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ABSTRACT

The rapid advancement of large language models (LLMs) has significantly advanced the
capabilities of artificial intelligence across various domains. However, their enormous
computational demands and high energy consumption render them unsuitable for resource-
constrained edge environments. To bridge this gap, we propose openPangu Embedded-
1B, an efficient yet effective language model optimized specifically for Ascend edge de-
vices. The model features a hardware-aware architecture that balances the trade-off be-
tween accuracy and inference efficiency. Our training pipeline consists of multi-stage
pre-training on a diverse multilingual corpus, curriculum-based supervised fine-tuning
(SFT), offline on-policy knowledge distillation, and reinforcement learning with a multi-
source reward mechanism aimed at enhancing mathematical and coding proficiency. The
resulting instruction-tuned model, openPangu Embedded-1B-V 1.1, achieves state-of-the-
art performance among billion-parameter models, demonstrating strong generalization
under strict hardware constraints while maintaining competitive accuracy across a vari-
ety of tasks. This work provides a practical and efficient solution for developing high-
performance language models on Ascend edge devices. The code and models are available
athttps://gitcode.com/ascend-tribe/openpangu-embedded-1b-v1i.1.

1 Introduction
“A sparrow may be small, but it has all its vital organs.” — Chinese proverb

Large Language Models (LLMs) have transformed the landscape of artificial intelligence by leveraging self-
attention mechanisms and massive-scale pre-training to capture hierarchical linguistic patterns, semantic re-
lationships, and cross-domain knowledge [2]. Open-sourced models such as LLaMA [34], DeepSeek [24],
Qwen [6, 38] and openPangu [8, 31] have demonstrated exceptional performance in complex tasks including
text generation, reasoning, and multilingual understanding. However, their success hinges on enormous pa-
rameter counts (e.g., DeepSeek-V3 [24] has 671B parameters in total) and extensive computational resources,
which limit their deployment in latency-sensitive or resource-constrained environments. The prohibitive en-
ergy consumption and hardware requirements of LLMs have raised critical challenges for real-world ap-
plications, particularly in scenarios demanding on-device processing, privacy preservation, or low-latency
responsiveness.

To address these limitations, a paradigm shift has emerged toward developing efficient small language mod-
els (SLMs) for edge devices and resource-constrained platforms. The growing ubiquity of smartphones, IoT
sensors, and embedded systems has heightened the demand for lightweight models that retain competitive
performance under stringent memory, power, and computational constraints. Recent advances in SLM archi-
tecture design focus on creating more inherently efficient model structures. This includes the use of hybrid
model architectures [12], and scalable training strategies [20] that reduce inference-time complexity without
compromising representational capacity. Furthermore, significant progress continues in model compression
techniques. Methods such as knowledge distillation (e.g., GKD [3]), structured pruning (e.g., SparseGPT [15]
and Pangu Light [7]), and model quantization (e.g., SmoothQuant [36] and CBQ [11]) are widely adopted.
These techniques enable dramatic reductions in model size, memory footprint, and computational require-
ments, facilitating practical on-device deployment.


https://gitcode.com/ascend-tribe/openpangu-embedded-1b-v1.1

In this work, we present openPangu Embedded-1B, a small language model specifically developed for ef-
ficient inference on Ascend edge devices. The model architecture is designed for high-speed on-device
deployment, incorporating structural choices that reduce latency and maximize hardware utilization. The
resulted architecture runs efficiently on Ascend edge devices such as Ascend Atlas 2001 A2. The large-scale
pre-training on about 10T data is conducted on Ascend Atlas 800T A2 clusters. It encompasses multiple
stages: pre-training on a diverse multilingual and multi-domain corpus, followed by an annealing phase with
high-quality data to enhance convergence and stability. Supervised fine-tuning (SFT) is conducted using a
curriculum that progresses from step-by-step to fast-response examples, strengthening general instruction-
following capability. The instruct model after SFT is named as openPangu Embedded-1B-V1.

Building upon the V1 version, we further enhance model performance through advanced post-training strate-
gies. Specifically, we employ offline on-policy knowledge distillation from a larger teacher model that shares
the same tokenizer, enabling efficient logit-level knowledge transfer. Additionally, reinforcement learning
is applied using a multi-source reward system specifically optimized to boost performance in mathematical
reasoning and code generation tasks. The resulting instruction-tuned model, named openPangu Embedded-
1B-V1.1, benefits from this comprehensive training pipeline and achieves state-of-the-art accuracy among
billion-scale instruction models.

2 Model Architecture and Pretraining

In this section we will introduce the architecture of openPangu Embedded-1B and the details of its pretraining
stage.

2.1 Model Architecture

The openPangu Embedded-1B is a 1-billion-parameter, decoder-only Transformer model [35] architected for
efficient inference on the Ascend Atlas 2001 A2 platform. Its design results from a deliberate hardware-
software co-design process, which tailors the model’s structure to the specific computational and memory
characteristics of the target hardware.

While studies such as [30, 43] suggest that deeper models can enhance capacity for a given parameter count,
this approach often compromises inference speed on resource-constrained edge devices. To address this trade-
off, our primary objective is to strike an optimal balance between model performance and inference efficiency.
The resulting hyperparameters of openPangu Embedded-1B are detailed in Table 1. Notably, the hidden size
and FFN intermediate size are specifically chosen to align with the hardware’s architecture. This ensures
efficient utilization of the Ascend compute units, effectively preventing computational idling and reducing
overhead from memory misalignment.

To validate our hardware-aware design, we benchmark the inference latency of openPangu Embedded-1B
against other models of a similar scale. As shown in Table 1, openPangu Embedded-1B achieves a Time
to First Token (TTFT) of 1834 ms and a Time per Output Token (TPOT) of 156 ms. Given that open-
Pangu Embedded-1B maintains a level of accuracy comparable to these models [38], its superior inference
speed demonstrates the significant advantages of our co-design methodology in achieving state-of-the-art
performance on the target edge platform.

Table 1: Inference efficiency analysis on Ascend Atlas 2001 A2. The latency is measured under the setting of
FP16 format, batch size of 1, input sequence length of 1024 and output sequence length of 256. TTFT: Time
To First Token. TPOT: Time Per Output Token. Avg Acc is the averaged accuracy in Table 4.

Vocab. Hidden Heads FFNinter- TTFT TPOT Avg

Model Layers

size size (Q/KYV) mediate size (ms) (ms) Acc
Qwen2.5-1.5B 28 151936 1536 12/2 8960 2171 178 55.10
Qwen3-1.7B 28 151936 2048 16/38 6144 3243 213 63.69
openPangu Embedded-1B 26 153376 1536 12/6 6144 1834 156 63.90

2.2 Pre-training data

The pre-training corpus of openPangu Embedded-1B contains high-quality and diverse 10.4T tokens pro-
duced by our domain-aware tokenizer with a vocabulary size of 153,376 tokens, as described in more detail



in [41]. This corpus is derived from various sources, including web content, books, multilingual, code, STEM
(Science, Technology, Engineering, and Mathematics), industrial domains, reasoning, and synthetically gen-
erated data. Therefore, the pre-training corpus is classified into seven major categories: General English and
Chinese, Multi-lingual, Industrial, Instruction, STEM, and Code.

Training Phases Table 2 shows that the pre-training process is structured into three sequential phases: the
general phase, the reasoning phase, and the annealing phase. These phases are designed to progressively
establish foundational knowledge and linguistic proficiency, enhance reasoning skills, and further refine both
knowledge integration and behavioral adaptability, respectively. The amount of data used in general phase is
8T, including two distinct subphases: 4T with a 4K sequence length and the other 4T with an 8K sequence
length. The reasoning phase takes 1.5T tokens with an 8K sequence length, and the annealing phase takes
0.9T tokens with a 32K sequence length. The sequence length gradually increases from 4K to 32K during
the three phases.

We annotate the data with quality and difficulty labels, and implement a curriculum learning-inspired sam-
pling strategy for reasoning examples, particularly from the STEM, instruction-style, and code dataset. This
approach dynamically progresses through three distinct phases, presenting increasingly complex examples to
optimize the learning trajectory. Overall, the pre-training data for openPangu Embedded-1B is meticulously
curated to prioritize high quality, broad diversity, and minimal redundancy.

Table 2: Data recipe of openPangu Embedded-1B pre-training.

Dataset | General | Reasoning | Annealing
General English 45% 22% 22%
General Chinese 12% 12% 11%
Multi-lingual 10% 4% 3%
Industrial 7% 10% 8%
Instruction 2% 10% 20%
STEM 7% 20% 17%
Code 17% 22% 19%

3 Post-training Strategy

In this section, we present the post-training strategy of our openPangu Embedded-1B including Two-Stage
Curriculum SFT, Offline On-policy Knowledge Distillation and Reinforcement Learning, as shown in Fig 1.
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Figure 1: An illustration of the openPangu Embedded-1B post-training pipeline. The pipeline consists of
three primary stages: Two-Stage Curriculum SFT, Offline On-policy Knowledge Distillation, and Reinforce-
ment Learning.

3.1 Post-training Data

For post-training data, core principles of high quality, diversity, and complexity are prioritized, with a
reasoning-centered design to enhance the model’s capabilities and generalization as well. The initial data
pool integrates multi-source data: open-source instruction datasets, real-world industrial queries (e.g., fi-
nance/healthcare scenarios), and synthetic problems derived from pre-training corpora. The post-training
data are split into two key subsets: reasoning tasks (advanced STEM with multi-step computation, code



generation requiring symbolic manipulation, logical inference) and non-reasoning tasks (general QA, text
analysis, long-context understanding, semantic classification, tool use, and agent), with a 3:1 sampling ratio
adopted.

To ensure data quality, a rigorous two-stage processing pipeline is constructed: 1) Prior filtering: we leverage
our models to annotate data with attributes (subcategory, question type, answer verifiability, difficulty metrics
like reasoning hops) to filter unqualified samples; 2) Diversity maintenance: We use N-gram-based MinHash-
LSH to eliminate near-duplicates, followed by the ZIP algorithm (guided by entropy [40]) to select samples by
prioritizing low compression ratios (higher diversity) and minimizing similarity to existing entries, to yield a
pattern-rich dataset. The overall post-training dataset emphasizes reasoning tasks as well as dataset diversity,
thus strengthening the model’s ability to avoid superficial pattern matching, while non-reasoning tasks support
basic language competence, collectively enhancing performance across both specialized reasoning tasks and
general abilities.

3.2 Two-Stage Curriculum SFT

In the SFT phase, we propose the Two-Stage Curriculum SFT, a method operationalized through a difficulty-
aware two-stage curriculum. The design is inspired by a fundamental insight from cognitive science, which
posits that proficient general reasoning is a prerequisite for its subsequent, more intuitive execution.

» Stage 1 (Reasoning): The initial stage focuses on building the cognitive foundation. The model
trains on an extensive corpus of reasoning-enhanced data, which features explicit, step-by-step rea-
soning chains. This phase instills deep inferential abilities and prevents reliance on shallow heuris-
tics.

» Stage 2 (Fast Response): Subsequently, the curriculum is converted to “fast response” data, con-
sisting of conventional prompt-response pairs that omit intermediate reasoning. This encourages the
model to implicitly activate and leverage its acquired cognitive framework, focusing on generating
concise and accurate final outputs.

This training method effectively activates the model’s reasoning abilities while enhancing its general capabil-
ities, improving model precision, and maintaining fast-response ability.

3.3 Offline On-policy Knowledge Distillation

On-policy distillation [3] has been proven to be an effective model compression technique. It leverages the
outputs of a larger, more powerful teacher model to guide a smaller student model, thereby enhancing the
student’s accuracy and generalization capabilities. This process enables compact student models to achieve
superior performance.

To decouple the generation of teacher model guidance data from the training process of the student model,
and to allow independent optimization of the training data and process, we design an offline version of on-
policy distillation. Unlike the online version, which cannot dynamically adjust and optimize the quality of the
generated logits, the offline version allows for selecting high-quality data during the preprocessing stage to
generate teacher model guidance information. Compared to the standard SFT process, our method introduces
only an additional Knowledge Distillation (KD) loss term. This design simplifies the implementation process,
ensuring ease of use and straightforward operation, while enhancing the flexibility and controllability of the
system.

Our method is systematically structured into two distinct phases: an offline data preparation phase followed by
a training phase. The offline data preparation phase includes two key components: Student-driven Response
Generation and Teacher’s Token-Level Logits Prediction:

* Student-driven Response Generation: The process commences with our SFI-trained student
model, which performs inference on the queries from the original training dataset. This generates
an intermediate on-policy dataset, Dy, where each sample consists of a query and the corresponding
student-generated response. This initial step, which we refer to as distillation by student, ensures
that the subsequent teacher guidance is grounded in the student’s own output distribution.

» Teacher’s Token-Level Logits Prediction: Following response generation, we employ a powerful
teacher model to annotate each sequence in D, with token-level guidance. For each position n
in a student-generated sequence, the teacher model is conditioned on the prefix of the preceding



n — 1 tokens to predict the distribution for the n-th token. Crucially, rather than performing greedy
decoding, we preserve the teacher’s full predictive distribution by recording the logits for the top-k
most probable tokens. This constrained conditioning strategy is the cornerstone of our approach.
By compelling the teacher to generate guidance from a probabilistic space already accessible to
the student, we effectively minimize the intrinsic distributional divergence between the two models.
This facilitates a more stable and efficient knowledge transfer.

Training with a Composite Loss Function In the training phase, the student model is optimized using a
composite loss function that synergistically combines standard supervised learning with knowledge distilla-
tion. The total loss L¢s:q; is formulated as the weighted sum of the Cross-Entropy (CE) loss Lo g and the
knowledge distillation loss L p:

Liotat = Lce +Axp - Lk

where A is a scalar hyperparameter that is a weighting coefficient. It meticulously balances the influence of
the direct supervised objective (Lo g) and the teacher’s distributional guidance (Lx p).

The core of the distillation process is the minimization of the KL divergence, denoted Dx (P || @), is
an asymmetric measure that quantifies how a probability distribution ) (from the student) differs from a
reference probability distribution P (from the teacher). For discrete distributions over a vocabulary of classes
C, it is defined as:

P(e)
Q(c)
By minimizing the KL divergence, the student’s output distribution (()) is trained to approximate the soft-
target distribution (P) provided by the teacher. A lower divergence value signifies that the student has success-

fully learned to mimic the teacher’s predictive patterns, effectively internalizing the knowledge transferred
during distillation.

Dgr(P | Q) = Z P(c)log

ceC

3.4 Reinforcement Learning Training Policy

We employ the same reinforcement learning (RL) training recipe as openPangu Embedded-7B [8]. Here
we summarize the key components. First, we utilize the Group Relative Policy Optimization (GRPO) algo-
rithm [28], a standard approach in the post-training phase. A significant issue emerges when every response
to a particular prompt is assigned the same reward. This scenario leads to a zero normalized advantage,
which can reduce the GRPO objective to a basic behavior cloning loss and hinder the policy’s exploratory
capabilities. To address this, we have implemented a "Zero-Advantage-Mask" mechanism, which effectively
disregards samples with a zero advantage during the loss computation. As a result, the policy is exclusively
updated using data that provides a distinct learning signal (i.e., a non-zero advantage), fostering more effec-
tive learning and robust exploration.

To provide nuanced and task-specific guidance, our multi-source reward system dynamically routes prompts
to specialized evaluators based on task characteristics, assigning correctness-based rewards for verifiable
domains like math and code through a hybrid of rule-based verifiers and a multi-stage execution process. In
contrast, for open-domain creative tasks, it employs a normalized, LLM-based preference model to emulate
human judgment, and simultaneously incorporates orthogonal auxiliary rewards from a format validator and
a repetition penalty to uphold structural integrity and conciseness without distorting the primary learning
objectives.

4 Experiments

We commence by detailing the implementation of openPangu Embedded-1B. This is followed by a compre-
hensive evaluation of both its base and instruction-tuned versions on widely-used benchmarks. Finally, we
present and discuss the key findings from our ablation studies.

4.1 Main Results

In this section, we evaluate openPangu Embedded-1B on both reasoning and normal language tasks.



4.1.1 Pre-training Evaluation

Training Setup We pre-train openPangu Embedded-1B from scratch using the AdamW [25] optimizer
with hyperparameters 51 = 0.9 and 82 = 0.95. The pre-training curriculum is designed to build foundational
capabilities progressively and is divided into two main stages: /) The first stage consists of three phases: gen-
eral ability training with a sequence length of 4K, followed by general ability and reasoning ability training,
both at a sequence length of 8K. Across these phases, we use a global batch size of 16 million tokens and a
cosine learning rate schedule that anneals from 5 x 107 to 1 x 10~°; 2) The second stage is a final annealing
phase focused on enhancing long-sequence capabilities. For this, we increase the sequence length to 32K.
The learning rate again follows a cosine schedule, while the batch size remains constant. All training tasks
are conducted on Ascend Atlas 800T A2 clusters.

Baselines & Benchmarks We compare openPangu Embedded-1B against several strong, similarly-sized
open-source baselines to situate its performance within the current state-of-the-art landscape. These include
Qwen3 [38], Gemma3 [32], and Llama3.2 [14]. Our evaluation spans a comprehensive suite of 11 bench-
marks covering four key capability areas: English, Chinese, Mathematics, and Code:

» English Language. We use MMLU [16] (Massive Multitask Language Understanding) to assess
broad general knowledge across 57 subjects; BigBenchHard [29] (BBH), a collection of challenging
BIG-Bench tasks requiring multi-step reasoning; HellaSwag [42], which tests commonsense NLI by
asking models to predict the most plausible continuation of a given scenario; and WinoGrande [1],
a large-scale benchmark for commonsense reasoning via pronoun resolution problems.

* Chinese Language. To evaluate Chinese capabilities, we employ CMMLU [22], a benchmark de-
signed to test college-level knowledge and reasoning in a Chinese context; C-Eval [21], a comprehen-
sive suite of multiple-choice questions from 52 diverse disciplines in China; and CLUEWSC [37], a
Winograd Schema Challenge task for Chinese commonsense reasoning.

* Mathematical Reasoning. Mathematical abilities are tested using GSMS8K [10], a dataset of grade-
school math word problems that require multi-step arithmetic reasoning; and MATH [17], a bench-
mark of challenging problems from high school math competitions.

* Code Generation & Reasoning. For coding, we use MBPP [5] (Mostly Basic Python Problems),
which contains entry-level programming problems; and HumanEval [9], which tasks models with
generating correct Python code from docstrings.

For base models, the majority of our evaluations employ few-shot settings, with a minority using zero-shot
prompts. We use exact matching to evaluate most benchmarks with gold answers, while employing execution-
based verification for code generation tasks.

Evaluation Results As shown in Table 3, openPangu Embedded-1B establishes a new performance bench-
mark for 1B-parameter models, consistently outperforming its peers and significantly closing the gap with
larger models like Qwen3-1.7B. The model demonstrates strong, well-balanced capabilities in both English
and Chinese, achieving high scores on general knowledge benchmarks such as MMLU (54.17) and CMMLU
(57.25). In code generation, the model shows specialized strength, achieving the top score of 34.15 on Hu-
manEval, outperforming all other models in the comparison. This combination of balanced bilingualism,
exceptional mathematical prowess, and proficient coding ability makes openPangu Embedded-1B a highly
parameter-efficient model, delivering advanced capabilities suitable for resource-constrained environments
like edge and embedded systems.

4.1.2 Post-training Evaluation

SFT Training Setup The SFT phase of openPangu Embedded-1B uses a two-stage fine-tuning approach,
each stage running for 10 epochs. For overall training stability, we employ the AdamW optimizer with a
weight decay of 0.1 and apply gradient clipping at a threshold of 1.0. We set the maximum sequence length
to 32K to maximize computational efficiency, packing multiple samples into each sequence.

The first stage focuses on complex reasoning, using a global batch size of 4 million tokens. Its learning rate
follows a cosine schedule with a 200-iteration warmup, annealing from a peak of 2 x 10~° down to 2 x 107,
The second stage targets open-ended generation tasks, using a smaller global batch size of 2 million tokens.
The learning rate for this stage also follows a cosine schedule, decaying from 1 x 1075 to 1 x 1076.



Table 3: Base model comparison between openPangu Embedded-1B and other representative base models
across a diverse set of benchmarks for evaluating language and reasoning skills. If the original paper reports
the results, we present the results from the original paper (marked with asterisks *); otherwise, we list our
reproduced results.

Benchmark ovetic  # Shots | Qwen3 | Gemma3 Llama3.2 Qwen3 | openPangu Embedded

# Total Params - | 1.7B | 1B 1B 0.6B | 1B
MMLU 5-shot | 62.63* 26.14 32.12 52.81* 54.17
Enslish BigBenchHard 3-shot | 54.47* 28.18 29.68 41.47F 40.68
g HellaSwag 10-shot | 57.71 24.72 24.72 37.15 50.74
‘WinoGrande 5-shot 56.12 50.51 50.91 50.51 52.01
CMMLU 5-shot 66.49 25.23 26.49 52.65 57.25
Chinese C-Eval 5-shot 64.68 25.50 27.36 56.36 58.59
CLUEWSC 5-shot 53.07 49.69 50.00 50.31 53.07
Math GSM8K 8-shot 82.11 14.56 22.97 70.96 67.78
MATH 4-shot | 43.50* 15.22 17.60 32.44* 45.70
Code MBPP 3-shot | 55.40* 8.20 24.00 36.60* 34.80
HumanEval 3-shot 32.93 8.54 12.80 24.39 34.15
Average | 57.19 | 25.14 28.97 45.97 | 49.90

RL Training Setup In RL training, we train openPangu Embedded-1B using GRPO with the clip higher
mechanics and a batch size 256 for 6 epochs. Each input is sampled 8 times at a maximum sequence length
of 32K with sampling parameters set to temperature = 1.0, top-k = -1, and top-p = 1.0. The clipping range
is restricted to 0.8~1.28.

The RL training data is mined from a pool of 30k queries, sourced from datasets like orz-math [19], Numi-
naMath [23], etc. Concretely, based on the KD model, we produce multiple responses for each query and
select those with a pass rate between 0 and 1 as training data, yielding 7k data for RL training. Notably, the
RL training data exclusively consists of math problems, we observe that training on math data also improves
reasoning abilities in other domains, such as coding.

Optimization is performed with the AdamW optimizer (3; = 0.9, f2 = 0.999). We adopt a cosine annealing
learning rate schedule, decaying from 1 x 107% to 5 x 10~7 within the first 100 iterations. To ensure stability,
gradient norms are clipped at 0.5. In addition, a KL penalty with coefficient 0.001 is applied to regularize the
learned policy against the reference model, preventing distributional drift. The reward function is designed
to encourage format adherence and correctness: non-conforming outputs are penalized with -1, conforming
but incorrect outputs receive -0.5, and correct answers are rewarded with +1.

Baselines & Benchmarks The openPangu Embedded-1B family is compared against several prominent
open-source models within a similar parameter class to ensure a relevant and competitive analysis. The
compared baselines include Qwen3 (1.7B and 0.6B) [38], Qwen2.5(1.5B) [39], Gemma3 (1B) [32], Llama3.2
(1B) [14] and MiniCPM4 (0.5B) [33]. Including the larger Qwen3-1.7B model serves as a critical point of
comparison, allowing for an evaluation of the parameter efficiency of the proposed approach. Performance
is measured using standard metrics appropriate for each benchmark. Accuracy (Acc) is used for tasks with
single correct answers, such as MMLU [16] and GSMS8K [10]. The F1 Score is employed for tasks like
DROP [13], which require a balance of precision and recall in text extraction. For code generation tasks
like MBPP [5] and HumanEval [9], Pass@1 is used, which measures the percentage of problems for which a
correct solution is generated in a single attempt.

To ensure a fair and comprehensive evaluation, the evaluation suite is meticulously curated to probe a wide
range of cognitive abilities, categorized into four primary domains:

* General tasks: Fundamental language understanding, multi-domain knowledge, and chinese lan-
guage proficiency are assessed using established benchmarks. These include MMLU for broad,
multi-disciplinary knowledge; CMMLU [22] and C-Eval [21] for comprehensive Chinese language
evaluation; IF-Eval [44] for instruction-following fidelity; and CLUEWSC [37] for commonsense



Table 4: Instruct model (non-thinking) comparison between openPangu Embedded-1B and other represen-
tative models across a diverse set of benchmarks for evaluating language and reasoning skills. Bold values
represent the best results in each line. If the original paper reports the results, we present the results from the
original paper (marked with asterisks *); otherwise, we list our reproduced results. To ensure the stability of
the results, we evaluate the openPangu Embedded-1B-V1.1 three times using vLLM-Ascend [4] and take the
average as the final result.

openPangu Embedded openPangu Embedded

Benchmark (Metric) Qwen3 Qwen2.5 ‘ Gemma3 Llama3.2 Qwen3 MiniCPM4 Vi V1.1

# Total Params | L7B L5B | 1B 1B 0.6B 0.5B | 1B 1B
MMLU(Aco) 63.37 52.84 37.49 32.19 44.24 55.55% 60.72 65.08
CMMLU (Acc) 61.22 53.98 31.57 10.81 42.94 65.22 51.99 55.65
General  C-Eval (Aco) 61.00" 59.30 32.49 32.08 42.60" 66.11" 60.98 63.02
IE-Eval (Prompt Strict) 68.20°  42.50* 51.57 39.37 54.50* 50.28 56.56 55.51
CLUEWSCiAcc) 77.36 74.59 50.20 52.36 50.31 49.90 68.55 78.55
Math GSMBSK (Ace) 77.03 73.20" 57.16 36.39 59.29 52.08" 66.72 82.76
MATH-500 (Acc) 73.00" 46.60 39.40 18.20 55.20" 29.60" 52.00 81.83
Reasonin DROP 1) 61.21 48.44 30.98 45.23 34.69 30.07 50.31 52.82
2 GPQA-Diamond (pass@1) | 28.60*  29.80" 19.20" 29.29 22.90* 28.28 33.84 41.70
Code MBPP (pass@1) 60.70 63.20" 58.75 40.08 46.69 59.14* 54.09 59.31
HumanEval (pass@1) 68.90 61.60" 40.24 29.88 40.85 46.34" 56.71 66.66
Average \ 63.69 55.10 \ 40.82 33.26 44.93 48.42 \ 55.68 63.90

reasoning. These benchmarks test a model’s core knowledge base and ability to apply it in varied
contexts.

* Mathematics: To evaluate complex, multi-step quantitative reasoning, the evaluation employs
GSMS8K and MATH-500 [17]. These benchmarks require numerical computation and the critical
ability to translate natural language problems into logical steps, testing the depth of a model’s rea-
soning capacity.

* Reasoning: The models’ capacity for complex reasoning and information extraction is tested using
DROP [13], which measures reading comprehension intertwined with arithmetic reasoning, and
GPQA-Diamond [26]. This question-answering dataset that probes deep, domain-specific reasoning
in physics and chemistry.

* Code Generation: Proficiency in programming is evaluated using MBPP [5] and HumanEval [9].
These benchmarks assess the ability to synthesize correct and functional code from natural language
docstrings, a key skill for practical applications.

Decoding Strategy. For openPangu Embedded-1B-V1, the inference is conducted using a greedy decoding
strategy with a decode length of 8K. The subsequent model, openPangu Embedded-1B-V1.1, results from
applying knowledge distillation and RL. The RL training process necessitates a less restrictive approach
to explore the potential token selections fully. The decoding method for openPangu Embedded-1B-V1.1 is
therefore set to sampling to maintain consistency between training and inference. Specifically, the parameters
are configured as follows: do_sample is enabled, top-k is set to -1 (disabled), top-p is 1.0, temperature is 0.7,
and the decode length is 28K.

Evaluation Results The empirical results (summarized in Table 4) unequivocally establish the superior
performance of the openPangu Embedded model family, with the openPangu Embedded-1B-V1.1 setting a
new state-of-the-art for models in the 1B parameter class. A salient finding is its aggregate performance,
achieving an average score of 63.90, which is on par with the larger Qwen3-1.7B model (63.69). This demon-
strates exceptional parameter efficiency, suggesting that advanced training and alignment methodologies can
be more impactful than simply scaling model size. The model’s most profound advantage lies in mathematical
and complex reasoning, where it achieves leading scores on GSM8K (82.76) and MATH-500 (81.83). This
strength is complemented by robust general knowledge capabilities, securing top positions on benchmarks
like CLUEWSC (78.55) and MMLU (65.08), highlighting a robust and well-rounded bilingual foundation.
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Figure 2: Evolution of pre-training accuracy with various learning rates. The evaluation metric is the average
few-shot accuracy across eight datasets: MMLU(5-shot), CMMLU(5-shot), CEval(5-shot), BBH(3-shot),
GSMS8K(8-shot), MATH(3-shot), MBPP(3-shot), and HumanEval(3-shot). All results are generated using
greedy decoding.

4.2 Ablation Studies
4.2.1 Pretraining Learning Rate

We conduct a meticulous tuning process and ablation study for the pre-training learning rate. To determine
the optimal learning rate, we experiment with a range of learning rates: 5 x 1072, 2 x 1073, 1 x 1073, and
5 x 1074, to observe their respective impacts on model accuracy.

As illustrated in Fig 2, while the model trained with a learning rate of 5 x 10~2 exhibits lower accuracy during
the initial training phases, it surpasses the other models upon completion of the general capability training
stage. Notably, its accuracy continues to improve significantly during the annealing phase.

Fig 3 illustrates the training loss trajectory, which follows a consistent downward trend throughout the training
process. A key observation relates to the impact of the learning rate on initial training stability. Specifically,
the model trained with a higher learning rate of 5 x 10~2 exhibits pronounced loss spikes in the early stages.
In contrast, models trained with lower learning rates display considerably smoother loss profiles. Crucially,
as substantiated by our final results (Fig 2), this initial volatility has a negligible impact on the final model
accuracy. This finding suggests that for this architecture, early-stage loss spikes are a tolerable artifact of an
aggressive learning rate and do not indicate poor final performance.

422 SFT

To optimize the SFT process, we conduct a series of ablation studies to investigate whether a multi-stage
training curriculum can enhance the model’s "fast thinking" or intuitive response capabilities. Specifically,
we seek to determine whether first fine-tuning on deliberative reasoning tasks before fine-tuning on rapid-
response data yields superior performance. We evaluate three distinct training methods:

* One-Stage Curriculum (Direct Fast Response). In this single-stage approach, the model is directly
fine-tuned using only the fast response dataset. This baseline measures the efficacy of training
exclusively on target-domain data without any preparatory learning phases.

* Two-Stage Curriculum (Reasoning-to-Fast, without CoT). This method includes a two-stage cur-
riculum. The model is first trained on a Reasoning dataset from which the intermediate reasoning
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(b) Loss trajectory during the initial <100B tokens of the pre-training phase.

Figure 3: Pretraining loss trajectory for openPangu Embedded-1B with a learning rate of 5 x 1073, (a) Loss
trajectory for the full pre-training phase, where the y-axis is clipped to a maximum value of 6 for improved
readability. The pre-training process is divided into four stages: General 4K, General 8K, Reasoning 8K, and
Annealing 32K. A consistent downward trend in loss is observed within each stage. Note that the baseline
loss during the Reasoning phase is comparatively lower due to the characteristics of its training data. (b) Loss
trajectory during the initial <100B tokens of the pre-training phase (from-scratch). The initial loss value is
12.25, and a rapid decrease in loss is observed during this early stage.
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steps (i.e., the "thought process") have been explicitly removed. Following this, the model is fine-
tuned on the fast response dataset. This approach tests the benefit of a sequential training regimen
on datasets with different characteristics, without explicitly teaching the model to reason.

* Two-Stage Curriculum (Reasoning-to-Fast, with CoT). openPangu Embedded-1B is also trained
in two stages. However, in the initial stage, it is fine-tuned on the complete Reasoning dataset, which
crucially retains the detailed reasoning chains and thought processes. This stage is designed to instill
deliberative reasoning capabilities before fine-tuning for rapid-response generation.

Table 5: Accuracy comparison of SFT methods with greedy decoding. All SFT models are fine-tuned from a
pre-trained model with a learning rate of 2e-3 and a decode length of 8K.

| General | Math | Reasoning | Code |
Method | MMLU CMMLU C-Eval IF-Eval CLUEWSC | GSMS8K MATH-500 | DROP GPQA-Diamond | MBPP HumanEval | AV
Direct Fast-Response 6071 5407 5850 5712 57.89 62.32 4420 | 34.68 31.82 5019 5366 | 5138
Reasoning (w/o CoT) — Fast | 6135 5019 5947  58.60 69.67 64.44 4720 | 4206 37.37 5097 5732 | 5442
Reasoning (w/ CoT) — Fast | 6072 5199 6098  56.56 68.55 66.72 5200 | 5031 33.84 5409 5671 | 55.68

The experimental outcomes highlight the efficacy of our proposed two-stage curriculum. Specifically, the
Reasoning (w/o CoT)-to-Fast approach outperforms the direct Fast-Response method, yielding a 3.04% gain
in accuracy. This suggests that a multi-stage approach, even without explicit "thought process", helps the
model adapt more effectively by learning from a different data distribution before specializing.

Most significantly, the Reasoning (w/ CoT)-to-Fast approach achieves the highest accuracy of 55.68%, sur-
passing both other configurations. This result strongly supports our hypothesis. We equip the model with
foundational logical and problem-solving skills by exposing it to data that includes explicit reasoning paths.
This initial Reasoning phase acts as a form of cognitive scaffolding. When the model is subsequently fine-
tuned on the "fast-response” data, it is not merely memorizing input-output pairs. However, it can leverage
its previously acquired reasoning abilities to generate more robust and accurate responses. This demonstrates
the profound value of a curriculum that prioritizes the development of underlying reasoning skills before
optimizing for rapid, intuitive task completion.

4.2.3 Knowledge Distillation

We conduct a systematic ablation study on knowledge distillation to further enhance model performance.
Our analysis focuses on four key dimensions: (i) the weighting of the distillation loss term, (ii) the effect of
the top-k value during decoding, (iii) the timing of the distillation phase, and (iv) the choice of distillation
strategy. This investigation aims to elucidate each factor’s relative importance and identify the most effective
configuration.

Knowledge Distillation Loss Weight. To optimize the balance between the standard cross-entropy loss and
the distillation loss, we conduct experiments with different values of the KD loss weight (A g p), ranging from
0.5 to 1.0. To accelerate the experimental cycle, we conduct distillation experiments based on an intermediate
version of the pre-trained model (learning rate: 2 x 10~3), which has undergone only a single stage (Direct
Fast Response) of SFT. This approach introduces a new Stage 2 to perform distillation guided by labels, with
the distillation learning rate kept consistent with that used in SFT. This systematic comparison shows setting
A p = 0.9 yields the best overall performance, as shown in Table 6.

Table 6: Effect of KD loss weight on the average benchmark performance of stage2 distillation by label. The evaluation
metric is the average zero-shot accuracy across eight benchmarks: MMLU, CMMLU, CEval, BBH, GSMSK, MATH,
MBPP, and HumanEval. All models use greedy decoding with a decode length of 8K.

AKD 0.5 0.6 0.7 0.8 0.9 1.0
Average 53.71 53.80 53.63 54.09 55.00 54.14

Top-k Value Effect. To explore the impact of the number of top tokens used in the distillation process,
we experiment with two values for the top-k parameter: 5 and 10. By adjusting the value of k, we aim to
investigate how the number of candidate logits influences model performance. The experimental setup is
consistent with that described in the Knowledge Distillation Loss Weight section. We observe that training
time remains almost identical across different k& values. In terms of performance, increasing k consistently
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improves accuracy: top-k=10 outperforms top-k=5 by 0.43%, as shown in Table 7. Hence, we adopt Axp =
0.9 and top-k=10 by default unless otherwise specified.

Table 7: Effect of top-k value on the average benchmark performance of stage2 distillation by label. The evaluation
metric is the average zero-shot accuracy across eight benchmarks: MMLU, CMMLU, CEval, BBH, GSM8K, MATH,
MBPP, and HumanEval. All models use greedy decoding with a decode length of 8K, and the KD loss weight is fixed at
Axp = 0.9.

Top-k 5 10
Average Performance 54.57 55.00

Distillation Phase Timing. We further investigate the optimal timing of the distillation process to achieve
the best final performance. To prioritize model accuracy, we adjust the experimental setup. The following
distillation experiments are conducted on a model that is based on the final pre-trained version (with a learning
rate of 5 x 107?) and has undergone a two-stage SFT (reasoning-to-fast, with CoT) process. We examine
two approaches.

* Stage 2 Distillation: Replacing the second stage of our existing SFT process with a distillation phase.

» Stage 3 Distillation: Appending a dedicated third stage for distillation, initialized from the checkpoint of
the completed Stage 2.

Based on the findings from the Knowledge Distillation Loss Weight and Top-K Value Effect section, we adopt
the optimal configuration with top-k=10 and A p=0.9 for the following experiments. These experiments
employ logits-based distillation conditioned on ground-truth labels. As shown in Table 8, replacing Stage 2
with distillation yields a 2.42% improvement. However, extending training with an additional Stage 3 delivers
a slightly larger gain of 2.51%.

The results suggest that retaining the original SFT Stage 2 is essential, as it equips the student model with a
strong task-specific foundation. Once this foundation is established, a subsequent distillation stage can more
effectively align the student’s representations with the teacher’s output distribution. Thus, treating distillation
as a complementary final step, rather than a substitute for core training, proves more effective in unlocking
the model’s full potential.

Table 8: Ablation study on knowledge distillation. "Distillation by Label" means teacher logits are con-
ditioned on ground-truth labels, with the teacher’s topk-10 predicted logits serving as auxiliary guidance,
whereas "Distillation by Student" means teacher logits are conditioned on the student’s own predictions to
encourage self-consistency. All models use greedy decoding with a decode length of 8K.

| General | Math | Reasoning | Code |

Method | MMLU CMMLU C-Eval IF-Eval CLUEWSC | GSMSK MATH-500 | DROP GPQA-Diamond | MBPP HumanEval | V€
Stage2 SFT 6321 5310 5851 5638 76.95 70.89 56.20 2873 4343 5253 59.15 | 5628
Stage2 Distillation by Label 6138 5512 6014 5693 75.41 7278 6460 | 43.01 4293 5136 6159 | 58.66
Stage3 Distillation by Label 6268 5397 5883 5970 7756 72.10 65.20 3024 46.46 5720 6280 | 58.79
Stage3 Distillation by Student | 6591 5617 6430  59.33 79.51 76.72 7140 | 40.99 44.95 5875 67.07 | 6228

Distillation Strategy. We conduct a key ablation study to compare two distillation strategies. Specifically,
The first is the conventional approach (distillation by label) [18, 27], where teacher logits are conditioned
on ground-truth labels. The second is offline onpolicy distillation strategy(distillation by student), where the
student model first generates its own response, and the teacher then provides target logits based on that output.
As shown in Table 8, the results demonstrate the clear superiority of offline onpolicy distillation(distillation
by student), which achieves a substantial performance increase of 3.49%.

This finding highlights the benefit of aligning the teacher’s guidance with the student’s output space. By
conditioning distillation on the student’s response, the teacher provides corrective and refining signals on a
distribution immediately relevant to the student’s current state. This alignment minimizes the distributional
mismatch between the two models, creating a more stable learning signal and facilitating more effective
knowledge transfer.
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Figure 4: RL training performance for mathematical tasks. These curves illustrate that mathematical ability
can steadily improve with RL training.

4.3 RL Training Process

The reward curve during the training process is shown in Fig.4, where we also append the test curves for
Math500 and GSMS8K. The test curves for other tasks are presented in Fig.5. Overall, the reward steadily
improved during the RL training, resulting in a substantial boost in mathematical reasoning ability, while

maintaining performance across other domains.
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Figure 5: RL training performance for other tasks. These curves demonstrate that other domain abilities are

well maintained during RL training.

5 Conclusion and Discussion

This work presents openPangu Embedded-1B, a highly efficient small language model optimized for deploy-
ment on Ascend edge devices. By integrating a hardware-aware architecture with a comprehensive multi-
stage training pipeline including large-scale pre-training, curriculum-based SFT, offline on-policy knowledge
distillation, and multi-source reward reinforcement learning, we have developed a compact yet powerful
model that achieves state-of-the-art performance among models with around 1 billion parameters. All the
training and deployment are conducted on Ascend hardware. Extensive experiments demonstrate that open-
Pangu Embedded-1B excels in mathematical reasoning, code generation, and multilingual understanding
while maintaining superior inference efficiency on Ascend edge hardware. This provides a practical and scal-
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able solution for bridging high-performance Al and edge deployment, paving the way for advanced on-device
intelligence. Future work will focus on expanding capabilities and optimizing for broader edge scenarios.
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A Inference Efficiency Analysis on Ascend Atlas 3001 DUO

Table 9 presents a comparative analysis of inference efficiency conducted on a single Ascend Atlas 3001
DUO single chip. The experiments were performed under the FP16 precision, with a batch size of 1, an input
sequence length of 1024, and an output sequence length of 256.

The results demonstrate that the openPangu Embedded-1B model achieves excellent performance in TTFT,
requiring only 149 ms. This outperforms models of similar parameter scales such as Qwen3-0.6B (173 ms)
and Qwen3-1.7B (247 ms), and is even lower than the fewer-layer Llama3.2-1B model (151 ms). In terms of
TPOT, openPangu Embedded-1B achieves 62 ms, which is comparable to Qwen3-0.6B but significantly better
than the larger-parameter Qwen3-1.7B (76 ms). It is worth noting that although Llama3.2-1B performs best
in TPOT (41 ms), its model architecture employs a shallower architecture. Considering the findings in [30]
that deeper layers with the same parameter count are more conducive to improving model accuracy, we
adopt a deeper architecture in openPangu Embedded-1B. From the results in Table 4, openPangu Embedded-
1B achieves much better performance over Llama3.2-1B. It shows that openPangu Embedded-1B achieves
high performance while maintaining inference efficiency.

Table 9: Inference efficiency analysis on Ascend Atlas 3001 DUO single chip. The latency is measured under
the setting of FP16 format, batch size of 1, input sequence length of 1024 and output sequence length of 256.
TTFT: Time To First Token. TPOT: Time Per Output Token. Avg Acc is the averaged accuracy in Table 4.

Vocab. Hidden Heads FFNinter- TTFT TPOT Avg

Model Layers size size (Q/KYV) mediate size (ms) (ms) Acc
Qwen3-0.6B 28 151936 1024 16/8 3072 173 62 4491
Llama3.2-1B 16 128256 2048 16/8 8192 151 41 33.26
Qwen3-1.7B 28 151936 2048 16/8 6144 247 76 63.69
openPangu Embedded-1B 26 153376 1536 1276 6144 149 62 63.90
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B Response Examples

’_[ Case Study: Model Outputs on a Chinese Traffic Regulation Question ]
J

Question

RHLE AR A B AT, BEIRE LN 50 KR RF RN, WEEAM?
A) HREERL 120 2 HL//NRTEEEBEATRE, HEIFRIEOEAT o
B) iR 20 AN //DMUUF, JRMIEIDI0 PSS S A
C) TFAGRAEINIEAT, I e SR L

D) FFAEHFE A 60 A MM, I STHIAEGREE 100 KA EIKHE .
. J

Model Responses

openPangu Embedded-1B-V1.1

Egﬁég FFIRE WLEL/NT 50 KRR, 23 BUAFURILAF 44 fif it -
g L
B) KR 20 AH//NMELE, JEAEI TRl A g

it b :
- YL BEMEIRIALRS: LIS/ TS 5O KW P A B 1A, 25 5 BV I 26 DA (%2 4

TR AR CHBEAZIIZE AR B XU, BRI/ 150 ORI IVIFIHFEAT (SGEIEAT)  PRIGERE, I BT RUNAT . RELEENT
50 K, AR 20 AW /PHELF (SEAR), DA KRB A .

[ TR A R S WV e e E ORI AR /v S i o | EN VAR VR B LAY o e (R AW R e S D ¢

4. LA B -

A) BKEELL 120 2N //NWIEIFRERAT - TECAT LIS T7 L E AR FL 120 23 5L/ /LR BE DL BERR AR 073 A A 5 25 Bl 2

C) JFRDNAT b 4 7 b 5 B WU RERR AR AT RE B, FR A B TR 0, A 75 2 XA 5

D) 4iFEE 60 AW //MHEREF 100 JKBigg: 60 240 //NITERE LR AR 3R, . 100 KEFECRTE R ZATHR (0 150 %),

o=

w

AR :

R b N B AT L B S0 2 Ak S A By 55—k
AESLEL/INVT: 200 ORI, AEAORTRIEAE/MT 100 2L, JFESET . 3I6AT s REULB/INVT: 100 K, ZEEATS@L AN 60 A0,
’4?%!%&%%?‘%%; REMLE/I T 50 JKiE, AMUATHELL /bt 20 AN, FHNERBNATEE, JEREAT. M, MR
VBRI 2 B

gk
JEI B AT UE I TERMGE N T 2 A AT R

gemma-3-1b-it

f&\ﬁﬁﬁ?% C) FFIAERARE AT, I e RS %

VAR R J5A -

TERARE AT AEREWBEIRT 50 RIGRF R, EMILZI, X255 0 2 AR ™ T TP A AR R ATl DASR R A

T, IF RV AT IR A A Y T REE

AP AR AEREMIENCI, VSRl bR S MR IAT ), M B AN e A el MR, AR, Sk AT et i A

HAL UG R

A) QRSP 120 22 HL//INREREBEATRE , HEIFRUEIGIT s BRI AR ILBEIRAGIT DL , ARl ARG AT e S0 JhiO xR

B) AR 20 22 HL//INEFDAR 9 MR YRR e 2B A A R T e 28 B S B R S IR T TR

D) FFAEHME S 60 AML//N, IFSHIAARKE 100 KA EIHEE: SXFMFERAERE DL AR TTOU T, SR SORZmba], Il e SE0ii

TSR TERRILIEARI , 55 MRS LRI, I PE AR JA B4, AT VE fi RIS B T A

%Zéﬁ(ﬁﬁ)@-ﬂﬂ. ISR G AT IR BT AT . SR AT G R IR TE, TP SRR NGAT, TR ARSI
B

Qwen3-1.7B (non-thinking mode)

AERE A B FIBEIREULIEINT 50 DRI RZE RAU, B %D R RIA it -

AL :
C) JFRERARE AT, JERHps 2 FE R E L.
JEC PRI i

FEWLIE/N T 50 K, I Tis iAW R a0l , shih i i, BAUR BT
AREEATYL (BT A) SIINSEiOAR:, SRR F PRI UL T -
W 20 AN//PMULE (ks B) BSAWTUREIOARS, (05l GEfEg b i, JUIE MREWIE HEEEIE T 50 ki
PREF 100 KL LGB (WL D) L OGE TR ML BRI, RAEAE KT R IR HE
FERGEIEAT (RSt A) FERFZ AR, A5z . SR e o
EfE%R: C

Figure 6: A demonstration of output from different models on a Chinese traffic regulation question. Reason-
ing that is non-compliant with traffic law is labeled as red, while correct reasoning is highlighted as green.
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’_[ Case Study: Model Outputs on a Physics Optics Question ]
J

Question

An object is placed 30 cm in front of a converging (convex) lens with a focal length of 20 cm. Where is
the image formed?

A) 60 cm in front of the lens
B) 12 cm behind the lens

C) 60 cm behind the lens
D) 12 c¢m in front of the lens

Model Responses

openPangu Embedded-1B-V1.1

To determine where the image is formed when an object is placed in front of a converging (convex) lens
with a focal length of 20 cm, we can use the lens formula:

1 1 1

f v o wu
where:
e f = focal length of the lens (20 cm for a converging lens)

e u = object distance (-30 c¢m, since the object is placed in front of the lens and distances are measured
from the lens; the negative sign indicates the object is on the left side)

« v = image distance (to be determined)

Step 1: Plug in the known values into the lens formula

1 1 1
20 v —30
Simplify the equation:
L1 1
20 v 30
Step 2: Solve for % Subtract i from both sides:
r_1_ 1
v 20 30

Find a common denominator (60):
1 3 2 1

v 60 60 60
Step 3: Solve for v Take the reciprocal of both sides:

v =60 cm

Step 4: Interpret the sign of v and the image location Since v = 60 cm is positive, this means the
image is formed on the opposite side of the lens from the object. Therefore, the image is formed
behind the lens.

Step 5: Verify using the magnification formula (optional) The magnification m is given by:

Substitute the values:
_eo
=30 T
The negative sign indicates that the image is inverted (as expected for a converging lens when the object
is placed beyond the focal length). However, the question asks for the distance of the image from the
lens, which we have determined to be 60 cm behind the lens. Final Answer: The image is formed

60 cm behind the lens. Option C is correct.

]

Figure 7: A demonstration of output from different models on a physics optics question. Wrong answer is
labeled as red, while correct answer is highlighted as green.
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gemma-3-1b-it

Here’s how to solve this problem:

Understanding Converging Lenses

A converging lens converges (brings together) parallel rays of light. This causes parallel rays to converge
at a point called the focal point.

Applying the Lens Equation

The lens equation is: 1/f =1/d, + 1/d;

Where:

o [ = focal length
e d, = object distance (30 cm)
¢ d; = image distance (what we want to find)

Calculations

Set up the equation:

1/20 = 55 +1/d;

Solve for d;:

1/d; =1/20—1/30

1/d; = (3 —2)/60

1/d; = 1/60

d; = 60 cm

Answer

The image is formed 60 cm behind the lens.
Therefore, the correct answer is B) 12 cm behind the lens.

Qwen3-1.7B (non-thinking mode)

To solve this problem, we use the thin lens equation:

1 1 1

fose s

Where:

- f is the focal length of the lens, - s, is the object distance from the lens, - s; is the image distance
from the lens.

Given:
- Focal length f = 20 cm, - Object distance s, = 30 cm.

Step 1: Plug in the values

Solve for si:

So,
s; =60 cm
Step 2: Interpret the result
The image is formed 60 cm behind the lens, which corresponds to option C). — Correct Answer:

C) 60 cm behind the lens.

Figure 7: A demonstration of output from different models on a physics optics question. (Continued)
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