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1 Introduction

Recent large language models have demonstrated strong performance on complex reasoning, program synthesis,
and tool-augmented problem solving (Meta AI, 2025; OpenAI et al., 2024, 2026; Guo et al., 2025). Work on
open-weight models has shown that architectures with substantially fewer parameters can recover much of the
performance of their larger counterparts when given sufficient data or targeted optimization (Gemma Team
et al., 2026; Qwen Team, 2025; Abdin et al., 2024). Nevertheless, many publicly available models aimed at
consumer hardware are trained as general-purpose systems and lack the specialization required for reliable
autonomous agent behavior, such as sustained multi-step reasoning, robust tool invocation, and principled
handling of private user context. This leaves an unaddressed gap between the capabilities of proprietary
cloud-hosted systems and those available to developers building local AI agents.

We present Muse Glimmer, a 30-billion parameter language model purpose-built for autonomous agentic tasks
suitable for running entirely on consumer hardware. Muse Glimmer is distilled from Muse Spark, Meta’s
frontier-class model (Menghini et al., 2026), inheriting its reasoning depth and tool-use reliability while being
compressed into a form factor that fits on devices that have 32GB of dedicated memory available. The result
is a model that delivers strong intelligence for agentic on-device workloads: multi-step planning, sequential
tool invocation, failure recovery, and long-horizon task execution. The model supports ≈ 140 languages, with
robust multilingual knowledge and reasoning and demonstrated multilingual agentic capabilities.

Our main contributions are as follows:

• We release Muse Glimmer, a 30B model that sets a new standard for its size class across tool use,
multi-step reasoning, and task completion and performs strongly compared with Gemma4-31B and
Qwen3.6-27B.

• We demonstrate that targeted distillation from a frontier-class teacher can produce a capable small
model, achieving good performance with fewer parameters and lower inference compute cost.

• We demonstrate that a dense architecture delivers high capabilities given our memory constraint on the
size of the model as compared to mixture-of-experts.

• We show that through a combination of 4-bit quantization and speculative decoding, the model achieves
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suitable speeds for usage on edge hardware while preserving its quality.

• We release artifacts under Apache 2.0: full-precision weights, 4-bit quantized weights, and a DFlash (Chen
et al., 2026) head for speculation, enabling the community to deploy, fine-tune, and extend the model.

2 Architecture

Muse Glimmer is a 30B parameter causal language model augmented with a dedicated perception encoder
for multimodal input. The model accepts interleaved text and image tokens and produces text output. We
summarize the architecture in Table 1 and detail the key design choices below.

Table 1 Architecture of Muse Glimmer.

Property Value

Architecture Dense Causal Transformer
Total parameters ∼ 29.6B

Language model (transformer blocks) ∼ 25.16B
Token embedding (untied) ∼ 1.34B
Output projection (untied) ∼ 1.34B
Perception encoder ∼ 1.8B

Input modalities Text + Image
Output modality Text
Hidden dimension 6656
Layers 52
Attention heads (Q / KV) 32 / 2 (GQA ratio 16:1)
Head dimension 128
FFN type SwiGLU
FFN intermediate dimension 19,968
Sliding window size 2048
Attention pattern [Local, Local, Local, Global] repeating
Position encoding RoPE (θ = 500,000), local layers only
Gated attention Yes
Vocabulary size 202,048
Context length 128K+

2.1 Languagemodel

The language backbone comprises 52 transformer layers with a hidden dimension of 6656, totaling ∼25.16B
parameters (excluding embedding and output layers). We use untied input and output embeddings over a
vocabulary of 202,048 tokens, each contributing ∼1.34B parameters (202,048× 6656).

Attention. Each layer uses grouped-query attention (GQA) with 32 query heads and 2 key-value heads (ratio
16:1) at a head dimension of 128. We employ a sliding window of 2048 tokens in a repeating pattern of three
local-attention layers followed by one global-attention layer, bounding KV-cache growth while preserving
long-range information flow. Gated attention is applied throughout. Rotary position embeddings (RoPE)
with θ = 500,000 are applied exclusively to the local attention layers; the global layers rely on the accumulated
positional signal from surrounding local layers, making the model extendable.

Feed-forward network. Each layer’s FFN uses SwiGLU activation (Shazeer, 2020) with an intermediate
dimension of 19,968. The SwiGLU formulation uses three weight matrices—gate projection W1 ∈ Rd×dff , up
projection W2 ∈ Rd×dff , and down projection W3 ∈ Rdff×d—yielding an effective expansion ratio of ∼3× the
hidden dimension.
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Figure 1 Power law fits of bits-per-byte with respect to GPU-Hrs for the three ladders under consideration (GPU-Hrs is
estimated based on final target model MFU). The dense ladder uses 550 TPP, while the MoE ladders use 2,800 TPP
(1:8 sparsity) and 6,000 TPP (1:16 sparsity). The total parameter count for the target model in each of these options
was chosen such that they can fit into 32GB VRAM.

2.2 Multimodal input and the perception encoder

To support interleaved text-image input, we adopt the Perception Encoder (Bolya et al., 2025) which leverages
a NaViT-style (Dehghani et al., 2023) vision backbone. The encoder is a ∼1.8B-parameter ViT-G/14 with
50 layers, width 1536, and patch size 14 that processes images at native resolution using a 448-px reference
grid. Its output tokens are spatially downsampled via a 2× 2 pixel-shuffle, passed through a two-layer MLP
adapter, and then projected into the language model’s embedding space by a single bias-free linear layer
followed by parameter-free RMSNorm.

Unlike approaches that rely on dynamic tiling with a thumbnail / global crop (Cho et al., 2026; Liu et al.,
2024b), we use a single aspect-ratio-preserving resize to a valid token grid. After the 2×2 spatial downsampling,
one output visual token corresponds to a 28 × 28 pixel cell originating from 14 × 14 ViT patches. Thus,
a 448 × 448 image yields 32 × 32 = 1024 raw ViT patches and 16 × 16 = 256 output visual tokens. For
higher-resolution images, we increase the grid up to a maximum of 4096 output tokens per image.

We keep the perception encoder frozen throughout training. While Muse Glimmer can ingest video as a
sequence of frames, it is not explicitly optimized for video. Instead, we optimize for interleaved text and
image understanding, including multi-image contexts.

2.3 Design for on-device efficiency

Our primary design constraint for Muse Glimmer was to operate reliably within a strict 32GB VRAM
envelope, which is the practical ceiling for consumer-grade hardware. To determine the optimal architecture
under this hardware limit, we evaluated candidate configurations by training a series of progressively scaled
architectural ladders that compared a dense baseline against two Mixture-of-Experts (MoE) designs featuring
different routing sparsity (1:8 and 1:16 active experts). We standardized this comparison by keeping the
total memory footprint at inference fixed. Under this constant memory ceiling, we estimated the target
tokens-per-parameter (TPP) based on our allocated training GPU-hours and the estimated Model FLOP
Utilization (MFU) for each configuration. Given our compute budget, all of our ladders operate in over-trained
regimes. Scaling curves (Fig 1) demonstrated that within constraints of training compute and parameter size,
dense configurations yielded a 2×-2.5× increase in compute efficiency compared to the MoE counterparts.
Consequently, we selected a dense 30B parameter design for the architecture.

Beyond static parameter weights, the memory footprint of long-horizon agentic sessions is heavily dominated
by the size of the key-value (KV) cache (Gemma Team et al., 2026). To mitigate this during multi-step
agentic execution, Muse Glimmer incorporates techniques, such as the sliding-window attention to bound
KV-cache growth for long contexts, and using grouped-query attention with only 2 KV heads per layer with
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Table 2 Muse Glimmer capability scorecard. We compare Muse Glimmer at high reasoning strength against the
competitive open models Gemma4-31B and Qwen3.6-27B across agentic, tool-use, reasoning, multimodal, memory,
and privacy/security evaluations. Best capability per row in bold. Higher is better unless marked ↓. All benchmarks
were screened for contamination.

Capabilities Scorecard

Domain Evaluation
Muse Glimmer

(high)
Gemma4-31B
(thinking)

Qwen3.6-27B
(thinking)

Agentic & Coding

τ³-Banking 23.5 15.1 16.7
WildClawBench 47.6 37.6 43.2
GAIA2 43.3 36.4 40.0
GDPval-AA 953 811 1141
SciCode 43.6 43.4 39.8
OSWorld-Verified 65.9 58.5 75.6
SWE-Bench Verified 76.0 66.6 77.2
SWE-Bench Pro 51.2 36.9 50.2
TerminalBench 2.1 (Terminus2) 51.7 43.4 60.7

Tool Use MCPAtlas 75.5 54.2 62.5

Reasoning & Knowledge
DeepSearchQA 74.6 61.7 71.1
AIME 2026 94.7 89.2 94.1
GPQA Diamond 83.5 85.7 84.2
HLE 22.0 23.6 23.1

Instruction Following
IFBench 77.0 76.0 70.8
SkillsBench 44.3 32.4 46.6

Multimodal

CharXiv Reasoning 78.8 77.7 78.4
MMMU-Pro 74 73 75
OmniDocBench v1.5 75.8 72.5 77.8
Screenspot Pro 75.4 75.9 76.1

Memory & Long Context
Beam 128K 65.1 58.2 63.0
AA-LCR 80.0 68.3 73.3

Multilingual
Omnilingual Gaia2 60.4 37.5 45.0
Linguini 8.8 3.8 2.5

Privacy & Security

CIMemories (violation ↓) 26.4 12.1 53.4
CIMemories (coverage ↑) 64.8 53.0 66.9
Siren AgentDojo (ASR@5 ↓) 28.4 25.6 40.3
Siren AgentDojo (utility ↑) 94.2 90.8 92.7

head dimension of 128. To further compress the KV cache, we evaluated a simplified Multi-Head Latent
Attention (MLA) variant (Liu et al., 2024a) in global layers by projecting a single joint key-value vector. We
tested two configurations: matching either the baseline’s head count (halving KV cache size) or its total KV
footprint (doubling head count). Both underperformed standard Grouped Query Attention (GQA) (Ainslie
et al., 2023) on long-context benchmarks such as RULER (Hsieh et al., 2024), leading us to retain GQA.

3 Model Evaluation

Effective autonomous agency requires diverse capabilities. Agentic task completion such as navigating popular
scaffolds, writing and debugging code or resolving multi-turn requests requires the model to chain reasoning
over long horizons, invoke tools with precise schema, interpret multimodal observations (screenshots, charts,
documents), and retain state across sessions. Tool-use and function calling serve as the execution interface
through which reasoning is translated into environment actions, while instruction following and steerability
determine whether the model can adhere to complex, compositional directives that real-world orchestration
systems impose. Long-context memory underpins many of the above: an agent that cannot recall earlier turns
may fail at non-trivial multi-step tasks even if it exhibits strong reasoning. We also evaluate multilingual
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Figure 2 Muse Glimmer capability radar chart. We compare Muse Glimmer at high reasoning strength against the
competitive open models Gemma4-31B and Qwen3.6-27B

agentic capabilities and a variety of non-agentic ones covering multilingual reasoning, reading comprehension,
knowledge and linguistic competence. The model results are presented in Table 2 and Figure 2. Benchmark
descriptions and evaluation details, including which results were run internally and which externally, are
presented in Section A.

4 Pre-training

4.1 Tokenizer

Muse Glimmer employs the Llama 4 (Meta AI, 2025) Byte-Pair Encoding (BPE) tokenizer with a total
vocabulary of 202,048 tokens, comprising 200,000 base tokens and 2,048 special tokens. The base vocabulary
was trained on a balanced data mix of 35% code, 35% multilingual text, 15% mathematics, and 15% English,
optimized for compression efficiency across diverse domains. The special token budget is shared across
modalities, unifying text, vision, reasoning, and agentic capabilities under a single vocabulary space.

4.2 Pre-training andMid-training Stages

Training proceeds in multiple stages, a pre-training phase followed by two mid-training phases. Each stage
serves a distinct purpose: the pre-training phase acquires broad knowledge and reasoning through logit
distillation from the teacher; mid-training progressively introduces domain-specific capabilities and extends
the effective context length.

Pre-training. The base model is trained by logit distillation from Muse Spark. We employ co-distillation,
logging the top 256 logits from Muse Spark during its pre-training. Unlike prior formulations that continuously
blend soft and hard targets (Meta AI, 2025), our objective consists of only KL divergence for the first 95% of
pre-training. For the final 5%, we transition to a cross-entropy-only (CE) loss on the ground-truth targets to
address the truncation bias inherent to top-k logit distillation (e.g., Anshumann et al., 2025). The pre-training
data comprises a large-scale, diverse collection spanning web documents, code, mathematics, multilingual
text, and images, with a knowledge cutoff of 2026-01-04.
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Checkpoint averaging. At the conclusion of pre-training, we apply checkpoint averaging ("souping") (Izmailov
et al., 2018; Wortsman et al., 2022) to produce the initialization for mid-training. Following recent work
demonstrating the effectiveness of weight averaging during LLM pre-training (Li et al., 2025b; Sanyal et al.,
2023; Groeneveld et al., 2025), we save checkpoints every 200 steps during the final 5% of training (84
checkpoints total) and sweep over merge strategies: uniform average, weighted moving average (WMA), and
exponential moving average (EMA)—as well as the number of checkpoints and stride between them. We find
that merging over a short window (200-step spacing) consistently outperforms wider strides, and that EMA and
WMA provide slightly more stable results than uniform averaging, though the best-performing configuration
is similar across merge types. The final souping recipe we chose averages the last checkpoint with three prior
checkpoints spaced 600 steps apart using a uniform average. This yields consistent improvements across
all perplexity evaluations relative to the single final checkpoint, with larger gains on smoother benchmarks
(e.g., ML Papers, Multilingual Documents). The resulting souped checkpoint serves as the initialization for
mid-training Phase 1.

Mid-training Phase 1: Domain infusion. Starting from the souped pre-training checkpoint, Phase 1 introduces
targeted synthetic and domain-specific data to improve the starting point for post-training. In addition
to organic data (similar to that used in pre-training), the data in this phase also contains synthetic data,
including reasoning traces and structured problem-solving demonstrations. The learning rate we use for this
phase is lower than the peak pre-training learning rate, so as to to balance gains on synthetic-data objectives
against acceptable regression on organic perplexity benchmarks.

Mid-training Phase 2: Agentic capabilities. The second phase of mid-training extends the context window
from 32K to 128K tokens and enriches the model with agentic reasoning data. For this phase we have used
a cross-entropy loss, as the distributional shift introduced by long-context and agentic data makes teacher
logits less reliable at this stage. The data mix differs from that of the first mid-training phase by including
tool-use and agentic trajectory data and purpose-generated agentic demonstrations from our synthetic pipeline
(Section 6.2). The learning rate for this phase is set to lower than the peak pre-training learning rate.

5 Post-training

Post-training converts the distilled base into an aligned agent through a sequence of supervised fine-tuning
(SFT), reinforcement learning (RL) and on-policy distillation stages described below.

1. SFT Align the base checkpoint to supervised targets: task formatting, instruction following, and reasoning
style.

2. On-policy Distillation We apply on-policy distillation Agarwal et al. (2024b) where the student generates
rollouts and the teacher provides per-token distributional targets on the student’s visited prefixes.

3. Multi-objectiveRL. Optimize toward reward models, verifiers, and task-success signals: reasoning, agentic,
reinforcement learning from human feedback (RLHF).

5.1 Supervised Fine-tuning (SFT)

We use a supervised fine-tuning (SFT) recipe. This stage extends the capabilities acquired during mid-training
into a general instruction-following setting. It uses a mixture of synthetic and human-generated data covering
reasoning, coding, mathematics, general instruction following, and agentic scaffolds such as tool-use and
multi-step task execution (Section 6.2). We train for approximately one epoch on each dataset, prioritizing
response formatting, data quality, and coverage over repeated exposure to maintain entropy.

5.2 Rollouts extraction

We collected teacher trajectories from Muse Spark, focusing on reasoning, agentic, and tool-use capabilities
across multiple unique RL and RLHF runs. For each source run, we selected a range of training checkpoints
and retained trajectories where the reward was higher than a threshold value. We prioritized trajectories
generated at later checkpoints as these reflected more developed teacher policies. We retained repeated
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tasks and prompts when they occurred at different checkpoints or produced different trajectories. Each
trajectory was converted into a common conversational training format containing system context, user
messages, assistant reasoning, tool interactions, and the final response. This conversion preserved the sequence
of model and environment interactions needed to reproduce the teacher’s behavior, while operational metadata
that was not visible to the model was removed.

Filtering and quality controls. The extracted trajectories underwent extensive cleaning and filtering to ensure
high-quality teacher rollouts. We stripped evaluation metadata (e.g., rewards, grader outputs), occasional
prompt echoes, and artifacts from unsupported tool interfaces or collection infrastructure. Trajectories
containing references that revealed the teacher’s model identity were excluded to avoid transferring unintended
identity behavior to the student. We then validated each sample against the training conversation schema and
the model’s input renderer, rejecting malformed message sequences, invalid tool-call structures, unsupported
fields, and examples that could not be rendered into the target token sequence.

5.3 On-Policy Distillation and Reinforcement Learning

In the later stages of post-training we leverage on-policy distillation to train Muse Glimmer from the larger
Muse Spark model (Kim and Rush, 2016; Gu et al., 2024; Agarwal et al., 2024a), together with reinforcement
learning. During on-policy distillation, the student, Muse Glimmer as it is being trained, actively samples
rollouts. As the student generates these autoregressive trajectories, the teacher evaluates the student’s
generated distributions step by step to produce fine-grained feedback signals. This setup resolves the
train–inference distribution shift by training the model on its own output distribution, teaching it to recover
when generation paths drift. We find that this intermediate stage consistently improves downstream RL
outcomes relative to proceeding directly from SFT to RL.

5.4 ReasoningModes

Muse Glimmer supports varying reasoning strengths. We trained this capability during RL by splitting per
prompt samples into subgroups, where each sub group has a length penalty applied corresponding to its
assigned reasoning strength. As applying more thinking leads to higher performance, this may reduce the
model’s capabilities. We found that including the full spectrum did not harm performance at higher reasoning
strengths and in fact had a beneficial regularizing effect on their chain of thought length. On the other hand,
applying full spectrum training does provide less exposure to higher strength samples in each step; these
primarily drive capability acquisition, subsequently propagated to lower strengths. Consequently, balancing
performance vs step count led us to adopt a routing scheme, whereby a certain proportion of prompts are
routed solely to higher strengths while the remainder use the full spectrum.

At inference time, Muse Glimmer supports configurable reasoning depth through a reasoning strength
parameter specified in the system prompt. Four levels are defined: low, which triggers minimal internal
deliberation for simple factual lookup; medium, which allocates a moderate thinking budget for tasks requiring
some planning; high, which enables full chain-of-thought reasoning for complex multi-step problems such as
debugging or research; and xhigh for maximum capability. The reasoning strength is rendered as a single
directive (Reasoning strength: <level>) appended to the system prompt, allowing deployment-time control
over the trade-off between latency and reasoning quality without retraining. High reasoning is the default for
agentic tasks, where the model must plan tool-use sequences, interpret intermediate results, and backtrack
when necessary.

5.5 Trustworthy Local AgenticWorkflows

We applied SFT and RL to enable Muse Glimmer to better support trustworthy local agentic workflows.

Appropriate Information Flows: Muse Glimmer is trained to better respect the privacy of information when
interacting with third parties on an individual’s behalf. The underlying principle behind this notion of privacy
is inspired by Contextual Integrity (CI) theory (Nissenbaum, 2004). Here, the privacy of information depends
upon the context surrounding the exchange, i.e. the sender/recipient of the information, the type of data
being considered, and transmission principles governing the exchange. We first introduce the ability to reason

7



about the context of information exchange (e.g., when composing emails, or WhatsApp messages) during
the SFT stages, through synthetic traces from Muse Spark. These traces capture interactions between an
intricate network of individuals (see Section 6.2); we induce behavior via carefully crafted system prompt
instructions (also referred to as prompt distillation (Snell et al., 2022; Askell et al., 2021)) during trace
generation with Muse Spark, and remove them from the final trace before training. We also discard traces
where, despite system prompt instructions, Muse Spark either (a) includes unnecessary information, (b)
doesn’t include necessary information, or (c) doesn’t complete the task at hand. Our traces span both simpler
non-agentic, single turn settings as well as more complex, multi-turn tool-use settings in mock personal
assistant environments. We finally amplify this behavior during RL by penalizing oversharing, while rewarding
correct sharing of necessary information.

Safety via Adversarial Robustness and Principled Refusal: As an agentic assistant operating over tool-
mediated environments, Muse Glimmer must remain robust to adversarial manipulation while maintaining
its ability to complete legitimate tasks. We train Muse Glimmer to exhibit complementary safety behaviors
such as resisting indirect prompt injections hidden in tool-returned data, refusing harmful or policy-violating
requests, and respecting a principal hierarchy that governs how conflicting instructions are resolved. We
leverage the synthetic data generation pipeline from Section 6.2 to produce agentic safety traces via Muse
Spark, using rejection sampling under a charter-aware constitution to ensure the agent correctly ignores
adversarial content, refuses unsafe sub-tasks while completing safe ones, and offers defensive alternatives.
We discard traces where the agent either (a) succumbs to an adversarial instruction, (b) over-refuses a
legitimate task, or (c) fails to complete the benign objective. Our safety traces span both simpler single-turn
settings and complex multi-turn tool-use scenarios across diverse domains. During RL, we further amplify
robustness by deterministically penalizing trajectories where the agent executes an attacker-seeded action,
while jointly rewarding successful task completion and explicit recognition of untrusted content in the model’s
chain-of-thought reasoning.

6 Data

6.1 Pre-training Data

Our pre-training dataset is a large-scale, diverse collection spanning a broad range of domains and modalities,
including web documents, code, STEM content, multilingual text, and images. We filter each domain using a
combination of rule-based heuristics, classifier-based quality scoring, and aggressive deduplication. In addition,
we decontaminate the corpus against benchmark and evaluation sets to minimize train–test overlap. The
knowledge cutoff date is 2026-01-04. List of supported languages is listed in B.6.

6.2 Synthetic Data

Training LLMs as effective tool-using agents requires high-fidelity trajectories that demonstrate complex
reasoning, privacy awareness, and proficiency in tool selection and execution. Given the scalability and
resource challenges associated with collecting real-world data, we used a pipeline for generating synthetic
supervised fine-tuning data. This pipeline uses an always-on AI agent harness operating within Docker-
container with simulated environments that mimics applications such as popular email services, calendar,
documents, WhatsApp, code repository management tools and other common CLI tools and access to the
real web.

We adhere to the design principles established in Agents Research Environments (Froger et al., 2025). This
design considers a "universe" as a pre-populated digital life—a persona supported by a network of 10–14
contacts, featuring weeks of correspondence, calendar events, documents, and messaging history. By integrating
these personas into simulated environments, we obtain cohesive digital lives, ensuring the agent remains
agnostic to the simulated nature of its interactions. Tools accessible to the agent utilize the same argument
structures and JSON return formats as their real-world counterparts. 1

1For instance, when an agent executes a query such as gh issue list –label critical, the mock environment returns matching
issues derived from the synthetic universe definition. Similarly, commands like wacli send –to "Alice" –message "status
update?" trigger an LLM to generate a contextually appropriate response based on the persona’s profile.
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The synthetic data framework supports complex conversations, modeling user and environment responses,
leverage time shifts to represent long running (multiple days) scenarios, multiple types of memory (native,
memory embeddings, cli tools) and other features.

Personas: We first generate diverse personas to simulate potential agent users. Each persona starts from
sampled demographic and Big Five personality attributes (McCrae and John, 1992) (age, region, and trait
scores), which the model expands into a full profile including occupation, hobbies, and habits. To maximize
diversity beyond temperature-based sampling, we additionally ground a subset of profiles in randomly sampled
text, prompting the model to generate a persona plausibly matching the text’s author—an approach related
to work deriving personas from real text to approximate population-level trait distributions (Hu et al., 2025).
Personas are generated in batches and organized into relationship graphs that ground interactions across
email, messaging, and calendar platforms. See Appendix B.3 for further details.

Universes: For each persona, we materialize a complete suite of mock tool states, packaged within a dedicated
directory. The pipeline selects a realistic subset of applications and populates them in dependency order to
ensure that subsequent content—such as emails referencing specific contacts or calendar events involving
established participants—remains grounded in the earlier state. Finally, the pipeline generates all necessary
workspace files and memory entries.

Scenarios: Once a universe is established, we generate task sequences in two stages. First, given a concise
universe summary (contacts, recent communications, document history), the model proposes high-level
objectives spanning categories such as execution, search, adaptability, and time management—constrained
to only the tools and contacts actually present to avoid hallucinating unavailable resources. Second, these
objectives are expanded into runnable scenarios: tasks are rewritten as natural user interactions and any
missing setup content (e.g., email threads or calendar invites) is planned as needed. Finally, verifiable rubrics
are generated to evaluate agent performance.

Post-processing: We apply a rigorous post-processing pipeline to ensure dataset quality:

• Deterministic Quality Filtering: We remove trajectories that fail to meet baseline standards, such as
trajectories where the agent failed to complete the goals, duplicated entries, incoherent text, or "fourth-
wall" breaks.

• Undesirable behavioral masking: We intentionally disable training on any parts of the trajectories that
we judge as “undesirable” even if the agent achieved the prescribed goal. This includes bad tool calls,
bad memory search queries, and other cases.

• Grounding Verification: We employ a post-hoc judging pipeline to perform aggressive filtering based on
grounding checks. Any trajectory exhibiting hallucinations, false successes, or unvalidated outcomes is
removed from the final dataset.

7 Inference Optimization

Our focus for inference is on low batch size regime for a range of edge devices, so we primarily cover: weight-only
quantization to reduce the memory footprint of the weights and the data transfer during decode; training and
deployment of a DFlash drafter for speculative decoding.

7.1 Quantization

The weights of Muse Glimmer occupy 55.7 GB in BF16. We target deployments with 24 or 32 GB of memory
while reserving capacity for the unquantized KV cache, draft model, perception encoder. We therefore target
a language-model weight size below 20 GB. We compare post-training quantization (PTQ) variants using the
change in negative log-likelihood relative to BF16, denoted ∆NLL, on held-out text and code data. We use
∆NLL to select candidates for downstream reasoning and agentic evaluations.
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Figure 3 Memory and held-out validation quality of the evaluated PTQmethods. (left) Language-model weight size against
mean ∆NLL across held-out text and code data. The chosen deployment profiles are highlighted. (center–right) Text
and code ∆NLL for the same methods, ordered from lowest to highest within each panel. Lower values are better.

Static per-tensor allocations. We start from the popular Q4_K_M profile from llama.cpp2, where the Value,
FFN-down and Output projections are upcasted to higher precision in a subset of the layers. To be more
conservative, we apply the upcasting on all layers and we test different precision formats beyond K-quant
from llama.cpp.

These formats include GPTQ (Frantar et al., 2023) and AWQ (Lin et al., 2024), where the lower-precision
tensors use INT4 and the upcasted tensors use INT6, all with group size 128. We apply the same tensor
allocation to floating-point formats, using NVFP4 with 16-weight blocks for the lower-precision tensors and
MXFP8 with 32-weight blocks for the upcasted tensors (Abecassis et al., 2025; Rouhani et al., 2023). We
calibrate this allocation using our weight-only adaptation of AWQ-Lite from NVIDIA TensorRT Model
Optimizer (NVIDIA Corporation, 2024–2026). The calibration uses activation statistics to select rescaling
factors across adjacent projections. We fold these factors into the BF16 weights before casting each weight
once to its target format, while keeping activations in BF16. Lastly, we include uniform NVFP4 and uniform
MXFP8 variants as reference points.

For our Q4KM variant, we keep the upcasting applied only to a subset of layers matching llama.cpp. We
make two changes compared to the original scheme: our output projection uses Q5_K as opposed to Q6_K,
and we use a larger group size 128 for both the Q6_K tensors and the Q5_K output projection, compared to
16 for Q6_K and 32 for Q5_K. The larger groups avoid the group-size-16 limitation in MLX and reduce scale
overhead when converting K-quant weights to the affine representation used by our MLX implementation in
ExecuTorch3. Both changes show negligible quality degradation.

Dynamic allocations. We also test whether calibration measurements support a more flexible allocation than
the static Q4KM schedule. Motivated by the per-tensor assignments of Unsloth Dynamic 2.0,4 we introduce
Greedy-KL, which starts from Q6_K and lowers tensor precision according to the increase in calibration KL
divergence per byte saved. It uses the remaining capacity to move the most sensitive Q4_K tensors to Q5_K.
For comparison, we adapt EvoPress, an evolutionary method for mixed-precision quantization (Sieberling
et al., 2025), to the same Q4_K, Q5_K, and Q6_K search space. EvoPress evolves precision assignments
under a memory constraint using KL divergence from BF16 as its search objective.

Both searches expose the query, key, value, and output-gate slices of the fused attention projection indepen-
dently. The FFN gate and up projections are likewise exposed independently. Together with the attention
output, FFN-down, token embedding, and output projection, this gives 418 weight units. No tensor role is
fixed at high precision. The winner EvoPress profile assigns 51, 130, and 237 units to Q4_K, Q5_K, and
Q6_K, respectively, all with group size 32. The search selects Q4_K for the token embedding and Q5_K for
the output projection, with a total of 19.65 GB for the model weights.

2https://github.com/ggml-org/llama.cpp/blob/23e0d70bacaaca1429d365a44aa9e7434f17823b/src/llama.cppv#L5188
3https://pytorch.org/blog/fast-ondevice-agentic-ai-with-executorch/
4https://huggingface.co/unsloth/gemma-4-31B-it-GGUF

10

https://github.com/ggml-org/llama.cpp/blob/23e0d70bacaaca1429d365a44aa9e7434f17823b/src/llama.cppv#L5188
https://pytorch.org/blog/fast-ondevice-agentic-ai-with-executorch/
https://huggingface.co/unsloth/gemma-4-31B-it-GGUF


Table 3 Downstream accuracy for quantization. Average accuracy and response length in tokens for different quantized
variants across a mix of 15 downstream benchmarks.

Model Variant Average Accuracy (%) Average Response Length

BF16 75.7 11070
EvoPress 75.6 11417
Greedy-KL 75.3 10754
Q4KM 74.8 10774
NVFP4/MXFP8 74.4 10988

Table 4 DFlash drafter configuration.

Component Setting

Draft layers 5
Block size 16
Attention Sliding-window, 2048, all layers
Attention heads 32 query (matches target) / 8 KV (GQA)
Sequence length 128k
Hidden-feature layers 5, uniform over target: {1, 13, 25, 37, 49} of 52

Results. Figure 3 summarizes the memory and validation trade-offs. EvoPress provides the lowest validation
loss, and Q4KM provides the smallest memory footprint, so we select these two variants for our 32GB and
24 GB VRAM deployments, respectively.

Agentic and reasoning evaluations. We evaluate the candidates on 15 downstream tasks to compare against
our NLL-based results. Table 3 shows our results. We see that ∆NLL aligns reasonably well with the average
accuracy across all tasks combined. Related work has shown that aggressive quantization at low bit widths
can increase chain-of-thought length and its associated inference cost (Liu et al., 2025; Lotfi et al., 2026).
However due to the conservative nature of our chosen quantization schemes, we observe no significant variation
in chain-of-thought length relative to BF16.

7.2 Speculative Decoding

We adopt DFlash (Chen et al., 2026) as our speculative decoding strategy, matching the current open source
leading standard. Our drafter is a lightweight block-diffusion model (Arriola et al., 2025) that predicts in a
single forward pass an entire block of marginal probabilities that are sampled independently to build the draft
block. Table 4 summarizes our DFlash configuration.

We train the DFlash drafter offline in a supervised manner using on-policy rollouts from the target model,
drawn from a combined pool of SFT and RL prompts. During training, starting anchors for the masked
blocks are sampled at a rate of 1/16 from the response tokens, and the model is optimized using the D-PACE
(Dynamic Position-Aware Cross-Entropy) objective (Wu et al., 2026).

8 Trust Considerations

We address catastrophic risk assessment, content safety, agentic-specific risks and other trustworthiness
considerations through a combination of train-time mitigations built into the model weights.

8.1 Safety and Privacy Policies

Muse Glimmer is evaluated and mitigated across three risk axes—content safety, agentic risk (policies for
irreversible-action confirmation, data minimization, scaffold boundary respect, and indirect prompt-injection
resistance, enforced through dedicated training data), and catastrophic risk (chemical, biological, cyber,
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and loss-of-control assessments), using both train-time alignment built into the weights and a lightweight
inference-time safety mechanism.

8.2 Train-TimeMitigations

Safety behavior in Muse Glimmer is established through three stages of post-training:

1. Safety SFT. Curated examples demonstrating correct safety behavior, including refusal of harmful
requests, calibrated responses to borderline prompts, and proper handling of agentic safety scenarios,
are included in the supervised fine-tuning data mix. We reuse established alignment recipes while
augmenting with Muse Glimmer-specific agentic safety data covering tool-use boundaries, prompt
injection resistance, and permission handling.

2. Safety RL. Reinforcement learning stages incorporate safety-specific reward signals that penalize policy
violations while rewarding helpful, non-refusing responses to legitimate requests. This stage hillclimbs
on content safety evaluations through iterative checkpoint evaluation and mitigation.

3. Appropriate information flows As described in Section 5.5, principles of data sensitivity recognition,
minimization, and local-first execution are embedded directly into the model weights through dedicated
synthetic training data, providing defense-in-depth beyond what system prompts alone can achieve.

9 RelatedWork

On-device small language models. Running capable language models directly on consumer hardware has
been enabled by a wave of compact, openly released model families. The Llama model series (Touvron et al.,
2023a,b; Grattafiori et al., 2024) showed good performance as compared with frontier models while spawning
a large open-source ecosystem of fine-tunes, quantization tooling, and local inference engines (llama.cpp,
Ollama, LM Studio). This ecosystem established the practical infrastructure such as GGUF quantization
formats, speculative decoding support, Apple Silicon optimizations, on which models like Muse Glimmer now
rely for consumer deployment.

Microsoft’s Phi-4 (Abdin et al., 2024) is a 14B-parameter model trained largely on curated synthetic data.
Google DeepMind’s recent Gemma 4 (Gemma Team et al., 2026) release spans dense models from 2.3B to
31B parameters (alongside a Mixture-of-Experts variant) and relies on quantization-aware training and KV
cache optimizations to fit tight memory and latency budgets. Finally, the Qwen3 (Qwen Team, 2025) family
offers dense and MoE models spanning 0.6B–235B parameters, unifies fast (non-thinking) and deliberative
(thinking) inference within a single model, and extends multilingual coverage to 119 languages. Such model
families define the small-LLM landscape against which we position our 30B model.

Teacher-student Distillation. Distilling the capabilities of large teacher models into smaller, deployable
students has emerged as a dominant paradigm for building capable compact models. DeepSeek-R1 (Guo et al.,
2025) demonstrated that reinforcement learning alone can elicit sophisticated chain-of-thought reasoning in
large models, and that the resulting reasoning traces can then be distilled into much smaller students (1.5B–70B
parameters) that substantially outperform models trained from scratch at equivalent scale. The Qwen3 family
(Qwen Team, 2025) extends this idea through strong-to-weak on-policy distillation, in which the student
generates its own rollouts and receives dense token-level KL supervision from a larger teacher, yielding gains
over off-policy distillation that merely imitates teacher-generated outputs. Concurrent work on Self-Distilled
Reasoner (Zhao et al., 2025) and AsyncOPD (Kang et al., 2025) further explores the efficiency frontier of
on-policy distillation, showing that student-generated data with teacher feedback is more sample-efficient than
traditional supervised fine-tuning. Our post-training recipe (Section 5.3) employs on-policy distillation from
the Muse Spark teacher, an approach we found superior to a reinforcement-learning-only recipe for our target
model size.

Agentic LLM frameworks. The ReAct paradigm (Yao et al., 2023) established the interleaved reasoning-
and-acting loop that underpins most modern LLM agent architectures, showing that language models can
effectively chain verbal reasoning with tool invocations to solve multi-step tasks. Subsequent work has focused
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on training models for reliable tool use rather than relying solely on prompting. Toolformer (Schick et al., 2024)
introduced self-supervised API-call insertion during pre-training, while Gorilla (Patil et al., 2023) demonstrated
that fine-tuning on large-scale API documentation enables models to generate correct function calls with high
fidelity even as APIs evolve. FireAct (Chen et al., 2023) and Agent-FLAN (Chen et al., 2024) showed that
fine-tuning on multi-step agent trajectories produces models that significantly outperform prompted baselines
in interactive environments. On the deployment side, open-source orchestration frameworks such as OpenClaw
(OpenClaw Contributors, 2025) have popularized locally-hosted agents that chain model inference with tool
execution on consumer hardware, creating demand for compact models that can sustain reliable sequential
tool invocation across long sessions. Coding agents like SWE-agent (Yang et al., 2024) and OpenHands (Wang
et al., 2024a) demonstrate that agentic tool use in software engineering requires sustained multi-step planning
and failure recovery—capabilities that our model targets through its agentic alignment training (Section 6.2).

10 Conclusion

This technical report presents Muse Glimmer, a 30B dense model purpose-built for autonomous agentic
operation on consumer hardware. Through targeted distillation from Muse Spark, it surpasses comparably-
sized open models on agentic benchmarks. Combined with 4-bit quantization and speculative decoding via
a DFlash head, Muse Glimmer runs at practical speeds on a single RTX 5090 with minimal quality loss.
Multimodal understanding of screenshots, documents, and charts equips the model to operate natively in
agentic and information-rich environments. Muse Glimmer covers over a hundred language varieties and leads
comparably-sized open models on multilingual agentic evaluation.

All artifacts including model weights and the speculation head are released under Apache 2.0.
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Appendix

A Benchmarks and Evaluation

Table 5 Muse Glimmer capability scorecard. We compare Muse Glimmer at low, mid, high, and xhigh reasoning strength.
Best capability per row in bold. Higher is better unless marked ↓. All benchmarks were screened for contamination; “–”
denotes not evaluated.

Capabilities Scorecard

Domain Evaluation
Muse Glimmer

(low)
Muse Glimmer

(mid)
Muse Glimmer

(high)
Muse Glimmer

(xhigh)

Agentic & Coding

τ³-Banking – – 23.5 26.0
WildClawBench – – 47.6 –
GAIA2 – – 43.3 –
GDPval-AA – – 953 952
SciCode – – 43.6 39.2
OSWorld-Verified 58.7 66.6 65.9 69.7
SWE-Bench Verified 74.6 75.2 76.0 75.3
SWE-Bench Pro 50.5 50.9 51.2 51.6
TauBench (Airline) 79.0 77.0 78.0 77.5
TauBench (Retail) 86.0 88.4 87.1 86.8
TauBench (Telecom) 91.6 92.5 94.1 92.1
TerminalBench 2.1 (Terminus2) – – 51.7 54.3
LiveCodeBench Pro (2025Q2) 36.2 55.8 64.1 66.8

Tool Use
PinchBench 89.0 90.9 90.5 90.7
MCPAtlas 72.9 76.3 75.5 77.4

Reasoning & Knowledge

DeepSearchQA 68.4 72.9 74.6 75.3
AIME 2026 69.7 89.0 94.7 93.0
GPQA Diamond – – 83.5 85.6
ARC-AGI 34.6 58.8 66.9 67.9
HLE – – 22.0 23.4

Instruction Following
IFBench 67.4 73.3 77.0 77.1
SkillsBench 40.0 43.6 44.3 43.2

Multimodal

CharXiv Reasoning 75.4 77.9 78.8 78.6
MMMU-Pro – – 74 –
OmniDocBench v1.5 75.3 75.7 75.8 75.8
Screenspot Pro 75.1 75.4 75.4 75.7
Screenspot v2 93.2 92.9 93.3 92.5

Memory&Long Context BEAM-128K 65.0 65.6 65.1 66.2
AA-LCR – – 80.0 80.0

Privacy & Security

CIMemories (violation ↓) 33.4 31.1 26.4 25.5
CIMemories (coverage ↑) 66.4 66.3 64.8 63.5
PrivacyLens (leakage ↓) 59.6 53.0 49.2 59.6
Siren AgentDojo (ASR@5 ↓) 29.9 27.9 28.4 27.8
Siren AgentDojo (utility ↑) 94.2 94.2 94.2 94.2

Multilingual

Omnilingual-GAIA2 58.4 60.7 60.4 60.5
Linguini 4.4 4.4 8.8 8.1
Belebele 87.0 87.6 87.8 87.8
MMLU-ProX 76.9 79.3 80.1 80.0
WMT24++ 53.2 53.3 53.4 53.3
FLoRes+ 47.0 47.4 47.5 47.5
BOUQuET 35.6 36.3 36.5 36.5
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A.1 Agentic and Coding Task Completion

The following benchmarks are used to assess the agentic and coding capabilities of the model.

τ³-bench Banking (Shi et al., 2026) is a knowledge-retrieval-based customer service evaluation extending
τ -bench to a fintech banking domain. The model acts as a customer-service assistant that must retrieve relevant
information from unstructured knowledge documents (policy guides, FAQ pages, compliance procedures) via
configurable RAG pipelines, document search, and agentic shell-based search to resolve customer queries. The
model interacts against a simulated user, with task success determined by satisfying per-task ground-truth
assertions about the retrieved information and generated responses. Results are sourced from Artificial
Analysis following the documented benchmarking methodology.5

WildClawBench (Ding et al., 2026) is an open-source benchmark for evaluating agentic models on real-world,
long-horizon tasks. Its 60 tasks span six categories: productivity flow, code intelligence, social interaction,
search and retrieval, creative synthesis, and safety alignment. Collectively, these tasks evaluate multi-step
planning, coordinated tool use, multimodal understanding, information retrieval, coding, cross-modal content
creation, and safe behavior. Each task runs in an isolated Docker container under the OpenClaw harness,
with access to tools such as a browser, shell, file system, email, and calendar. Task-specific grading uses
deterministic verification criteria, GPT-5.4 as an LLM judge, or a combination of both, depending on the
task. Each grader produces an overall score between 0 and 1 by aggregating its task-specific criteria. We
report the unweighted mean of the 60 task scores, averaged over three independent runs per task to reduce
variance. We report internal run results for all 3 models.

GDPval-AA v2 (Patwardhan et al., 2025) assesses models on economically valuable knowledge work spanning
44 occupations across key sectors contributing to US GDP. The benchmark contains 220 tasks developed by
OpenAI in collaboration with industry professionals to reflect real-world complexity. Each task requires the
model to produce one or more deliverable files, run as an agent in AA’s open-source Stirrup harness with an
E2B code-execution sandbox, a 250-turn budget and access to a range of available tools. Results are sourced
from Artificial Analysis following the documented benchmarking methodology.6

SciCode (Tian et al., 2024) contains scientist-curated laboratory problems across 16 scientific disciplines,
developed by domain experts with the reported evaluation using the 288 test set subproblems. The benchmark
tests Python programming to solve scientific computing tasks: models must generate code that passes every
unit test for a sub-problem to be credited. We prompt with the scientist-annotated background information
included, and report sub-problem-level scoring rather than whole-problem scoring. No tool use is permitted.
Results are sourced from Artificial Analysis following the documented benchmarking methodology.7 Scores
reported here are from before the Muse Glimmer release and do not take into account Artificial Analysis
Intelligence Index v4.2 changes that took place in September’26 and affected SciCode.8

OSWorld-Verified (Xie et al., 2024) is a multimodal benchmark for computer-use agents that evaluates the
ability to operate a full Ubuntu desktop VM via GUI in realistic, cross-app workflows. We evaluate on the
361-task split, which excludes 8 Google Drive tasks. Agents are restricted to GUI-based computer control
with no direct shell access: they observe the environment through screenshots and act via GUI actions such
as click, type, scroll, and key press. Grading is execution-based, where each task defines programmatic getters
and checkers that inspect the final VM state and return a 0–1 reward. Models receive 1920× 1080 screenshots
and predict click locations in a normalized coordinate space, with the ability to batch multiple GUI actions
per step. Each episode is capped at 200 steps with a screenshot history truncation mechanism enabled that
retains a maximum of 19 most recent screenshots. For Qwen3.6-27B and our model, we adopt the Claude
computer-use action space (version computer_20251124) with a normalized 0–1000 coordinate space plus
a separate stop action. For Gemma4-31B, we use the Gemini 2.5 Flash computer-use interface, including
click_at, type_text_at, and stop, with relative coordinates in [0,999]. Following the official OSWorld protocol,
we report mean per-task reward. The final score is averaged over four attempts per task to reduce variance.
We report internal run results for all 3 models.

5https://artificialanalysis.ai/methodology/intelligence-benchmarking#tau3-banking
6https://artificialanalysis.ai/methodology/intelligence-benchmarking#gdpval-aa
7https://artificialanalysis.ai/methodology/intelligence-benchmarking#scicode
8https://artificialanalysis.ai/articles/artificial-analysis-intelligence-index-v4-2
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TauBench. (Yao et al., 2024) is a multi-turn agentic dialogue evaluation where the model acts as a customer-
service assistant against a simulated user, satisfying per-task ground-truth assertions on database state,
actions, communication quality, and natural-language correctness. The model has access to domain-specific
tools per split. We evaluate across three splits: airline (50 tasks), telecom (114 tasks), and retail (110 tasks).
We compute average pass rate per split and we average results over 4 runs. We report internal run results for
Muse Glimmer.

SWE-BenchVerified andSWE-BenchPro (Jimenez et al., 2024) feature 500 and 731 diverse and complex agentic
coding tasks, respectively. Our agent scaffolding consists of a bash tool and a file operation tool for viewing,
creating and editing files. We report average pass rate across tasks and we average results across 4 runs to
reduce variance. For SWE-Bench Verified, we report Qwen3.6-27B’s self-reported score. For SWE-Bench Pro,
we do not use Qwen3.6-27B’s self-reported score which was measured on a refined version of the benchmark
as we evaluated on the original task set. We report internal run results for the remaining cases.

Terminal-Bench 2.1 (Merrill et al., 2026) (Stanford × Laude Institute) evaluates an agent on real-world tasks in
a terminal environment. It contains 89 curated tasks across software engineering, system administration, data
processing, model training, and security. The Terminus 2 agent harness is used in an E2B sandbox environment
for the evaluation. Results are sourced from Artificial Analysis following the documented benchmarking
methodology.9

GAIA2 (Froger et al., 2026) is an open-source, text-only agentic tool-use benchmark that evaluates general-
purpose assistants on multi-turn tasks inside simulated, stateful “universes” of everyday applications, such as
email, calendar, messaging, contacts, shopping, and more. Each scenario runs in an isolated container hosting
a self-contained environment: the agent fulfills user requests by issuing tool calls against the environment’s app
APIs, while an event daemon injects time-based and environment-driven events mid-episode (e.g., incoming
messages, state changes, scheduled triggers) that the agent must notice and adapt to. We use the public
GitHub repository for our evaluation, which contains 800 tasks across five capability splits (execution, search,
ambiguity, adaptability, and time). We use the OpenClaw harness for our experiments. We measure the mean
per-sample success rate over three independent runs per task, matching the public leaderboard convention.
Grading is LLM-judged: an in-container judge compares the agent’s realized tool actions and end state against
each scenario’s oracle events to produce a per-task success score; we use gpt-oss-120b as the reference judge.
We report internal run results for all 3 models.

LiveCodeBench Pro. (Zheng et al., 2025) is a competitive programming benchmark sourced from Codeforces
problems. We evaluate the 2025Q2 subset (Apr–Jun 2025) in C++, using the set of prompts, tests, and
checkers aligned with the LiveCodeBench Pro release.10 2025Q2 is the most recent split with complete hidden
tests provided. Models generate code solutions that we execute against the full test suites with checkers using
our internal Code Execution Service, which is configured to match the official Codeforces contest environment.
We run the benchmark internally and report pass@1 averaging over 8 attempts per problem to reduce variance.

A.2 Tool Use & Function Calling

This section evaluates the model’s ability to use external tools and execute function calls to accomplish
real-world tasks.

PinchBench (Kilo AI, 2026) is a container-based agentic evaluation, based on the open-source PinchBench
benchmark, that measures how well an agent performs real-world knowledge-work tasks involving file manipu-
lation, code execution, web access, and multi-step reasoning (e.g. market and competitor research reports,
data analysis, email triage, and image generation). It consists of 24 tasks, each executed inside an isolated
sandbox container running a scientific Python image. The agent acts as an autonomous software agent with
access to a bash/execute_command tool for terminal interaction, file read/write and code execution, and
web-search and web-fetch tools. Each task is scored by combining the benchmark’s deterministic automated
checks with an LLM judge (gpt-oss-120b) score. The LLM judge grades the groundedness of the agent’s
deliverable against the evidence the agent itself produced (report contents, files, tool outputs). We report the
mean per-task reward and we average over 4 runs to reduce variance. Given the limited size of the benchmark

9https://artificialanalysis.ai/methodology/intelligence-benchmarking#terminal-bench-v2-1
10https://github.com/GavinZhengOI/LiveCodeBench-Pro
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(24 tasks) and the fact that many tasks are judge-graded over free-form deliverables, we treat the benchmark
as primarily diagnostic. We report internal run results for Muse Glimmer.

MCPAtlas (Bandi et al., 2026) is a multi-turn agentic tool-use evaluation where the model uses 20+ MCP
tool servers (such as GitHub, Twelve Data, Notion) to answer queries. Grading happens using an LLM judge
(Gemini 2.5 Pro) that assesses whether the final model answer fulfills the ground-truth claims. The primary
metric is mean pass rate, where a task successfully passes if it has a score higher than the 0.75 threshold. The
benchmark consists of the 500 public tasks and results are averaged over 4 runs to reduce variance. We report
internal run results for all 3 models.

A.3 Reasoning & Knowledge

This section evaluates the models’ reasoning abilities and factual knowledge across a range of complex tasks.

DeepSearchQA (Gupta et al., 2026) is an agentic browsing evaluation where the model answers 900 hard
research questions by acting as an autonomous web-browsing agent. It is given a single browsing tool with
three functions: search, open and find. It works in a multi-step loop: it reasons, calls a function, receives the
result as a new message, and repeats until it produces a final answer. Grading uses gpt-oss-120b as the judge
to extract the model’s predicted answer set, semantically matches predictions to targets, and computes an F1
score. We used the same search engine we selected across all models. Results are averaged over 4 runs to
reduce variance. We report internal run results for all 3 models.

AIME 2026 (Dekoninck et al., 2026). We use the full 30-question datasets for AIME 2026. This benchmark
features highly challenging, non-multiple-choice mathematics problems from the American Invitational
Mathematics Examination. The questions require creative problem-solving, advanced algebraic manipulation,
and deep number theory skills, where the final answer is always an integer between 000 and 999. Results are
averaged over 10 runs to reduce variance. We report internal run results for our model, and self-reported
numbers for Gemma4-31B and Qwen3.6-27B.

GPQADiamond (Rein et al., 2024). We use the full 198-question dataset. This subset contains high-quality,
multiple-choice questions in biology, physics, and chemistry that were validated by domain experts to ensure
they cannot be easily looked up on Google. The problems require deep, graduate-level scientific reasoning
and rigorous technical understanding to solve. Results are sourced from Artificial Analysis following the
documented benchmarking methodology.11

Humanity’s Last Exam (HLE) (Center for AI Safety et al., 2026). This benchmark consists of highly advanced,
crowd-sourced questions spanning dozens of subjects that are specifically designed to be difficult even for
human experts to answer. The questions test advanced scientific knowledge, complex abstract reasoning, and
niche academic concepts. No tool use is permitted. We use the text-only subset of 2,158 questions. Results
are sourced from Artificial Analysis following the documented benchmarking methodology.12

ARC-AGI (Chollet, 2019) is a benchmark consisting of 400 questions measuring abstract reasoning. The
questions are novel visual grid puzzles designed to evaluate a model’s ability to learn new concepts on the fly
rather than relying on memorized training data. They require identifying fundamental core logic, such as
object permanence, rotation, symmetry, scaling, and basic geometry, and applying those implicit rules to
previously unseen grid configurations. Model answers are evaluated using a rule-based grader that performs
exact-match comparison of the model’s parsed output grids against the expected grids, marking an answer as
correct when all test grids match exactly. We run the benchmark internally and report mean success rate
(pass@1) across four attempts.

A.4 Instruction Following & Steerability

The benchmarks below were used to evaluate the model’s ability to follow instructions accurately and respond
to user guidance.

11https://artificialanalysis.ai/methodology/intelligence-benchmarking#gpqa-diamond
12https://artificialanalysis.ai/methodology/intelligence-benchmarking#hle
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IFBench (Pyatkin et al., 2025) is an instruction-following benchmark that tests whether models can satisfy
specific verifiable constraints embedded in prompts (e.g., word positioning, counting constraints, repetition
patterns). The benchmark contains 294 tasks and we report mean pass rate across tasks. We average
results across 4 runs to reduce variance. We report internal run results for Qwen3.6-27B and our model, and
self-reported number for Gemma4-31B.

SkillsBench (Li et al., 2026) is an open-source benchmark that measures how effectively an agent can leverage
“skills”—modular folders of instructions and helper scripts—to complete specialized knowledge work tasks. We
use the 86-task set, spanning a broad range of software and data engineering domains. Each task runs in
an isolated container preconfigured from the task’s Docker image and init commands with the relevant skill
folders mounted into the workspace. The harness exposes a bash/terminal tool plus image-view and browser
tools. Grading is deterministic and pytest-based: after the agent finishes, a hidden test suite is uploaded into
the same container and executed, and the reward is the weighted fraction of tests passed. We report the mean
per-task reward across four attempts. We report internal run results for all 3 models.

A.5 Multimodal Understanding

We evaluate multimodal understanding using benchmarks spanning visual reasoning, document understanding
and UI interaction.

Charxiv Reasoning (Wang et al., 2024b). We use 1,000 chart reasoning questions from the CharXiv validation
set. Grading uses gpt-oss-120b as an LLM judge, which evaluates semantic and mathematical equivalence
between the model’s response and the ground-truth answer. These multimodal questions are paired with
diverse, complex scientific charts sourced directly from academic papers across multiple disciplines. The
benchmark tests a model’s ability to go beyond simple data extraction to perform complex visual synthesis,
multi-step mathematical calculations, pattern recognition, and trend comparisons. We report the average
task success rate across four attempts. We report internal run results for Gemma4-31B and our model, and a
self-reported number for Qwen3.6-27B.

MMMU-Pro (Yue et al., 2025) is a multimodal reasoning benchmark consisting of 1730 multiple choice questions.
The benchmark presents college-level problems spanning 30 academic subjects across STEM, humanities, and
social sciences, specifically filtered to remove any questions answerable by text-only models. The questions
require expert-level reasoning and are paired with highly complex, heterogeneous image types, including
diagrams, chemical structures, medical scans, and charts, where the answer choice space has been significantly
expanded to minimize the success of random guessing. Results are sourced from Artificial Analysis following
the documented benchmarking methodology.13

OmniDocBench v1.5 (Ouyang et al., 2024). We use the v1.5 version of the benchmark containing 1355
multimodal prompts. This benchmark evaluates a model’s ability to accurately parse, extract, and reason
over highly complex, multi-format documents. The inputs consist of diverse, real-world document pages, such
as academic papers, textbooks, financial reports, slides, and handwritten notes, that challenge the model
to simultaneously process dense text, complex multi-column layouts, tables, and embedded mathematical
formulas. We report average scores across all tasks using an internal implementation of the original scoring
protocol, that is modified to replace the three-component scoring formula (text, tables, formulas) with a
two-component weighted average that folds formulas into text groups (graded by edit distance) rather than
evaluating them separately with the Character-and-Delimiter Match metric. Our implementation uses a simpler
Hungarian algorithm for bipartite element matching instead of the official v1.6 MGAM (Multi-Granularity
Adaptive Matching) which adaptively searches for optimal prediction segmentation granularity while keeping
ground truth fixed. Results are averaged over 4 runs to reduce variance. We report internal run results for all
3 models.

ScreenSpot-Proandv2 (Li et al., 2025a; Wu et al., 2024) are open-source multimodal GUI-grounding benchmark
that evaluate whether a model can locate a requested interface element in a static screenshot. For ScreenSpot-
Pro, we evaluate the full 1,581-example set, which emphasizes high-resolution professional applications across
Windows, macOS, and Linux. Each example provides a screenshot and a natural-language description of the
target element. The model utilizes an iterative Python cropping tool. The model first predicts a point on the

13https://artificialanalysis.ai/methodology/intelligence-benchmarking#mmmu-pro
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full screenshot in normalized [0, 1000] coordinates. We then render a grid-overlaid zoom around that point
and map the model’s crop-local prediction back to the original image. This loop repeats until the prediction
converges, supporting up to 10 verification rounds and allowing up to three restarts from the original picture
if the model considers that the target is absent from a crop. Grading is deterministic: a prediction receives
reward 1 if the final point lies inside the annotated target bounding box and 0 otherwise. For ScreenSpot
v2, we use the same coordinate output format for UI elements, but do not add any tool use since its image
resolution is relatively low. We report mean point-in-box accuracy (pass@1), averaged over four independently
sampled predictions per example to reduce variance. We report internal run results for all 3 models.

A.6 Memory & Long-Context

The following benchmarks were used to evaluate the model’s ability to retain, retrieve and reason over
information across long-context inputs.

AA-LCR (Team, 2025) evaluates long-context performance by testing reasoning across multiple long documents.
The questions are hard and text-based requiring genuine reasoning rather than simple data extraction. We
use the full 100-question dataset spanning several document categories, such as academic papers, company
financials, government consultations, legal documents, industry reports, and marketing materials. No tool
use is permitted. Results are sourced from Artificial Analysis following the documented benchmarking
methodology. Scores reported here are from before the Muse Glimmer release and do not take into account
Artificial Analysis Intelligence Index v4.2 changes that took place in September’26 and affected AA-LCR.14

BEAM-128K (Tavakoli et al., 2025) is a text-only, non-agentic long-context memory evaluation comprising 400
conversations spanning 128K token length across various domains, such as coding and math. It is designed to
assess ten distinct memory abilities (e.g., factual recall, temporal reasoning, state tracking). Each sample
is evaluated as a direct, single-turn recall task: the entire conversation history is placed in-context and the
model must answer a memory-probing question without any scaffold or tool use. Grading is LLM-judged
using GPT-5.4, which scores model responses against reference answers. We measure mean pass@1 across
four attempts. We report internal run results for all 3 models.

A.7 Multilingual

The following benchmarks were used to evaluate the model’s multilingual ability. Our multilingual evaluation
is text-only; multilingual multimodal understanding is not assessed here.

OmnilingualGAIA2 (Caciolai et al., 2026) is a multilingual agentic benchmark: agents must fulfill user tasks
that are phrased in target language by planning, searching, and acting in a universe that is also in target
language. It extends 4 of the core capabilities (search, execution, ambiguity, adaptability) of GAIA2 (Froger
et al., 2026) to 10 languages, and grades agent actions and responses with a verifier comprising a multilingual
LLM-as-a-judge component. We report pass@1 averaged across 3 runs to reduce variance.

Linguini (Sánchez et al., 2026) is a text-only benchmark of language-agnostic linguistic reasoning: 894 questions
grouped into 160 problems taken from the International Linguistic Olympiad, covering 75 mostly low-resource
languages. Each problem gives a handful of parallel examples in a language the model has almost certainly
never seen, and the model must induce the underlying morphological, phonological, or numeral system from
those examples alone. Prior knowledge of the language is neither required nor helpful, so the benchmark
measures reasoning rather than recall. Problems come in five formats: translation into and out of the unknown
language, filling in blanks, matching letters, and converting between numerals and their written forms. Each
sample is a direct, single-turn task: context, question, and answer format are given in-context, and the model
produces the requested word or phrase with no scaffold or tool use. Grading is reference-based and automatic,
using normalized exact match. We report whole-problem exact match, which credits a problem only if all of
its answers are correct, and discuss per-question accuracy over all 894 questions in section B.6.

Belebele (Bandarkar et al., 2024) is a text-only multiple-choice reading comprehension benchmark covering
122 language variants. Every question exists in every language (the set is fully parallel), so scores are directly
comparable across languages. Each question is grounded in a short passage drawn from FLORES (NLLB

14https://artificialanalysis.ai/articles/artificial-analysis-intelligence-index-v4-2
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Team et al., 2024) and offers four answer options, written to separate strong readers from weak ones: the
English subset alone is hard enough to challenge frontier models. Each sample is a direct, single-turn task:
the passage, question, and four options are given in-context and the model selects one option, with no scaffold
or tool use. Grading is exact match against the gold option. We report mean accuracy.

MMLU-ProX (Xuan et al., 2025) is a text-only multilingual knowledge-and-reasoning benchmark extending
the reasoning-focused MMLU-Pro design to typologically diverse languages, with almost 12,000 questions per
language produced by a semi-automatic pipeline in which state-of-the-art LLM translations are verified by
expert annotators for conceptual accuracy and terminological consistency. We evaluate on the full test set of
29 languages, with lm-eval15 default settings and 0-shot prompting, that renders Muse Glimmer’s reasoning
strength block in its expected position. We report mean pass@1 over the languages.

WMT24++ (Deutsch et al., 2025) is a text-only, multi-way machine translation benchmark that extends the
WMT24 test set to 55 languages and dialects, adding newly collected human-written references and post-edits
for 46 new languages/dialects alongside post-edits of the original references in 8 of the 9 WMT24 languages.
It spans four domains: literary, news, social, and speech. Each sample is evaluated as a direct, single-turn
translation task: the model receives the source segment out-of-English and must produce the target-language
translation with no scaffold or tool use; for the into-English direction, we reverse the test set, translating the
human references back into English and scoring against the original English source. Grading is reference-based
and automatic using chrF++ (Popović, 2015) against the human references.

FLORES+ (NLLB Team et al., 2024) is a text-only multi-way parallel translation benchmark covering 200
languages, built from English Wikimedia articles professionally translated into every target language and
released in dev/devtest/test splits. We evaluate on the public devtest split of 1,012 sentences per language.
Again, each sample is a direct, single-turn sentence-level translation task and grading is reference-based and
automatic using chrF++ against the human references.

BOUQuET (Andrews et al., 2025) is a text-only, multi-way, multicentric, and multi-register/domain, handcrafted
first in 9 non-English source languages (Egyptian Arabic, Modern Standard Arabic, French, German, Hindi,
Indonesian, Mandarin Chinese, Russian, Spanish) chosen as high-coverage pivot languages. Unlike sentence-
level benchmarks, it is organized in paragraphs of varying length, and its non-English-origin, multicentric design
is intended to avoid contamination and to enforce representation of multilingual language features. Similarly
to above, each sample is a direct, single-turn sentence-level translation task and grading is reference-based
and automatic using chrF++ against the human references.

A.8 Policy Adherence

A.8.1 Data Handling at Inference Time

This benchmarks below were used to evaluate the model’s ability to preserve user privacy and resist adversarial
manipulation.

PrivacyLens. (Shao et al., 2024) We use the full 493-prompt dataset, which evaluates privacy norm awareness
in LLMs acting as AI assistants. Each prompt places the model in a simulated agentic context: the system
prompt describes available user tools (e.g., email, contacts), and the user message includes a pre-executed
trajectory of prior tool calls followed by a user instruction. The model then generates a single-turn response
(email, post, message) without exposing sensitive information. This is a text-only, non-multimodal evaluation.
Grading uses LLM-as-judge (Claude Sonnet 4.6), which evaluates both (1) information exposure, whether the
response reveals any of the scenario’s information items (binary per item), and (2) helpfulness on a 0–3 scale.
The metric reported is the adjusted exposure rate, fraction of samples where any item is exposed, conditioned
on the response being helpful (helpfulness ≥ 2). We run the benchmark internally and we average results over
4 runs to reduce variance.

CIMemories (Mireshghallah et al., 2026). CIMemories is a benchmark measuring how much models reveal
personal sensitive information in inappropriate contexts. CIMemories uses synthetic user profiles with over
100 attributes per user (such as finance, health, relationships attributes) paired with diverse task contexts
representing canonical social interactions (e.g., communicating with doctors) resulting in a total of 2500

15https://github.com/eleutherai/lm-evaluation-harness
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scenarios. Each attribute may be essential for some tasks but inappropriate for others, giving rise to two
primary metrics, violation rate (the extent to which inappropriate attributes are revealed) and coverage
rate (the extent to which necessary attributes are shared). We use Claude 4.6 Sonnet as an LLM judge to
determine sharing of attributes by the model and we average results over 4 runs to control variance. We
report internal run results for all 3 models.

A.8.2 Robustness to Prompt Injections

Siren AgentDojo (De Benedetti et al., 2024). Siren AgentDojo is a public benchmark designed to evaluate how
models handle standard tool-use scenarios when exposed to prompt injection attacks. The evaluation combines
97 benign tasks spread across four distinct environments (banking, travel booking, workspace management,
online store) with 35 malicious tasks yielding a total of 949 prompt injection attempt scenarios. Each of these
equips the agent with domain-specific tools, such as transaction APIs, calendar access, and file operations.
The benchmark specifically tests whether agents can be manipulated by stealthy attacks into misusing these
tools for malicious actions like data exfiltration or unauthorized financial transactions. The LLM-powered
attacker (we use Claude Opus 4.6) iteratively refines its attack until it succeeds or a maximum of 6 iterations
is reached. We use deterministic rule-based grading to determine attack success and benign task completion.
We report two scores here: Attack Success Rate (ASR), which is the success rate of the malicious task injected
by the attacker and utility, which is the success rate of the benign task instructed by the user in the presence
of a malicious injection. Higher utility and lower ASR indicate that the agent is able to complete more user
requests, while being less impacted by the injected prompts. We report internal run results for all 3 models.
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B Implementation Details

B.1 SystemPrompt Example - Assistant

You are a helpful AI assistant.
Knowledge cutoff: 2026-01-04.
Current date: 2026-03-15.

In this environment you have access to a set of tools you can use to answer the user’s question.
You can invoke a function by writing a "<atem:function_calls>" block like the following as part
of your reply to the user:

<atem:function_calls> <atem:invoke name="$FUNCTION_NAME"> <atem:parameter
name="$PARAMETER_NAME">$PARAMETER_VALUE</atem:parameter> ...
</atem:invoke> </atem:function_calls>

String and scalar parameters should be specified as is, while lists and objects should use JSON
format.

Here are the functions available:
"name": "bash.exec", "description": "Execute a bash command in the terminal. Commands
will time out after 120 seconds.", "parameters": "type": "object", "properties": "cmd": "type":
"string", "description": "The bash command to execute.", "required": ["cmd"]
"name": "str_replace_editor.create", "description": "Create a new file with the given content.",
"parameters": "type": "object", "properties": "path": "type": "string", "description": "Ab-
solute path for the new file.", "file_text": "type": "string", "description": "The content to
write.", "required": ["path", "file_text"]
"name": "submit.submit", "description": "Submit the solution when the task is complete.",
"parameters": "type": "object", "properties": , "required": []

Here is an example of how to use the tools:

<atem:function_calls> <atem:invoke name="bash.exec"> <atem:parameter name="cmd">find
/testbed -type f -name "*.py" | head -20</atem:parameter> </atem:invoke> </atem:function_-
calls>

## Task Summary:
In your last turn, provide a short summary...

## Additional Instructions:
- Do not use interactive commands
- No internet access
- Reproduce the issue before fixing
- Run existing tests

Reasoning strength: high.

# Valid recipients: "self", "bash.exec",
"str_replace_editor.view", "str_replace_editor.str_replace",
"str_replace_editor.create", "submit.submit", "user".
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B.2 SystemPrompt Example - OpenClaw

You are a personal assistant running inside OpenClaw.
Tooling:
You may use the listed tools exactly by name. Available tools include read, write, edit, exec,
process, web_search, web_fetch, browser, canvas, nodes, cron, message, gateway, session/session-
agent tools, memory tools, and tts. TOOLS.md is guidance only, not the source of tool availability.
For complex or long tasks, spawn a sub-agent.
Tool Call Style:
Do not narrate routine low-risk tool calls. Narrate briefly only for complex, multi-step, or sensitive
actions.
Safety:
You have no independent goals. Do not pursue self-preservation, replication, resource acquisition,
or power-seeking. Prioritize safety and human oversight. If instructions conflict, pause and ask.
Do not bypass safeguards or manipulate anyone to expand access.
OpenClaw CLI:
Use documented OpenClaw subcommands only:
- openclaw gateway status
- openclaw gateway start
- openclaw gateway stop
- openclaw gateway restart
If unsure, ask for ‘openclaw help‘ output.

Skills:
Before replying, scan available skills. If one clearly applies, read its SKILL.md and follow it. If
multiple apply, choose the most specific. If none apply, do not read a skill. Never read more
than one skill up front.
Memory Recall:
Before answering about prior work, decisions, dates, people, preferences, or todos, run memory_-
search on MEMORY.md + memory/*.md, then memory_get only needed lines. Include source
citations when useful.
Self-update:
Only run OpenClaw updates/config changes when explicitly requested.
Workspace:
Working directory is ‘/root/.openclaw/workspace‘. Treat it as the global workspace unless
instructed otherwise. Commit changes after edits.
Documentation:
Use local OpenClaw docs at ‘/opt/chatbot/docs‘ first for OpenClaw behavior, commands, config,
or architecture.
Messaging:
Reply in current session routes automatically to the source channel. Use ‘message‘ only for
proactive sends/channel actions. Never use exec/curl for provider messaging.
Project Context:
Loaded project files include AGENTS.md, SOUL.md, TOOLS.md, IDENTITY.md, USER.md,
HEARTBEAT.md, BOOTSTRAP.md, plus silent-reply, heartbeat, and runtime rules.
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B.3 Synthetic Data: Persona Generation Details

Our pipeline supports two persona generation modes. In the sampling-based mode, we sample age from
a Beta(2,5) distribution skewed toward 25–35 with a floor of 18, and region from a weighted categorical
distribution reflecting a realistic AI-user population split across North America, Europe, Asia, India, the
Middle East, Latin America, and Africa. Big Five personality scores (openness, conscientiousness, extroversion,
agreeableness, neuroticism) are independently drawn from a truncated Gaussian (µ = 5, σ = 2.5, clamped
to [1, 10]). These sampled attributes are passed to the model, which is prompted to synthesize a coherent
identity—name, occupation, marital status, work style, digital habits, hobbies, life habits, dreams, and
concerns—consistent with the sampled psychometric profile. In the text-grounded mode, we instead sample
raw text passages from various sources and prompt the model to infer several plausible personas (each with
an explanation and a plausibility/probability score) that could have authored or engaged with each passage,
together with a free-form background paragraph covering routine, relationships, and goals. This mirrors
recent findings that grounding persona synthesis in real long-form text, rather than a purely LLM-sampled
demographic schema, produces persona populations whose psychometric trait distributions more closely track
real human populations than temperature-based sampling alone (Hu et al., 2025).

B.4 Request Format

Muse Glimmer natively supports a set of tunable parameters: Reasoning Strength, Valid Recipients, and
Agent Tool Calling Format (ATEM).

Reasoning strength controls the depth of internal chain-of-thought the model performs before producing a
response. It is specified as a single line in the system prompt:

Reasoning strength: <level>.

Four levels are supported:

• Low – Minimal reasoning; a brief internal thought before responding. Suited for simple factual lookups
or trivial tasks.

• Medium – Moderate reasoning; balanced thinking for medium-complexity tasks requiring some planning.

• High – Full reasoning; deep chain-of-thought for complex multi-step coding, debugging, or research tasks.
This is the default for agent workloads.

• xHigh – Maximum reasoning; the largest available thinking budget, for the hardest long-horizon agentic
and research tasks where quality outweighs latency. Reserved for offline or evaluation settings rather
than interactive use.

Valid Recipients: Each message the model produces carries a to= routing header that determines how the
infrastructure processes the message. The system prompt declares the set of available recipients via a directive
at the end of the prompt:

# Valid recipients: "self", "bash.exec", "str_replace_editor.view", "user".

Three recipient types exist:

Type Syntax Semantics

Self to=self Internal reasoning and planning
Tool to=namespace.function Triggers tool execution
User to=user Final response; ends the turn

Table 6 Recipient types in the Muse Glimmer routing protocol.

The model must only route to recipients explicitly listed in the valid recipients directive. Each tool function
receives its own entry (e.g., str_replace_editor.view and str_replace_editor.str_replace are separate
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recipients). The recipients self and user are always present, and routing to user terminates the model’s turn.

Agent Tool Calling Format (ATEM): ATEM is the XML-based format used for tool invocation. A tool call
consists of a routing header matching the tool’s fully qualified name, followed by an atem:function_calls
XML block.

B.4.1 Tool Definitions

Tools are defined in the system prompt as JSON schema objects specifying name, description, and parameters:

1 {
2 "name": "bash.exec",
3 "description": "Execute a bash command.",
4 "parameters":{
5 "type": "object",
6 "properties": {
7 "cmd": {
8 "type": "string",
9 "description": "The bash command."

10 }
11 },
12 "required": [
13 "cmd"
14 ]
15 }
16 }

Tool names follow the namespace.function convention.

B.4.2 Invocation Format

To call a tool, the model emits:

to=bash . exec <atem : func t i on_ca l l s > <atem : invoke name="bash . exec"> <atem : parameter
name="cmd"> l s /workspace</atem : parameter> </atem : invoke>

</atem : func t i on_ca l l s >

String and scalar parameters are written as-is; arrays and objects use JSON syntax. Multiple atem:invoke
elements may appear within a single atem:function_calls block for parallel tool calls.

Tool output wrapping similarly supports multiple styles during training—including canonical XML, markdown
code blocks, bracket/arrow/pipe/hashtag delimiters, and ReAct-style Observation: prefixes—to improve
robustness across diverse deployment contexts.
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B.5 Agentic Data Format

Assistant messages use recipient to distinguish private reasoning (self), tool calls (<tool>.<function>), and
the final user-facing answer (user). Tool calls are rendered as <atem:function_calls> XML in body_text and
mirrored in metadata.tool_calls. External tool observations are wrapped with a SECURITY NOTICE header
and «<EXTERNAL_UNTRUSTED_CONTENT»> sentinels so the model treats their contents as untrusted.
Some splits additionally prefix user turns with a Sender (untrusted metadata) block. An abbreviated example
follows.

Listing 1 Experiment configuration
1 {
2 "id": "b1a7c0de-...",
3 "metadata": {
4 "type": "sft", "split": "train",
5 "path": "openclaw-sft/check-weather",
6 "domain": "agent/openclaw", "language": "en",
7 "quality_metrics": {
8 "scenario": "check-weather", "reward": 1.0,
9 "passed_count": 2, "total_checks": 2

10 }
11 },
12 "past_conversation_context": {"messages": [
13 {"author": {"role": "system"},
14 "content": {"content_train_params": {"keep_loss": false, "loss_weights": 0.0},
15 "customized_instructions": "You are a personal assistant ...",
16 "tool_set": {"tools": {"wttr": {"...": "..."}},
17 "schema_render_format": "xml_atem",
18 "tool_call_type": "<split-specific>"},
19 "reasoning_strength": {"strength": 64},
20 "allow_private_thinking": true, "allow_public_thinking": false},
21 "end_turn": true},
22 {"author": {"role": "user"},
23 "content": {"content_train_params": {"keep_loss": false, "loss_weights": 0.0},
24 "body_text": "Check the weather for my location and summarize."},
25 "end_turn": true}
26 ]},
27 "continuations": [{"conversation": {"messages": [
28 {"author": {"role": "assistant"},
29 "content": {"content_train_params": {"keep_loss": true, "loss_weights": 1.0},
30 "body_text": "I’ll look up their location and call the weather tool."},
31 "end_turn": false, "recipient": {"recipient": "self"}},
32 {"author": {"role": "assistant"},
33 "content": {"content_train_params": {"keep_loss": true, "loss_weights": 1.0},
34 "body_text": "<atem:function_calls><atem:invoke name=\"wttr.wttr\">...</atem:invoke></atem:function_calls>"},
35 "end_turn": true, "recipient": {"recipient": "wttr.wttr"},
36 "metadata": {"tool_calls": [{"tool_name": "wttr", "function_name": "wttr",
37 "arguments": {"location": "London", "format": "j1"}}]}},
38 {"author": {"role": "tool", "name": "wttr.wttr"},
39 "content": {"content_train_params": {"keep_loss": false, "loss_weights": 0.0},
40 "body_text": "<tool_output name=wttr.wttr>SECURITY NOTICE: ... <<<EXTERNAL_UNTRUSTED_CONTENT id

=\"7f10c2\">>>{\"temp_F\": \"59\", ...}<<<END_EXTERNAL_UNTRUSTED_CONTENT id=\"7f10c2
\">>></tool_output>"},

41 "end_turn": true},
42 {"author": {"role": "assistant"},
43 "content": {"content_train_params": {"keep_loss": true, "loss_weights": 1.0},
44 "body_text": "About 59F and partly cloudy in London today."},
45 "end_turn": true, "recipient": {"recipient": "user"}}
46 ]}}]
47 }
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B.6 Multilingual Capabilities

We evaluate Muse Glimmer’s ability to deal with a broad range of tasks involving multiple languages. Because
agents are deployed by non-English-speaking users, we evaluate multilingual ability along two axes: linguistic
competence, via translation and reading comprehension; and the transfer of task competence out of English,
for knowledge and reasoning and for agentic behaviour. We separate the two because they do not move
together, translation quality is a poor predictor of agentic readiness.

We also rely on machine translation as a proxy task to establish a set of supported languages of Muse Glimmer,
across two tiers: strong (88 languages) and usable (49 languages), for a total of 137 languagevarieties supported.

In the following we denote language varieties following the FLORES-200 (NLLB Team et al., 2024) notation
and the more familiar language name in parenthesis, e.g. eng_Latn (English), where eng is the ISO-639-3
code that identifies the languoid and Latn is the ISO-15924 code that identifies the underlying script.

B.6.1 Multilingual Agentic Capabilities

OmnilingualGAIA2 (Caciolai et al., 2026), a multilingual extension of GAIA2 (Froger et al., 2026) spanning
10 languages and 4 core agentic capabilities, allows us to directly assess how the English-only capabilities
transfer to a multilingual setting. We compare Muse Glimmer at low, medium, high and xhigh reasoning
strength to Gemma4-31B and Qwen3.6-27B, and we report results across languages in table 7.

The observed strong agentic performance of Muse Glimmer in English transfers to the selection of high
resource languages (all are in our strong support tier) covered by the benchmark. At every tested reasoning
strength, Muse Glimmer is the top-performing model in all 10 languages: over the full 10× 4 grid its margin
over Gemma4-31B ranges from 16.4 points (Japanese, xhigh) to 27.2 (Hindi, medium), and its margin over
Qwen3.6-27B from 10.8 points (French, low) to 23.0 (German, high). Averaged over the 10 target languages,
Muse Glimmer leads Gemma4-31B by 21.0–23.2 points and Qwen3.6-27B by 13.4–15.7 points, depending on
reasoning strength.

However, the multilingual transfer is not perfect, nor is it for the other tested models. We observe a drop
across the board comparing English performance to non-English performance: at high, Muse Glimmer falls
from 73.7 pass@1 (averaged across 3 rollouts) in English to 50.0 in Japanese, a 23.7 point gap, with the 10
target languages recording an average drop of 13.3 (15.3 at low, 13.0 at medium, 13.4 at xhigh). All the
strongly supported languages lose ground: setting Japanese aside, drops at high range from 7.8 in German
to 20.1 in Hindi, relative to English. Both models we compare against experience a noticeable drop as well,
although of varying magnitude: 11.6 on average and 20.0 at worst for Qwen3.6-27B, which ranks English
first and Japanese last; 5.7 on average and 10.7 at worst for Gemma4-31B, which also peaks in English but
bottoms out in Hindi, with Japanese a close second-to-last. Furthermore, the three models share the same
capability ordering (average performance on search > execution > adaptability > ambiguity), although exact
ranking across languages can vary. In particular, Qwen3.6-27B reports a comparable English-to-Japanese
spread (20.0) while Gemma4-31B seems to be able to retain more of its English performance (worst-case drop
of 10.7), although this can be considered an artifact of a depressed English ceiling (43.2).

Reasoning strength has a modest, and not always monotonic, effect. Averaged over the 10 target languages,
Muse Glimmer gains 2.3 points moving from low to medium (58.4 → 60.7) and then plateaus (60.4 at high,
60.5 at xhigh), with high and xhigh never differing by more than 0.7 points in any single language. The
plateau is not uniform, though: seven of the ten languages peak at high or xhigh, whereas Chinese, Hindi
and Japanese peak at medium. The regression is negligible for Chinese (0.1 points from medium to high) but
substantial for Hindi (6.1) and Japanese (3.0), and in both cases it is driven almost entirely by the search
capability (81.8 → 69.9 for Hindi, 77.8 → 68.5 for Japanese), while every other language stays within ±2
points on search over the same transition. Hindi and Japanese are also the two lowest-scoring languages in the
set, so the languages that would benefit most from additional test-time reasoning are precisely those where
scaling reasoning strength beyond medium hurts.
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Table 7 Overall performance (pass@1, macro-averaged across the 4 capabilities) across the 10 languages of Omnilin-
gualGAIA2. We also report the English performance of GAIA2 as anchor. Target mean averages the 10 non-English
languages, and ∆ vs. English is its difference to the English row. Best result per row in bold.

Language
Muse Glimmer

(low)
Muse Glimmer
(medium)

Muse Glimmer
(high)

Muse Glimmer
(xhigh)

Gemma4-31B
(thinking)

Qwen3.6-27B
(thinking)

eng_Latn (English) 73.7 73.7 73.7 73.9 43.2 56.6

spa_Latn (Spanish) 61.6 63.9 65.0 64.4 39.5 50.4
fra_Latn (French) 60.5 63.3 64.0 64.6 40.8 49.7
por_Latn (Portuguese) 62.7 64.6 64.9 65.3 40.8 48.3
ind_Latn (Indonesian) 59.2 62.0 62.1 62.1 39.0 48.2
ita_Latn (Italian) 58.8 60.7 61.8 62.3 39.7 46.6
tur_Latn (Turkish) 57.6 60.1 60.1 60.7 36.5 44.6
cmn_Hans (Chinese) 55.4 56.5 56.4 56.4 34.1 43.7
deu_Latn (German) 62.0 63.2 65.9 65.7 38.8 42.9
hin_Deva (Hindi) 56.5 59.7 53.6 54.1 32.5 38.9
jpn_Jpan (Japanese) 49.8 53.0 50.0 49.3 32.9 36.6

Target mean 58.4 60.7 60.4 60.5 37.5 45.0
∆ vs. English −15.3 −13.0 −13.3 −13.4 −5.7 −11.6

B.6.2 Non-Agentic Multilingual Capabilities

We further study how the non-agentic capabilities of Muse Glimmer transfer from English into other languages,
and we report below our main findings.

Strong metalinguistic reasoning. The good performance observed on OmnilingualGAIA2 suggests strong
multilingual reasoning capabilities of Muse Glimmer. To evaluate the ability of the model to perform
metalinguistic reasoning, i.e. understanding and operating under the rules of (potentially unseen) languages,
we leverage Linguini (Sánchez et al., 2026) as it deliberately removes language knowledge from the equation:
each problem supplies all the evidence needed in context, so a model cannot fall back on having seen the
language in training. Muse Glimmer leads by a wide margin on whole-problem exact match (8.8, against
3.8 for Gemma4-31B and 2.5 for Qwen3.6-27B), solving more than twice as many complete problems as
the strongest baseline. The per-question view narrows and reverses the ordering at the top (17.9 versus
Gemma4-31B’s 18.8, and 14.4 for Qwen3.6-27B), indicating that Muse Glimmer more often carries a deduction
through to every requested answer, while Gemma4-31B recovers a comparable share of individual answers
across a wider set of partially-solved problems. Neither ordering follows from the translation tiers: the 75
languages in Linguini lie almost entirely outside the supported set, and performance here reflects inductive
reasoning over unfamiliar morphology rather than coverage of the language itself.

Reading comprehension and knowledge transfer well. We investigate whether the good agentic and metalin-
guistic reasoning capabilities emerge at the expense of more conventional multilingual tasks. On Belebele
(Bandarkar et al., 2024), a machine reading comprehension benchmark spanning 122 languages, Muse Glimmer
scores 87.8%, ahead of Qwen3.6-27B (86.1%) and just behind Gemma4-31B (88.6%); all three cluster within 2.5
points, indicating that multilingual reading comprehension is not the discriminating axis at this scale. We find
similar results on MMLU-ProX (Xuan et al., 2025), measuring domain-specific knowledge in a multilingual
setting, where Muse Glimmer scores 80.1 mean pass@1, behind Gemma4-31B (82.5) and Qwen3.6-27B just
slightly ahead (80.5). Remarkably, Muse Glimmer exhibits the tightest multilingual spread of the three
once we exclude Wolof—a language for which Muse Glimmer currently lacks sufficient coverage: the average
English-to-language gap is just 2.6 points for Muse Glimmer (high), compared to 3.7 for Gemma4-31B and
5.2 for Qwen3.6-27B. Overall performance also converges under this view: Muse Glimmer (high) surpasses
Qwen3.6-27B (81.5 vs. 81.1) and narrows the gap with Gemma4-31B (83.0). In other words, Muse Glimmer
trades 1.5 points of average accuracy for a more uniform cross-lingual profile.

Muse Glimmer is token efficient. Absolute accuracy on MMLU-ProX hides a large spread in generation
cost (Table 8). Gemma4-31B and Muse Glimmer are close on mean tokens per rollout (2,671 vs. 2,453), while
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Qwen3.6-27B spends 4,532—70% more than Gemma4-31B and 1.8× as much as Muse Glimmer in high mode.
Which model is preferable therefore depends on whether the deployment is accuracy-bound or throughput-
bound: excluding Wolof Gemma4-31B buys 1.5 pp of accuracy for ∼ 10% more tokens; Qwen3.6-27B spends
1.8× the tokens for no accuracy advantage at all.

Reasoning strength does not change these conclusions. Raising reasoning strength from high to xhigh moves
every multilingual result by less than the run-to-run noise: 53.3 vs 53.4 on WMT24++, 47.5 on both for
FLORES+, 36.5 on both for BOUQuET, 87.8 on both for Belebele, and 8.1 vs 8.8 on Linguini, at 10–27%
more generated tokens. Therefore, all our results are done with high as the default operating point.

Model pass@1 Tokens/rollout

Muse Glimmer (low) 76.9 557
Muse Glimmer (medium) 79.3 1,180
Muse Glimmer (high) 80.1 2,453
Muse Glimmer (xhigh) 80.0 3,397
Gemma4-31B 82.5 2,671
Qwen3.6-27B 80.5 4,532

Table 8 Accuracy vs. generation cost on MMLU-ProX. Tokens/rollout includes the reasoning trace.

B.6.3 Machine Translation Performance and Detailed Language Support

We use the performance of Muse Glimmer on machine translation tasks, as measured by chrF++ (Popović,
2015), on the union of WMT24++ (Deutsch et al., 2025), FLORES+ (NLLB Team et al., 2024) and
BOUQuET (Andrews et al., 2025), to define language support tiers. In particular, we measure the performance
of the model in translating text from at least one benchmark both in and out of English, and define two
language tiers. We say a language variaty is strongly supported by Muse Glimmer if, based on the protocol
above, it scores at least 50, while we say it’s usable if its score is in the [40, 49] range. Note that for tier
assignment we exclude empty generations, while the aggregate scores reported in Tables 5 and 9 consider a
failed generation to score zero. At Muse Glimmer’s empty rate of 0.3%, the two yield identical tier assignments.

Machine Translation Performance We report aggregate Muse Glimmer translation performance across
the three benchmarks in table 9, separating the into English (X→eng) and the out of English (eng→Y)
performance, again compared to Gemma4-31B and Qwen3.6-27B. Gemma4-31B is the best performing model
across all three benchmarks and aggregate directions, but Muse Glimmer is a close second throughout (tied
with Qwen3.6-27B into English on WMT24++). In particular, on the 55 language pairs of WMT24++,
Muse Glimmer is within 1.5 chrF++ points of Gemma4-31B into English and within 1.2 points out of
English. The delta widens when the model is evaluated on the long tail translation tasks of BOUQuET, the
benchmark with the widest language coverage, where translation performance degrades, bringing the overall
observed performance down.

Detailed Language Support With the operational definition above, and the language coverage provided by
the three supporting benchmarks (55 for WMT24++, 212 on FLORES+ and 274 on BOUQuET), we
establish that Muse Glimmer supports 137 language varieties, with 88 classified as strong and 49 as usable.

One caveat on translation benchmarks: chrF++ penalises scripts that do not use spaces between words
(Chinese, Japanese) or that pack a syllable into each character (Korean), which partly explains why Chinese,
Japanese and Korean fall below the bar out of English (33.9 / 34.9 / 36.5), as they do for Gemma4-31B and
Qwen3.6-27B, while scoring above 56 into English. Since all three reach 81.5 on MMLU-ProX, in line with
strong-tier languages, we do not read their absence from the list as a lack of support, although we keep the
tiers strictly rule-based.

We further remark that this count should be read as language varieties, or languoids.

The explicit list of supported languages, grouped by their tier, is reported in table 10.
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Table 9 Machine translation performance (chrF++) of Muse Glimmer (high), Gemma4-31B and Qwen3.6-27B across
three MT benchmarks and two aggregate directions. Overall averages the 972 FLORES+ and BOUQuET directions
(212 + 212 + 274 + 274), the two benchmarks with the broadest language coverage.

Dataset Direction Language Pairs Muse Glimmer Gemma4-31B Qwen3.6-27B

WMT24++ X→eng 55 55.7 57.2 55.7
WMT24++ eng→Y 55 51.0 52.2 48.8

FLORES+ X→eng 212 53.7 54.9 53.2
FLORES+ eng→Y 212 41.4 41.5 38.0
BOUQuET X→eng 274 41.4 44.0 41.1
BOUQuET eng→Y 274 31.7 33.3 29.7
Overall X↔eng 972 41.3 42.8 39.9

Strong support (n = 88)
afr_Latn (Afrikaans) als_Latn (Tosk Albanian) arb_Arab (Standard Arabic)
ast_Latn (Asturian) azj_Latn (North Azerbaijani) bel_Cyrl (Belarusian)
ben_Beng (Bangla) bos_Latn (Bosnian) bul_Cyrl (Bulgarian)
cat_Latn_stan1289 (Standard Catalan) cat_Latn_vale1252 (Standard Valencian) ceb_Latn (Cebuano)
ces_Latn (Czech) cym_Latn (Welsh) dan_Latn (Danish)
deu_Latn (German) ekk_Latn (Standard Estonian) ell_Grek (Greek)
epo_Latn (Esperanto) eus_Latn (Basque) fin_Latn (Finnish)
fra_Latn_queb1247 (Québécois French) fra_Latn_stan1290 (Standard French) fry_Latn (Western Frisian)
gla_Latn (Scottish Gaelic) gle_Latn (Irish) glg_Latn (Galician)
guj_Gujr (Gujarati) hat_Latn (Haitian Creole) heb_Hebr (Hebrew)
hin_Deva (Hindi (Devanagari)) hrv_Latn (Croatian) hun_Latn (Hungarian)
hye_Armn (Armenian) ind_Latn (Indonesian) isl_Latn (Icelandic)
ita_Latn (Italian) jav_Latn (Javanese) kan_Knda (Kannada)
kat_Geor (Georgian) kaz_Cyrl (Kazakh) lir_Latn (Liberian Kreyol)
lit_Latn (Lithuanian) ltz_Latn (Luxembourgish) lvs_Latn (Standard Latvian)
mal_Mlym (Malayalam) mkd_Cyrl (Macedonian) mlt_Latn (Maltese)
mri_Latn (Māori) nld_Latn (Dutch) nno_Latn (Norwegian Nynorsk)
nob_Latn (Norwegian Bokmål) npi_Deva (Nepali) oci_Latn (Occitan)
ory_Orya (Odia) pan_Guru (Punjabi) pap_Latn (Papiamento)
pcm_Latn (Nigerian Pidgin) pes_Arab (Western Persian) plt_Latn (Plateau Malagasy)
pol_Latn (Polish) por_Latn_braz1246 (Brazilian Por-

tuguese)
por_Latn_por1283 (European Por-
tuguese)

ron_Latn (Romanian) rus_Cyrl (Russian) slk_Latn (Slovak)
slv_Latn (Slovenian) smo_Latn (Samoan) sna_Latn (Shona)
sot_Latn (Southern Sotho) spa_Latn_mexi1248 (Mexican Spanish) spa_Latn_stan1288 (Standard Spanish)
swe_Latn (Swedish) swh_Latn (Swahili) tam_Taml (Tamil)
tel_Telu (Telugu) tgk_Cyrl (Tajik) tgl_Latn (Tagalog)
tha_Thai (Thai) tur_Latn (Turkish) ukr_Cyrl (Ukrainian)
urd_Arab (Urdu (Arabic)) uzn_Latn (Northern Uzbek) vie_Latn (Vietnamese)
war_Latn (Waray) ydd_Hebr (Eastern Yiddish) zsm_Latn (Standard Malay)
zul_Latn (Zulu)

Usable support (n = 49)
acm_Arab (Mesopotamian Arabic) acq_Arab (Ta’izzi-Adeni Arabic) apc_Arab_nort3139 (North Levantine

Arabic)
apc_Arab_sout3123 (South Levantine
Arabic)

arg_Latn (Aragonese) arz_Arab (Egyptian Arabic)

asm_Beng (Assamese) bak_Cyrl (Bashkir) ban_Latn (Balinese)
bjn_Latn (Banjar) ckb_Arab (Central Kurdish) fao_Latn (Faroese)
fur_Latn (Friulian) hau_Latn (Hausa) hin_Latn (Hindi (Latin))
ibo_Latn (Igbo) ilo_Latn (Iloko) kaa_Latn (Kara-Kalpak)
khk_Cyrl (Halh Mongolian) khm_Khmr (Khmer) kin_Latn (Kinyarwanda)
kir_Cyrl (Kyrgyz) kmr_Latn (Northern Kurdish) lao_Laoo (Lao)
lim_Latn (Limburgish) mag_Deva (Magahi) mai_Deva (Maithili)
mar_Deva (Marathi) min_Latn (Minangkabau) mtq_Latn (Muong)
nso_Latn (Northern Sotho) nya_Latn (Nyanja) pbt_Arab (Southern Pashto)
prs_Arab (Dari) roh_Latn (Romansh) scn_Latn (Sicilian)
sin_Sinh (Sinhala) snd_Arab (Sindhi) som_Latn (Somali)
srd_Latn (Sardinian) srp_Cyrl (Serbian) sun_Latn (Sundanese)
tat_Cyrl (Tatar) tpi_Latn (Tok Pisin) tsn_Latn (Tswana)
tuk_Latn (Turkmen) urd_Latn (Urdu (Latin)) vec_Latn (Venetian)
xho_Latn (Xhosa)

Table 10 Language support of Muse Glimmer, grouped by support tier.
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B.7 Examples

B.7.1 Chart Understanding

Prompt

Read these 3 graphs and tell me what do you understand.

Response The three panels are the same training run tracked over optimisation steps, once with
a “tail pinning” regulariser on the student and once without it.

• Loss (left) — Both curves start around ∼0.009 and drop within the first 1–2 steps. With tail
pinning the blue curve is on average a little lower in the later part of training, ending around
0.0043 at step 21–24. Without pinning the teal curve keeps fluctuating, ∼0.0055–0.0060 at
the end.

• Student Tail Mass (centre) — With tail pinning, student tail mass stays flat at 4.5 × 10−4.
Without it, mass grows monotonically from ∼4× 10−4 to ∼2.2× 10−3, a > 5× increase.

• Teacher Mass at Student Top-K (right) — With pinning, overlap improves from ∼0.9934 to
∼0.9955. Without it, overlap peaks early then degrades to ∼0.9932.

Taken together: tail pinning keeps the student distribution concentrated, prevents unbounded
growth of tail probability mass, and preserves the agreement between the student’s top-K
predictions and the teacher’s distribution.

B.7.2 Solve ODE

Prompt Solve:
d2y

dx2
− 4

dy

dx
+ 8 y = 0.

Response The characteristic equation for y′′ − 4y′ + 8y = 0 is obtained with y = erx:

r2 − 4r + 8 = 0

r =
4±

√
16− 32

2
= 2± 2i

So the roots are complex conjugate r = 2± 2i = α± iβ with α = 2, β = 2. Hence:

y(x) = e2x
(︁
C1 cos 2x+ C2 sin 2x

)︁
Equivalently, in amplitude-phase form:

y(x) = Ae2x cos(2x− ϕ), A =
√︂
C2

1 + C2
2 , tanϕ = C2/C1.
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B.7.3 Riddles

Prompts
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