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Abstract

Speculative decoding (SD) is a widely adopted approach for accelerating inference1

in large language models (LLMs), particularly when the draft and target models2

are well aligned. However, state-of-the-art SD methods typically rely on tightly3

coupled, self-attention-based Transformer decoders, often augmented with auxiliary4

pooling or fusion layers. This coupling makes them increasingly complex and5

harder to generalize across different models. We present Budget EAGLE (Beagle),6

the first, to our knowledge, cross-attention-based Transformer decoder SD model7

that achieves performance on par with leading self-attention SD models (EAGLE-8

v2) while eliminating the need for pooling or auxiliary components, simplifying9

the architecture, improving training efficiency, and maintaining stable memory10

usage during training-time simulation. To enable effective training of this novel11

architecture, we propose Two-Stage Block-Attention Training, a new method12

that achieves training stability and convergence efficiency in block-level attention13

scenarios. Extensive experiments across multiple LLMs and datasets show that14

Beagle achieves competitive inference speedups and higher training efficiency than15

EAGLE-v2, offering a strong alternative for architectures in speculative decoding.16

1 Introduction17

Speculative decoding (SD) (Stern et al. 2018; Sun et al. 2021; Xia, Ge, et al. 2022; Leviathan et al.18

2023; Chen et al. 2023; Xia, Z. Yang, et al. 2024) is an effective method for accelerating inference19

in large language models (LLMs), where a lightweight draft model proposes the next n tokens in20

advance, reducing the need for multiple target model invocations. The adoption of SD has been21

growing in industry due to its ability to deliver lossless latency improvements in both greedy and22

sampling-based decoding (Leviathan et al. 2023; Chen et al. 2023), while also improving utilization23

of otherwise idle compute during memory-bound decoding phases.24

Implementing SD efficiently typically requires replacing generic, often misaligned draft models25

with dedicated ones that are co-trained alongside the target model to match its output distribution26

better. As a result, the design and integration of SD models pose both research and engineering27

challenges. From a research standpoint, identifying an effective draft model remains an open problem,28

nearly as difficult as designing the target LLM itself. A draft model must closely approximate the29

target model’s token predictions while remaining much smaller for practical deployment. Toward30

this goal, a range of architectures has been explored: from lightweight MLPs or FFNs (Stern et al.31

2018; Cai et al. 2024; Ankner et al. 2024), to RNN-based designs (Cheng et al. 2024), to more32

expressive Transformer-based decoding heads (Yuhui Li et al. 2025b; Yuhui Li et al. 2024), which33

have demonstrated superior performance over simpler FFNs (Stern et al. 2018; Cai et al. 2024;34

Gloeckle et al. 2024).35

More recently, self-attention-based autoregressive draft heads have gained traction due to their strong36

performance in future token prediction. Most of the latest high-performing SD systems (Yuhui Li37

et al. 2024; Ankner et al. 2024; Yuhui Li et al. 2025a; B. Xiao et al. 2024; L. Zhang et al. 2025) adopt38
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a similar architecture: a self-attention layer that pools token embeddings and prior target states, often39

using similar design patterns and even shared code bases. Moreover, speculative decoding support40

remains limited in current LLM inference frameworks. At the time of writing, SGLang (Zheng, Yin,41

et al. 2024) is the only publicly available framework that supports one of the leading SD methods,42

EAGLE-v2, but only within the EAGLE model family (Yuhui Li et al. 2024; Yuhui Li et al. 2025a).43

Other frameworks (Joao Gante 2023; LM Studio Team 2025) are either still under development44

or rely on disconnected (and often misaligned) draft and target models, resulting in marginal or45

even negative speedups. Much of the complexity of importing advanced SD models stems from46

non-standard architectural components and extensive customization for each new model integration.47

Inspired by the success of the deep-shallow configuration in translation (Kasai et al. 2020), which48

reinterprets decoder-only LLMs as an encoder followed by a single cross-attention decoder, we49

explore whether a similarly minimal cross-attention structure can serve as a viable alternative to50

self-attention-based draft models.51

Unlike most existing self-attention-based SD solutions, we reduce a standard Transformer de-52

coder (Vaswani et al. 2023) to a minimal cross-attention structure without auxiliary layers. It53

is shown to match the performance of state-of-the-art SD models for the same training data while54

maintaining architectural simplicity. On the other hand, self-attention-based draft models generate55

queries and keys from the same hidden state, which complicates integration with autoregressive inputs56

and target outputs. To address this, existing work often require auxiliary pooling layers (e.g., of size57

2d×d, or even 3d×d in EAGLE-v3 (Yuhui Li et al. 2025a) where d is the hidden state dimension) to58

handle heterogeneous features. In contrast, our cross-attention architecture naturally handles different59

autoregressive states without pooling or custom fusion layers. Moreover, our cross-attention design60

enables efficient multi-token prediction during training, akin to “condensing” (Gao et al. 2021a; Gao61

et al. 2021b) future token information into the draft representation. To fully exploit this, we introduce62

a novel Two-Stage Block-Attention Training method that makes our architecture not only simple63

but effective. Unlike prior Training-Time Test (TTT) based on self-attention (Yuhui Li et al. 2025a;64

L. Zhang et al. 2025), our training scheme maintains constant memory usage and avoids the need65

to scale hidden states with the number of simulated steps, enabling full training of a 7B model on a66

single 24GiB GPU. We believe that our method offers a strong alternative to existing SD architectures,67

combining simplicity, familiarity, and practical efficiency.68

2 Related Work69

Multi-token prediction training and SD: Initial speculative decoding work (Stern et al. 2018;70

Sun et al. 2021; Xia, Ge, et al. 2022) concentrated on tasks such as machine translation, where71

parallel mappings in word space make it easier to realize substantial speed gains. These task-specific72

advances laid the foundation for more general-purpose SD methods (Cai et al. 2024; Ankner et al.73

2024; Gloeckle et al. 2024), which leverage parallel decoding heads for broader LLM applications. A74

recent study (Lindsey et al. 2025) demonstrates that, in poetic text, hidden states—even from early75

positions—may already contain information about several upcoming tokens. This insight aligns76

with empirical findings showing that LLM performance can be enhanced by multi-token prediction77

(MTP) (DeepSeek-AI et al. 2025) or by adopting more challenging objectives that inject additional78

contextual signals into model states(Gao et al. 2021a).79

While multi-token prediction has shown promise in prior work, state-of-the-art SD methods (L. Zhang80

et al. 2025; Yuhui Li et al. 2025a) continue to use autoregressive next-token prediction, aligning81

next-k tokens via step-by-step simulation during training, i.e., Training-Time Test, or TTT (Yuhui Li82

et al. 2025a). Furthermore, SD adaptation to every new LLM often entails training the SD model83

from scratch, amplifying the cost of training. Although self-speculative methods (J. Zhang et al.84

2024) address the co-training overhead by reusing the target model as the draft, they generally fall85

short in delivering good speed improvements (Zhong et al. 2024).86

Cross-attention heads for SD: While it may seem natural to integrate draft and target model states87

through cross-attention, only limited prior work (Du et al. 2024; Zimmer et al. 2024; B. Xiao et88

al. 2024) have investigated this approach in the context of speculative decoding. GLIDE with a89

CAPE (Du et al. 2024) employs a conventional cross-attention decoder that includes a self-attention90

sublayer. In contrast, our approach eliminates half of the attention parameters by using a single-91

layer cross-attention module followed by an MLP. Combined with an effective two-stage training92
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scheme, this design advances cross-attention-based SD to achieve state-of-the-art speedups on the93

same training data scale (Yuhui Li et al. 2024), doubling the performance reported in (Du et al.94

2024). MoA (Zimmer et al. 2024), which adds self-attention and mean aggregation layers on top of95

cross-attention to extract keys from the target model’s hidden states, further increases the complexity96

of the classic cross-attention module in the draft model. As a result, MoA’s speedup remains limited,97

and their evaluation of EAGLE-v2 (Yuhui Li et al. 2024) does not fully reflect the state-of-the-art98

speedup potential achievable at that data scale. Clover-2 (B. Xiao et al. 2024) achieves effective99

speedups by incorporating cross-attention into one of several auxiliary layers. Notably, its augment100

block is solely used to improve first-token prediction. In this work, we directly compare against101

Clover-2 and demonstrate that improved training efficiency alone allows us to surpass its speedups102

without introducing any inference-time overhead.103

3 Preliminaries104

Let V be a discrete space over all possible tokens in the vocabulary, we model a target LLM of105

parameter Θ∗ by the conditional distribution pn(t) = Pr(tn+1 = t | t1, ..., tn; Θ∗) given context106

sequence C = t1, t2, ..., tn where ti ∈ V and the subscript i denotes token positions. In Transformer-107

based LLMs, the sampling of the next token tn+1 ∼ pn is conditioned on the preceding context C108

through the use of causal attention masks. By modifying the attention masks, the dependency can be109

restricted to only a subset of tokens in C, enabling partial conditioning (Beltagy et al. 2020; Child110

et al. 2019).111

In SD, the draft model qn(t) = Pr(t̂n+1 = t | t1, . . . , tn; Θ) is optimized to approximate the target112

distribution, with Θ optionally incorporating Θ∗ to enhance alignment. During each SD iteration, a113

sequence of γ draft tokens t̂n+1, t̂n+2, . . . , t̂n+γ is proposed, and in lossless SD, only a contiguous114

prefix can be accepted. In the verify step, each proposed token t̂n+i is accepted with probability115

min(1, pn+i−1(t̂n+i)/qn+i−1(t̂n+i)) for i = 1, . . . , γ. At the first rejection position j, or when116

j = γ + 1 without encountering any rejections, one additional token is sampled from normalized117

max(0, pn+j−1 − qn+j−1). As a result, each SD iteration produces at least one new token, and here118

we denote the total number of accepted tokens τ ≥ 1. The above method ensures that accepted119

tokens are equivalent to those sampled from the target distribution (Leviathan et al. 2023). In the120

case of greedy decoding, this strategy effectively matches the top-1 tokens from the target and draft121

distributions, ensuring that the generated tokens exactly replicate the target model outputs.122

The speedup potential comes from the fact that Transformers can verify multiple tokens in parallel in123

one forward pass with a time cost Tv (often assumed to be constant within a small window). Because124

the speed of SD-assisted generation is reflected by E[τ ] divided by the average iteration time cost125

T = Td + Tv where Td is the cost for drafting tokens, the per-iteration speedup, or improvement126

factor (Leviathan et al. 2023), will be E[τ ]/(Td/Tv + 1), which is seen as a proxy for the overall127

speedups. Therefore, a high speedup requires both better acceptance lengths (when draft and target128

distributions align well) and low draft cost.129

To reduce Td, parallel multi-token SD methods proposes draft tokens in parallel (Cai et al. 2024;130

Gloeckle et al. 2024; Zhong et al. 2024; Lin et al. 2024; Z. Xiao et al. 2024; Monea et al. 2023).131

However, the acceptance lengths of these models are generally worse than autoregressive SD meth-132

ods (Yuhui Li et al. 2025b; Yuhui Li et al. 2024; L. Zhang et al. 2025), although in the latter case Td is133

linearly proportional to γ. Because many autoregressive models need only a single-layer draft model134

(compared to 32 layers when Llama 7B is the target model, essentially Td ≪ Tv) to be able to achieve135

E[τ ] > 3 or even more, the speedups are generally more sensitive to the accuracy of predictions rather136

than iteration overheads. To this end, most state-of-the-art draft models are autoregressive and are137

trained with the highest effective precisions (i.e., TF32) (Yuhui Li et al. 2025b; Yuhui Li et al. 2024;138

L. Zhang et al. 2025). To further maximize alignment between the draft and target models, these139

systems are also uniformly trained from scratch. Together, these factors underscore the importance of140

addressing the overall training cost of speculative decoding.141

4 Methodology142

In this work, we propose an SD method, Budget EAGLE (Beagle), which does more accurate143

autoregressive predictions at inference time but utilizes multi-token parallel predictions during144
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Figure 1: Comparison between EAGLE (Yuhui Li et al. 2025b; Yuhui Li et al. 2024) (Left) and our
Beagle architecture (Right). Square boxes denote higher-level states; a hat on top indicates states
predicted by the draft model. Embedding layers are omitted for clarity, and colored words represent
tokens generated at different positions. The right-side trees represent branched prediction via tree
attention (Miao et al. 2024; Cai et al. 2024). Using self attention, EAGLE requires auxiliary pooling
layers and explicit copying of higher-level states for concatenation. In contrast, Beagle adopts a
standard training pipeline without offsets and avoids copying, simplifying draft modeling.

training to improve training efficiency and to condense more future information into draft model145

states. Figure 1 illustrates our model architecture at a high level and highlights its differences to a146

representative autoregressive SD method, EAGLE (Yuhui Li et al. 2025b; Yuhui Li et al. 2024).147

4.1 Cross-Attention Draft Modeling148

Our draft model architecture, more specifically, is composed of a single-layer cross-attention Trans-149

former block that maps lower-level context t1, ..., tn to higher-level state hn (for clarity, we omit150

layer details such as normalization, GQA, or positional embeddings):151

hn = MLP(yn) + yn

yn = CrossAttn(h1:n−1, e(tn)) + e(tn)
(1)

where hi at any context position i = 1, ..., n− 1 is expected to allow either target model top hidden152

states (we name them true states) or the autoregressively generated states from the draft model itself.153

Furthermore, e : t → Rd is the embedding layer, and MLP is a point-wise feed-forward layer.154

For the cross-attention sublayer, more specifically, the query, key, and values are processed as follows:155

Q
(h)
i ,K

(h)
j ,V

(h)
j = WT

h,Qe(ti) ,W
T
h,Khj ,W

T
h,V hj

s
(h)
i,j = Softmaxj(⟨Q(h)

i ,K
(h)
j ⟩/

√
dh)

o
(h)
i =

∑
j

Mask
(h)
i,j ·s(h)i,j · V (h)

j

yi = WT
O [o

(1)
i ;o

(2)
i ; ...,o

(H)
i ]d×1

(2)

where weights Wh,Q,Wh,K ,Wh,V ∈ Rd×dh and WT
O ∈ Rd×d where d and dh are model and head156

hidden dimensions, respectively. Unlike causal self attention, the cross-attention mask here has to157

ensure “diagonal scores” are also masked, i.e., Maski,j → −∞ for j ≥ i given query at position i.158

Using constant-space cross-attention masks, we can allow predicting multiple future tokens during159

training (see Section 4.2).160

Finally, our draft model can be defined by qn(t) = Softmax(zn) where logits zn = e−1(hn) and161

the language model head is a linear mapping e−1 : Rd → RV .162

As seen in Eq. 1, we replace the commonly used self-attention layer with a single cross-attention163

layer. However, this cross-attention Transformer block is used in a non-standard causal fashion to164

decode draft tokens autoregressively during inference: At query position i, the computation of si,j165

and oi in Eq. 2 can reuse existing Kj , Vj if they are cached for all j < i, and we only need to append166
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new states Ki, Vi to KV-cache when we query state hi+1. Since we need to reset KV-cache to only167

contain true states at the end of SD iteration, the above lazy-appending cache can effectively skip and168

save the last memory operation in every SD iteration.169

On the other hand, these changes also eliminate the need to use any auxiliary pooling layers because170

we can handle low- and high-level states via different queries and key/value space. As a result, it171

also avoids copying and concatenating high-level states to feed the draft model as next inputs (see172

Figure 1), leading to greater memory locality. We will show, with effective training, this simplified173

architecture can perform evenly or better than more complex architectures commonly seen in recently174

developed SD models (Yuhui Li et al. 2024; B. Xiao et al. 2024).175

4.2 Two-Stage Block-Attention Training176

Many autoregressive speculative decoding methods are trained to predict only the immediate next177

token following the training-data token, which is effectively equivalent to training a draft LLM using178

the Next Token Prediction (NTP) objective, conditioned on the target model’s runtime hidden states.179

However, one-step NTP does not explicitly capture the actual inference dynamics in speculative180

decoding, particularly when the draft model starts to rely on its own predicted hidden states during181

autoregressive inference. Within a draft window, prediction errors and accumulated noise can cause182

the draft model’s behavior to diverge from the target distribution used during training, leading to a183

suboptimal speed.184

As a result, many recent speculative training methods have adopted the Training-Time Testing (TTT)185

scheme to explicitly allow potentially inaccurate predictions and to train on the simulated inference186

data, effectively “unrolling” for multiple steps during training. However, this is at the expense of187

much longer training time, which we believe would not be suitable for the entire training cycle.188

Instead, during the early stage, we propose to predict multiple future tokens t̂n+1, t̂n+2, ..., t̂n+k and189

feed them to Transformer in parallel. And only in the late stage, we apply training-time simulation.190

Compared to self-attention heads, we will show this leads to reduced training overheads as well.191

Denote the model prediction distribution to a i-step ahead future token tn+i as192

q(i)n (t) = Pr(t̂n+i = t | t1, ..., tn; Θ). (3)

where q
(1)
n (t) = qn(t). We mask out continuous windows of tokens in the attention mask (starting at193

a random minor offset). Specifically, at a window of size k starting at n, and for a query at position194

n + i, i = 1, ..., k, the corresponding local future keys at n + j, 1 ≤ j ≤ k are all masked out.195

This masking results in a block attention matrix as shown in Figure 2 (the left-most attention mask),196

different from usual block attentions where only local tokens are seen (A. Q. Jiang et al. 2023), we197

may dub it inverse block attentions because local tokens are masked out.198

Other than encouraging the draft model to contain representations for multiple future tokens, we199

also make sure each query state will be utilized to backpropagate losses, thus maximizing sampling200

efficiency in block attentions. As such, we define our early-stage loss as201

Learly = − 1

N

∑
n∈w0

k∑
j=1

Et∼pn+j [log q
(j)
n (t)] (4)

where k is the window size and j represents the query position relative to window start positions202

n ∈ w0 = {ϵ+ w · k : w = 0, 1, ..., N} with a random offset ϵ ∈ [0, k). Additionally, the maximum203

number of windows N is selected to cover all training inputs for maximum sample efficiency.204

For late-stage training, we start to simulate multiple steps of inference (illustrated in the right two205

attentions in Figure 2). Specifically, the predicted states at the start of the window (i = 1) are saved206

and expanded to the next step, where the initial attention mask is also extended and allows next207

queries in the same window to access updated states. And after the second step, the newly predicted208

states are again saved, but via in-place modifications with a correspondingly modified attention mask.209

This process is repeated in a single training iteration until a total simulation steps s. Unlike the linear210

expansions seen in self-attention training (L. Zhang et al. 2025; Yuhui Li et al. 2025a), here our211

inference simulation consumes constant space and does not need to unroll queries during training.212

At simulation step i, denote the j-step ahead future draft distribution as213

q(i,j)n (t) = Pr(t̂n+j = t | t1, ..., tn, t̂n+1, ..., t̂n+i−1; Θ) (5)
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Figure 2: The cross-attention masks used during training for draft model heads. Left one (early
stage block attention): Query states are derived directly from token embeddings, and keys are from
high-level states. An inverse block attention starting at a random offset with a fixed window hides
local keys from a query, encouraging the model to condense more information on future tokens.
Right two (after simulation step 1 and step 2, late stage): In the late-stage training, we unroll
newly predicted states to accurately simulate inference during training. Unlike Training-Time Test
with self attentions, this method requires no new queries to be generated, and only needs one-step
attention memory allocation for in-place adding of next-predicted keys.

where we have predicted tokens up to n+ i− 1, and are predicting token at n+ j where j ≥ i. The214

true context of states from training data is still fixed back at position n. The general form of loss215

considering simulation is, for 1 ≤ s ≤ l ≤ k,216

L(s, l, β) = − 1

N

∑
n∈w0

s∑
i=1

l∑
j=i

βi,j · Et∼pn+j
[log q(i,j)n (t)]. (6)

Here, s denotes the maximum number of simulated steps, and l indicates the maximum lookahead217

position. The associated weight βi,j > 0 is used to re-weight loss terms.218

We select s = k, l = i, and β∗
i,j = k − i+ 1 to define our late-stage loss as Llate = L(k, i, β∗). We219

provide justifications in Appendix A.2 showing that this formulation serves as a surrogate loss that220

approximates the acceptance length during SD inference, and offers a better approximation than the221

early-stage loss toward the end of training.222

5 Experiments223

5.1 Experimental Setups224

In this work, we limit our baselines to lossless decoding methods and focus on single-batch greedy225

decoding. The optimization for throughput and speculative sampling is left for future work.226

Baselines: We consider popular target models in this domain: Vicuna (7B), LLaMA-2 (7B), and227

LLaMA-3 (7B). We use HuggingFace TGI (Text Generation Inference) for baseline SD, paired with228

JackFram LLaMA-68M and Vicuna-68M as used in other work (Miao et al. 2024; S. Yang et al.229

2024). We consider a popular inference-time parallel decoding SD method, Medusa (Cai et al. 2024),230

with official Vicuna weights. Moreover, a representative zero-memory-overhead self-speculative231

method (J. Zhang et al. 2024) with official LLaMA-2 weights is also added. Importantly, we include232

Clover 2 (B. Xiao et al. 2024), which is reportedly the most efficient model based on cross attention.233

EAGLE v1 and v2 series represent the best open models using the same training data scales. EAGLE234

v2, which adopts a dynamic draft attention tree, constantly performs better (Yuhui Li et al. 2024),235

so we always include EAGLE-v2 and adopt the same dynamic tree method. We do not include236

EAGLE-v3 (which is trained on 8× more data) or much more expensive full-stage TTT training237

approaches (L. Zhang et al. 2025), as our focus is on exploring efficient training strategies and238

architectural alternatives under comparable data scales.239

Datasets: We limit our training dataset to only ShareGPT (Aeala 2023), which is composed of over240

60K conversational dialogues from ChatGPT and its users. This is to align with other baselines (Cai241

et al. 2024; Yuhui Li et al. 2025b; Yuhui Li et al. 2024; B. Xiao et al. 2024) with the same amount242
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Table 1: Speed and memory comparisons among different models (A6000 Ada). The left two columns
specify Target and Draft models, where V, L2, and L3 represent Vicuna, LLaMA-2, and LLaMA-3,
respectively. The metrics Spu, τ , and M represent Speedup, acceptance length, and GPU peak
Memory usage.

T D MT-Bench GSM-8K CNN-Daily
Speed Spu τ M↓ Speed Spu τ M↓ Speed Spu τ M↓

V

None 35.2 1.0 1.0 13.7 35.3 1.0 1.0 13.5 34.2 1.0 1.0 14.1
TGI 56.8 1.6 3.9 13.1 60.1 1.7 2.9 12.9 56.4 1.6 2.9 13.6
Medusa 71.2 2.0 2.1 15.0 83.5 2.4 2.6 14.9 63.0 1.8 2.0 15.3
Clover 2 53.3 1.5 4.1 16.0 57.2 1.6 4.2 16.0 47.2 1.4 3.6 16.4
EAGLE v2 103.4 2.9 4.0 14.5 118.4 3.4 4.6 14.3 87.6 2.6 3.6 14.8
Beagle (Ours) 104.6 3.0 4.1 13.5 108.5 3.1 4.3 13.3 82.0 2.4 3.4 14.0

L2

None 34.9 1.0 1.0 13.8 35.3 1.0 1.0 13.3 34.8 1.0 1.0 14.2
Self-Spec 34.8 1.0 1.7 13.7 34.1 1.0 1.7 13.1 34.6 1.0 1.9 14.2
TGI 46.0 1.3 3.3 13.1 47.6 1.3 2.6 12.9 40.8 1.2 2.6 13.6
EAGLE v2 104.9 3.0 4.0 15.5 111.6 3.2 4.4 15.4 89.8 2.6 3.7 15.9
Beagle (Ours) 106.2 3.0 4.1 13.5 111.4 3.2 4.5 13.2 85.4 2.5 3.6 14.0

L3
None 32.3 1.0 1.0 15.6 32.5 1.0 1.0 15.5 33.3 1.0 1.0 15.8
EAGLE v2 80.2 2.5 3.6 17.8 83.0 2.6 3.9 17.7 69.6 2.1 3.4 18.1
Beagle (Ours) 79.2 2.5 3.5 15.7 83.5 2.6 4.0 15.5 67.2 2.0 3.2 16.0

of training data. Our inference datasets cover multi-turn general conversational benchmark MT-243

Bench (Zheng, Chiang, et al. 2023), reasoning task GSM-8K (Cobbe et al. 2021), and summarization244

task CNN-Daily (Hermann et al. 2015) with a subset of 1,000 samples following J. Zhang et al. 2024.245

In total, a full evaluation run for one system covers more than 2,100 inputs (including conversation246

turns), and our measurement values (other than peak memory) are aggregated averages.247

Inference and Training: All implementations are based on HuggingFace Transformers (Wolf248

et al. 2020) contained in the same Docker environment1 and are running in PyTorch eager mode249

with BF16 precisions during inference. Our evaluation framework also makes sure each system is250

running inference against the same data, but we follow the training prompt formats of each baseline251

for maximum speed. The inference jobs are run on two grades of servers using single-threaded252

executions: an NVIDIA A6000 Ada node and an Amazon AWS instance with A10G GPUs.253

Similar to trained baseline models, our model is trained with mixed precisions where model weights254

are TF32 while target model states are preserved in half precisions, which are generated offline to255

minimize training time and GPU memory usage. If not specified otherwise, we train 20 epochs256

maximum, where the first 10 epochs we use the early-stage training strategy and the rest use the257

late-stage training strategy. The detailed training configurations of our different settings can be found258

in Appendix A.3. As official EAGLE weights are trained from an unknown number of epochs, we259

replicate EAGLE-v2 with the same number of training epochs to ensure comparable results. Also, we260

align the EAGLE dynamic attention tree with the same hyperparameters (i.e., depth=5, topk=10, and261

candidates to be accepted per draft iteration is set to 60).262

5.2 Results263

Table 1 (and 2 in the Appendix) compares both speeds (in tokens per second) and peak memory264

usage among systems across two different grades of GPUs. Our system, Beagle, has shown a similar265

efficiency level to EAGLE v2, where both are trained with the same training data for 20 epochs.266

However, our memory overhead on top of the target model is minimal, while EAGLE consumes 10%267

to 15% more GPU memory.268

On the other hand, Self-Spec using self-speculative decoding consumes no additional memory and269

does generate greater-than-one acceptance lengths (thus better than no-SD), but it leads to no speed270

improvements because its draft model consists of multiple layers of overheads. For the same reason,271

Clover 2 – with various augment layers which help to achieve much better acceptance rates – obtains272

only around 1.5x speedups. Due to the lack of co-training and model alignment, baseline SD (TGI)273

1We use the official pytorch:2.6.0-cuda11.8-cudnn9-runtime as our base Docker image.
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Figure 3: Early-stage acceptance rates at different draft steps (step-α) during the first 10 epoch
training process (evaluated on MT-Bench). Our model (Beagle) uses the early-stage loss based on
multi-token predictions. At this stage, our training efficiency is consistently better than EAGLE
(v1/v2) (Yuhui Li et al. 2025b; Yuhui Li et al. 2024)
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Figure 4: Early-stage token acceptance rates at different positions and corresponding inference
speeds (evaluated on MT-Bench). We vary the window length from 1 to 5 for five early-stage training
settings. Multi-token prediction (using Learly) with a proper window width (optimal width achieved
at 3) improves further-step token acceptance rates, generally enhancing inference speeds.

adds little speedup as well. Finally, Medusa, using parallel decoding at inference, has suboptimal274

acceptance lengths compared to autoregressive models such as EAGLE v2 and ours.275

Other than time and memory efficiency, our having fewer parameters than EAGLE also enables much276

greater training efficiency in the early stage. As shown in Figure 3, although we converge to a similar277

acceptance rate for the first token, our system shows consistently better performance during the early278

stage of training. Additionally, according to Figure 4, the multi-token prediction loss (Eq. 4) used in279

the early stage leads to better training results and improved future token predictions. Moreover, it280

consumes no more data than EAGLE, utilizing the Transformer’s parallel forwards advantage.281

5.3 Justifications for Two-Stage Training282

We conduct experiments to verify our interpretations for two-stage losses in Appendix A.2, i.e.,283

(1) the early-stage loss is a worse surrogate (but trains more efficiently); (2) and the late-stage loss284

corresponds to inference efficiency more precisely (although spending more compute on each training285

iteration).286

As shown in Figure 4, agnostic to training window sizes, the future token acceptance rates constantly287

show further degradations over distances. But unlike the strict assumption we have in Appendix A.2,288

the multi-token training loss Learly can actually “bend” the decline curves to form a slower slop as289

window size enlarges, which does not necessarily improve the 1st token acceptance rates but instead290

enhancing the overall acceptance among all future tokens – leading to a better speed than single-token291

prediction training baseline (window=1) and also justifying our early-stage training loss.292

However, there is an optimal window size (at 3) which can lead to the best end speed number. This is293

likely a trade-off between focusing on early tokens or on late tokens – although a large window helps294

preserve degradation on future token predictions, it does hurt the 1st token acceptance rates beyond a295
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Figure 5: The late-stage (10th- to 20th-epoch) draft model prediction accuracy changes using
different training losses (the validation set during training is a partial MT-Bench data). The orange
lines correspond to the model trained with our proposed late-stage loss Llate, and the blue baselines
are when the model continues to be trained with early-stage loss Learly . Due to the high variance of
accuracy changes during late-stage training, we also highlight the interpolated smooth curves.

window size of 2, at the meantime, the 1st token acceptance rate is crucial (as it is weighted the most296

in the expected acceptance length as shown in Appendix A.2).297

Figure 5 justifies the necessity of our late-stage loss. Although our late-stage training loss requires298

simulating each query token for multiple steps to train on policy (thus obviously adding linear299

time overheads with respect to steps), it is necessary to obtain better prediction capabilities after300

training. Towards the end of the training, the first-stage loss offers minimal accuracy improvements301

over time (blue lines in Figure 5), while the late-stage training loss can keep advancing prediction302

accuracies notably for all shown unrolled steps. As a result, we consider our late-stage training to be303

a complementary and necessary addition to the early-stage training.304

Finally, at the end of training, our late-stage surrogate loss Llate is shown (in Appendix A.2) to have305

an almost constant bound w.r.t. the approximated acceptance length. In contrast, many existing SD306

training approaches apply uniform weighting to predicted tokens across different steps.307

6 Conclusion308

In this work, we present a novel cross-attention-based speculative decoding (SD) modeling along309

with an effective, well-grounded two-stage training scheme built on block attention mechanisms. Our310

method employs a simpler and less tailored architecture without auxiliary layers, having an effectively311

improved early-stage training efficiency and constant GPU memory usage during simulated inference.312

With improved training strategies, we demonstrate – for the first time – that cross-attention models can313

match the performance of state-of-the-art EAGLE-v2 self-attention architecture on the same training314

data. We believe this work opens new research directions for exploring more diverse architectures315

and applications in SD, e.g., optimizing vision-language models (VLMs) for vision tasks.316

7 Limitations317

Our hypothesis that the i-th ahead token follows a geometric degradation in accuracies if these318

tokens are predicted in parallel (Eq. 9) may not strictly reflect real observations. However, this does319

not undermine our major conclusions and the necessity of our proposed two-stage training because320

we have provided sufficient arguments and empirical results in Section 5.3. Secondly, our work is321

limited to exploring efficient training strategies and architectural alternatives under comparable data322

scales. As a result, systems achieving greater speedups by training with a different scale of data (e.g.,323

EAGLE-v3 using 8x more data) or with more expenses are not compared in this work. Finally, we324

have conducted training and experiments only on smaller-scale models because we are limited by325

resources to train larger LLMs with permissive hardware, and the selection of target models is also326

largely restricted by commonly used model checkpoints shared among our evaluated baselines. We327

believe scaling our effectiveness to different model sizes is an orthogonal topic and can be left to328

future work.329
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A Appendix428

A.1 Supplementary Evaluation Table (A10G)429

Table 2: Speed and memory comparisons among different models (A10G). The left two columns
specify Target and Draft models, where V, L2, and L3 represent Vicuna, LLaMA-2, and LLaMA-3,
respectively. The metrics Spu, τ , and M represent Speedup, acceptance length, and GPU peak
Memory usage.

T D MT-Bench GSM-8K CNN-Daily
Speed Spu τ M↓ Speed Spu τ M↓ Speed Spu τ M↓

V

None 13.3 1.0 1.0 13.7 13.1 1.0 1.0 13.5 13.0 1.0 1.0 14.1
TGI 23.6 1.8 4.0 13.1 23.8 1.8 2.9 12.9 21.7 1.7 2.7 13.6
Medusa 27.2 2.0 2.1 15.0 32.3 2.5 2.6 14.9 24.6 1.9 2.0 15.3
Clover 2 21.6 1.6 4.0 16.0 21.8 1.7 4.2 16.0 16.8 1.3 3.5 16.4
EAGLE v2 40.0 3.0 3.9 14.5 46.4 3.5 4.7 14.3 30.7 2.4 3.6 14.8
Beagle (ours) 39.8 3.0 4.1 13.5 41.9 3.2 4.3 13.3 31.6 2.4 3.4 14.0

L2 None 13.2 1.0 1.0 13.8 13.3 1.0 1.0 13.3 13.0 1.0 1.0 14.2
Self-Spec 13.8 1.0 1.7 13.7 13.2 1.0 1.7 13.1 13.7 1.0 1.9 14.2
TGI 17.9 1.4 3.2 13.1 19.0 1.4 2.6 12.9 15.8 1.2 2.8 13.6
EAGLE v2 41.7 3.2 4.1 15.5 42.8 3.2 4.4 15.4 34.7 2.7 3.7 15.9
Beagle (ours) 41.9 3.2 4.1 13.5 43.5 3.3 4.4 13.2 32.7 2.5 3.6 14.0

L3 None 12.4 1.0 1.0 15.6 12.7 1.0 1.0 15.5 12.5 1.0 1.0 15.8
EAGLE v2 33.7 2.7 3.6 17.8 34.9 2.7 3.9 17.7 28.9 2.3 3.4 18.1
Beagle (ours) 33.2 2.7 3.6 15.7 34.9 2.7 4.0 15.5 27.9 2.2 3.2 16.0

A.2 Interpretations of Two Stage Losses430

For better SD inference performance, we are essentially optimizing the expected acceptance length L431

within a window k, that is,432

E[L] =
k∑

ℓ=1

Pr(L ≥ ℓ) (tail-sum formula)

=

k∑
i=1

exp(

i∑
j=1

logα(j))

(7)

where α(i) denotes the expected acceptance rate at position i. Although this objective can be directly433

modeled as a loss function using negative logE[L] and calculating logsumexp of accumulated434

logα(i) values for each simulated step, the numerical issue arise due to the large differences of435

magnitudes of values in different steps. However, as long as the training is effective (it is a reasonable436

assumption because cross-entropy loss terms are also maximizing the data log likelihoods), we may437

assume logα(i) → 0 towards the end of training. Then, by first-order Taylor expansion,438

E[L] ≈ J =

k∑
i=1

(1 +

i∑
j=1

logα(j))

=

k∑
i=1

(k − i+ 1) logα(i) + k.

(8)

This time, the RHS objective J in Eq. 8 is a more numerically stable objective.439

On the other hand, we hypothesize that the i-th ahead token follows a geometric degradation in440

accuracies if these tokens are predicted in parallel:2441

α(i) = r i−1α(1) (9)
2We do not hypothesize a degradation in autoregressive predictions because Yuhui Li et al. 2025a show that

the acceptance rates can be maintained very effectively given enough training data.
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where the degradation rate r = r(n,Θ) < 1 is a variable depending on the draft model of parameters442

Θ given a context prior to position n.443

With the draft distribution notation q
(i,j)
n (t) in Eq. 5, our general loss function in Eq. 6 can be444

rewritten as (for one window with non-branching prediction)445

L(s, l, β) = −
s∑

i=1

l∑
j=i

βi,j · Et∼pn+j [log q
(i,j)
n (t)]

≥ −
s∑

i=1

l∑
j=i

βi,j · logEt∼pn+j
[q(i,j)n (t)] (Jensen’s inequality)

= −
s∑

i=1

l∑
j=i

βi,j · log(r(j−i)α(i))

= −
s∑

i=1

l∑
j=i

βi,j · [(j − i) log r + logα(i)]

≥ −
s∑

i=1

l∑
j=i

βi,j logα
(i) (s, l are hyperparameters)

(10)

where equality holds when i = j.446

We may denote q
(j)
n (t) = q

(1,j)
n (t) according to Eq. 3 and 5, the early loss is then447

Learly = L(1, k,1) ≥ −k logα(i) = −J +

k∑
i=2

(k − i+ 1) logα(i) + k ≥ −J (11)

which can be seen as a surrogate to the objective in Eq. 8.448

Alternatively, when we simulate the exact autoregressive decoding (predicting the immediate next449

token in many steps) by assigning s = k, l = i and β∗
i,j = k − i + 1, it becomes our proposed450

late-stage loss Llate and it is also a surrogate to the objective because451

Llate = L(k, i, β∗) ≥ −
k∑

i=1

(k − i+ 1) logα(i) = −J + k. (12)

Compared to Eq. 12 where there is an almost constant gap (up to a Jensen’s Gap due to Eqs. 10),452

the surrogate gap in Eq. 11 depends on future tokens (α(i), i ≥ 2), and is expected to have a higher453

variance and thus is a worse surrogate loss. Intuitively, Llate is a better choice for late-stage training454

because it is simulating the exact SD autoregressive inference, where we essentially avoid parallel455

predictions and only predict the immediate next token.456

However, Llate is not a good choice for early-stage training because it requires “unrolling” the data457

multiple times during training, notably adding training time with almost linear increments. In contrast,458

setting single-step s = 1 and assigning maximum parallel predictions l = k as in our early-stage loss459

will substantially utilize the Transformer architecture by forwarding multiple tokens and improving460

sample efficiencies.461

A.3 Training Configurations and Observations462

We use a context length of 2048 and a training precision of TF32 in different training settings. We463

have considered using batch sizes of 4, 8, 16, and 32. Our pivot training in Figure 6 shows the464

model can converge to a similar level, less sensitive to batch size. Nevertheless, we choose to use a465

batch size of 16 for the majority of experiments. Our optimization uses the PyTorch fused version of466

AdamW (Loshchilov et al. 2019) kernel with betas (0.9, 0.95), and we use a constant learning rate of467

3e-5 with a warm-up of 2000 steps. In addition, we adopt a maximum gradient norm of 0.5.468

To align our training when replicating EAGLE (Yuhui Li et al. 2025b), we enforce the same training469

settings in EAGLE in addition to aforementioned settings. This also includes adding a Gaussian470
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Figure 6: The averaged first-token top-4 acceptance rates using MT-Bench as evaluation set during
10-epoch trainings for the Llama2 7B target model. Left: Training with different batch sizes (bs);
Right: pilot training experiments using different modeling methods with a fixed bs=8 (Right).
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Figure 7: The convergence of training (top-10 averaged acceptance rates, Learly, and vloss or the
regression loss (Yuhui Li et al. 2025b) after 10 epochs for the Llama2 7B target model. For different
batch sizes, the acceptance rates can converge to a similar level.

noise N(0, 0.2) to target model states, and importantly, adding a hidden state distillation loss (i.e.,471

vloss or regression loss) with a coefficient of 10 in both stages to regularize the training. In our pilot472

training experiments (Figure 6, right), without adding this distillation loss will cause the model to473

even degrade at the end of the training.474

Specific to our modeling, we set the early-stage window k = 5, and due to time and expense budgets,475

we limit the simulation steps s = 4 unless described otherwise. For s = 3, a single GPU with 24GiB476

memory is sufficient to train a 7B model using an unit batch size, although we choose to use the477

A6000 Ada to train our most competitive models with s = 4 and a larger batch size of 16 in most478

of experiments (according to Figure 10 and our pivot trainings in Figure 7, the differences of the479

final model should be minimal). After 10 epochs, we find that our early-stage loss starts to converge480

(Figure 7), although the incorporated EAGLE vloss can still improve.481

Our final model training processes for both stages can be found in Figure 8 and 9.482

A.4 Ablation Study483

We have done additional studies to break down the improvements in both effectiveness and efficiency.484

For effectiveness, we study the impact of simulated steps in late-stage training. As shown in Figure 10,485

both token-wise acceptance rates and inference speeds can be improved consistently by running more486

simulated steps. The further a token is in the prediction window, the more potential it has to benefit487

from a larger number of simulated steps. And methodology-wise, the two proposed training stages488

greatly improve the acceptance length almost linearly, i.e., multi-token prediction has around 0.3489

average acceptance length improvements over single-step NTP, and training-time exact simulation490

further adds a similar improvement after the late-stage training.491

Moreover, our effectiveness improvements in the late stage, compared to EAGLE-v2, mainly comes492

from mid-range tokens (2nd to 3rd tokens) where we maintain notably higher numbers in terms of493
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Figure 8: Early-stage (1 – 10 epochs) training of target models using a window size of 5.

Figure 9: Late-stage training (10 – 20 epochs) of target models using 3 simulation steps.

single
 step

+ mu
lti-t k

en

+ exa
ct sim

ulati 
n

90.0

92.5

95.0

97.5

100.0

102.5

105.0

107.5

110.0

t 
ke
n/
s

t ken/s
τ

0-α 1-α 2-α 3-α 4-α 5-α

10

20

30

40

50

60

70

80

90

%
 a

cc
ep

ta
nc

e 
ra

te
s

O%rs
EAGLE-v2 (10 ep)

3.7

3.8

3.9

4.0

4.1

4.2

4.3

τ

Figure 10: Ablations of our methods evaluated on MT-Bench. Left: Late-stage training effectiveness
at different token positions using different training settings; Middle: The end speed (in token/s) and
acceptance length ablations for the major methods proposed in this work; Right: Our model after
two-stage training compared to EAGLE-v2 trained for only the early stage.

per-token acceptance rates (Figure 10, right). This may be attributed to our cross-attention architecture494

and the condensing of future token information in the early stage of the training.495

In terms of efficiency, we provide a decomposition of the time costs for the overall generation process,496

projected over the first 256 tokens, as well as the per-iteration cost of proposing draft tokens within497

a single SD iteration (Figure 11). Our different configurations may contribute to runtime costs498

differently. Particularly, we denote our method dynamic if we apply a dynamic drafting attention499

tree similar to EAGLE, and we denote our method concate when we do concatenation with newly500

generated hidden stages to be used for generating the next token.501

As shown in Figure 11, although our optimal configuration is “dynamic+concate”, we find that502

concatenation can be disabled with only up to 3% loss in speed. This option is potentially valuable503

for deployment on devices with high memory movement penalties, where the efficiency gains from504

avoiding the copying and concatenation of dynamically generated states may outweigh the accuracy505
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steps at each training iteration).

degradation. However, achieving such flexibility is more challenging in self-attention heads where506

autoregressively generated states must be appended to predict subsequent tokens.507

However, we observe a substantial speed loss when drafting tokens using static trees compared to508

dynamic trees (Figure 11, right). This further underscores the importance of prediction accuracy in509

the speculative decoding trade-off, as static trees incur greater losses in accuracy than the gains they510

offer in iteration efficiency.511

A.5 Supplementary Explorations512

During the pilot training, we have also explored adding random masks and replacing the MLP layer513

with MoE (Dai et al. 2024)3 as shown in Figure 7. However, random masks lead to underperforming514

our proposed early-stage training, and although MoE improves acceptance rates, its added overheads515

make the resulting draft model less efficient. Nevertheless, we believe a specialized MoE kernel that516

optimizes inference speed may greatly reduce these overheads, but we leave this to future work.517

In addition, we have tried various general loss forms in Eq. 6, but trained for the initial 10 epochs. As518

shown in Figure 12, we can verify that the proposed exact simulation (when l = i) achieves better519

evaluation accuracies compared to alternative combinations. The l = k combines both multi-token520

prediction with multi-step simulations, but causes suboptimal accuracies for all 3 steps. Lastly, we521

find that the regularization loss (vloss) is crucial to the converged performance in both cases.522

3Due to GPU memory constraints, we have reduced the default routed experts to the minimal: only 2 routed
experts and 1 shared experts.
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paper’s contributions and scope?526

Answer: [Yes]527
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layout.529

Guidelines:530
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made in the paper.532
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contributions made in the paper and important assumptions and limitations. A No or534

NA answer to this question will not be perceived well by the reviewers.535
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much the results can be expected to generalize to other settings.537

• It is fine to include aspirational goals as motivation as long as it is clear that these goals538

are not attained by the paper.539

2. Limitations540

Question: Does the paper discuss the limitations of the work performed by the authors?541

Answer: [Yes]542

Justification: See our Section 7.543
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• The answer NA means that the paper has no limitation while the answer No means that545

the paper has limitations, but those are not discussed in the paper.546
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• The paper should point out any strong assumptions and how robust the results are to548

violations of these assumptions (e.g., independence assumptions, noiseless settings,549

model well-specification, asymptotic approximations only holding locally). The authors550

should reflect on how these assumptions might be violated in practice and what the551

implications would be.552

• The authors should reflect on the scope of the claims made, e.g., if the approach was553

only tested on a few datasets or with a few runs. In general, empirical results often554
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and how they scale with dataset size.562

• If applicable, the authors should discuss possible limitations of their approach to563

address problems of privacy and fairness.564

• While the authors might fear that complete honesty about limitations might be used by565

reviewers as grounds for rejection, a worse outcome might be that reviewers discover566

limitations that aren’t acknowledged in the paper. The authors should use their best567

judgment and recognize that individual actions in favor of transparency play an impor-568

tant role in developing norms that preserve the integrity of the community. Reviewers569

will be specifically instructed to not penalize honesty concerning limitations.570

3. Theory assumptions and proofs571

Question: For each theoretical result, does the paper provide the full set of assumptions and572

a complete (and correct) proof?573

Answer: [Yes]574
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Justification: We have provided some theoretical insights with assumptions and derivations575

in Appendix A.2. These are meant to provide insights and justifications for our proposed576

two-stage losses.577

Guidelines:578

• The answer NA means that the paper does not include theoretical results.579

• All the theorems, formulas, and proofs in the paper should be numbered and cross-580

referenced.581

• All assumptions should be clearly stated or referenced in the statement of any theorems.582

• The proofs can either appear in the main paper or the supplemental material, but if583

they appear in the supplemental material, the authors are encouraged to provide a short584

proof sketch to provide intuition.585

• Inversely, any informal proof provided in the core of the paper should be complemented586

by formal proofs provided in appendix or supplemental material.587

• Theorems and Lemmas that the proof relies upon should be properly referenced.588

4. Experimental result reproducibility589

Question: Does the paper fully disclose all the information needed to reproduce the main ex-590

perimental results of the paper to the extent that it affects the main claims and/or conclusions591

of the paper (regardless of whether the code and data are provided or not)?592

Answer: [Yes]593

Justification: we have provided main experimental setups in Section 5, along with supple-594

mental and detailed training setups and study in Appendix A.3. We align and specify the595

system environment for inference in the same (Docker) container to ensure reproducibility.596
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• The answer NA means that the paper does not include experiments.598

• If the paper includes experiments, a No answer to this question will not be perceived599

well by the reviewers: Making the paper reproducible is important, regardless of600

whether the code and data are provided or not.601

• If the contribution is a dataset and/or model, the authors should describe the steps taken602

to make their results reproducible or verifiable.603

• Depending on the contribution, reproducibility can be accomplished in various ways.604

For example, if the contribution is a novel architecture, describing the architecture fully605

might suffice, or if the contribution is a specific model and empirical evaluation, it may606

be necessary to either make it possible for others to replicate the model with the same607

dataset, or provide access to the model. In general. releasing code and data is often608

one good way to accomplish this, but reproducibility can also be provided via detailed609

instructions for how to replicate the results, access to a hosted model (e.g., in the case610

of a large language model), releasing of a model checkpoint, or other means that are611

appropriate to the research performed.612

• While NeurIPS does not require releasing code, the conference does require all submis-613

sions to provide some reasonable avenue for reproducibility, which may depend on the614

nature of the contribution. For example615

(a) If the contribution is primarily a new algorithm, the paper should make it clear how616

to reproduce that algorithm.617

(b) If the contribution is primarily a new model architecture, the paper should describe618

the architecture clearly and fully.619

(c) If the contribution is a new model (e.g., a large language model), then there should620

either be a way to access this model for reproducing the results or a way to reproduce621

the model (e.g., with an open-source dataset or instructions for how to construct622

the dataset).623

(d) We recognize that reproducibility may be tricky in some cases, in which case624

authors are welcome to describe the particular way they provide for reproducibility.625

In the case of closed-source models, it may be that access to the model is limited in626

some way (e.g., to registered users), but it should be possible for other researchers627

to have some path to reproducing or verifying the results.628
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• The authors should provide instructions on data access and preparation, including how648

to access the raw data, preprocessed data, intermediate data, and generated data, etc.649
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versions (if applicable).654

• Providing as much information as possible in supplemental material (appended to the655
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results?660

Answer: [Yes]661
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• The answer NA means that the paper does not include experiments.664
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that is necessary to appreciate the results and make sense of them.666
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material.668
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Answer: [NA]672
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• The answer NA means that the paper does not include experiments.680
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• The authors should answer "Yes" if the results are accompanied by error bars, confi-681
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Guidelines:722

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.723

• If the authors answer No, they should explain the special circumstances that require a724

deviation from the Code of Ethics.725

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-726

eration due to laws or regulations in their jurisdiction).727

10. Broader impacts728

Question: Does the paper discuss both potential positive societal impacts and negative729

societal impacts of the work performed?730

Answer: [NA]731

20

https://neurips.cc/public/EthicsGuidelines


Justification: We are using less-capable and licensed LLMs for experiments, and we do not732

see any negative societal impact of this work being performed.733
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faith effort.773
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• The authors should state which version of the asset is used and, if possible, include a785

URL.786

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.787

• For scraped data from a particular source (e.g., website), the copyright and terms of788

service of that source should be provided.789
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• For existing datasets that are re-packaged, both the original license and the license of794

the derived asset (if it has changed) should be provided.795

• If this information is not available online, the authors are encouraged to reach out to796

the asset’s creators.797

13. New assets798

Question: Are new assets introduced in the paper well documented and is the documentation799

provided alongside the assets?800

Answer: [NA]801

Justification: This paper will not release new assets publicly.802

Guidelines:803

• The answer NA means that the paper does not release new assets.804

• Researchers should communicate the details of the dataset/code/model as part of their805

submissions via structured templates. This includes details about training, license,806

limitations, etc.807

• The paper should discuss whether and how consent was obtained from people whose808

asset is used.809

• At submission time, remember to anonymize your assets (if applicable). You can either810

create an anonymized URL or include an anonymized zip file.811

14. Crowdsourcing and research with human subjects812

Question: For crowdsourcing experiments and research with human subjects, does the paper813

include the full text of instructions given to participants and screenshots, if applicable, as814

well as details about compensation (if any)?815

Answer: [NA]816

Justification: this work does not involve crowdsourcing nor research with human subjects.817

Guidelines:818

• The answer NA means that the paper does not involve crowdsourcing nor research with819

human subjects.820

• Including this information in the supplemental material is fine, but if the main contribu-821

tion of the paper involves human subjects, then as much detail as possible should be822

included in the main paper.823

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,824

or other labor should be paid at least the minimum wage in the country of the data825

collector.826

15. Institutional review board (IRB) approvals or equivalent for research with human827

subjects828

Question: Does the paper describe potential risks incurred by study participants, whether829

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)830

approvals (or an equivalent approval/review based on the requirements of your country or831

institution) were obtained?832

Answer: [NA]833

Justification: This paper will not involve crowdsourcing nor research with human subjects.834

• The answer NA means that the paper does not involve crowdsourcing nor research with835

human subjects.836
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• Depending on the country in which research is conducted, IRB approval (or equivalent)837

may be required for any human subjects research. If you obtained IRB approval, you838

should clearly state this in the paper.839

• We recognize that the procedures for this may vary significantly between institutions840

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the841

guidelines for their institution.842

• For initial submissions, do not include any information that would break anonymity (if843

applicable), such as the institution conducting the review.844

16. Declaration of LLM usage845

Question: Does the paper describe the usage of LLMs if it is an important, original, or846

non-standard component of the core methods in this research? Note that if the LLM is used847

only for writing, editing, or formatting purposes and does not impact the core methodology,848

scientific rigorousness, or originality of the research, declaration is not required.849

Answer: [NA]850

Justification: Our usage of LLMs does not impact the core methodology and thus does not851

require declarations.852

Guidelines:853

• The answer NA means that the core method development in this research does not854

involve LLMs as any important, original, or non-standard components.855

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)856

for what should or should not be described.857
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