkv and b means
hidden dimension of Key/Value and batch size.

V olume(S) = b ∗ Sk ∗ hiddenkv (15)

Tcomm = (αV + Tfixed) (16)
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Table 5: Collective Communication Latency Profiling.
Size (MB)/Latency(us) All_gather All_to_All Reduce_scatter All_reduce

2 53.29 80.62 59.48 84.65
4 72.52 78.63 79.26 113.3
8 97.86 110.9 104.7 168.4

16 199.3 163.2 177.4 312.2
32 286.2 277.5 269.5 479.2
64 488.6 502.4 458.8 859.7
128 910.6 939.2 864.3 1642.9
256 1758.4 1803.9 1663.9 3197.9
512 3416.4 3411.2 3239.5 6181.2

1024 6467.9 6629.6 6294.3 12126
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NeurIPS 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: We list our contributions in abstract and introduction.

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.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We discuss the BatchSize will limit the optimization in our evaluation section.

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?

Answer: [Yes]
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Justification: We list the details about how we analysis the memory and computation in
Appendix in this pdf.
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.
4. 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: We provide pseudocode and evaluation settings in our paper
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
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?
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Answer: [NA]

Justification: We use public data in our experiments. Due to some approval process, we will
make our code public as soon as possible.

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 URLs 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: We list in our evaluation sections.

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.

7. 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: [Yes]

Justification: Our experimental results are averaged by multiple runnings.

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.

• 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).
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• 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.

8. 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: We list in evaluation testbed.

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).

9. 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: Yes.

Guidelines:

• 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).

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

Answer: [NA]

Justification: Our work is about system optimization.

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.
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• 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).

11. 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: Our work is about system optimization.

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.

12. 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: Yes, we cite the related paper.
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• 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.
• For scraped data from a particular source (e.g., website), the copyright and terms of
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• If assets are released, the license, copyright information, and terms of use in the
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has curated licenses for some datasets. Their licensing guide can help determine the
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• 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.
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15. 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 paper does not involve crowdsourcing nor research with 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.

• 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.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The paper do not involve usage of LLMs as any important, original, or
non-standard components.
Guidelines:

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

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