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Quick Answer: Ouro-2.6B-Thinking is a looped language model from ByteDance that passes
data through the same transformer blocks 4 times instead of once. The result: 2.6B parameters
matching Qwen3-8B on reasoning benchmarks like MATH-500 (90.85 vs 62.30) and BBH (80.46
vs 77.65), while fitting under 2GB at Q4. The catch — it only runs through Python transformers
right now. No llama.cpp, no Ollama, no GGUF. This is an architecture to watch, not a model to
switch to today. But if looping scales, it changes what's possible on budget hardware.

= More on this topic: Best Models Under 3B - Quantization Explained - Beyond Transformers -
VRAM Requirements - Planning Tool

Every few months, someone claims a small model “matches” a larger one. Usually it's marketing.
Cherry-picked benchmarks, favorable prompts, asterisks everywhere.

Ouro-2.6B-Thinking is different. ByteDance's looped language model scores 90.85% on
MATH-500 where Qwen3-8B scores 62.30%. It beats Qwen3-8B on BBH (80.46 vs 77.65), MMLU-
Pro (55.73 vs 53.72), and MBPP (80.40 vs 79.00). It does this with 2.6 billion parameters — a
third of the size. Not through distillation, not through MoE routing, but through a genuinely novel
idea: run the same transformer blocks multiple times.

The architecture is called LoopLM. It's weird. It works. And if the approach scales, it's a bigger
deal for local Al than any single model release.

How Looping Works

Think about reading a difficult paragraph. You don't read it once and move on — you re-read it.
Each pass catches something the previous one missed. Your eyes move over the same words,
but your understanding deepens.

Ouro does the same thing with transformer blocks. A standard model like Llama or Qwen
processes input through L layers once. Data enters layer 1, exits layer L, and that’s your output.
Every layer has unique weights — an 8B model needs 8B parameters worth of distinct
computation.
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Ouro takes a different path. Its 48 transformer layers are looped 4 times. Data enters layer 1,
exits layer 48, then enters layer 1 again with the refined representation from the first pass. Four
passes total — 192 effective layer computations from 48 physical layers.

The key insight from the paper: looped and non-looped models store approximately the same
amount of knowledge per parameter (~2 bits/parameter). The advantage isn't more knowledge
— it's better manipulation of that knowledge. Each loop refines the model’s internal reasoning in
latent space, catching connections that a single pass would miss.

The configurable knobs:

+ total_ut_steps : Number of loops. Default 4. Set it to 2 for faster inference with some
quality loss, or 3 for a middle ground.

+ early_exit_threshold : Adaptive computation. At 1.0 (default), every token gets all 4
loops. Lower values let the model bail early on easy tokens — the word “the” doesn’t need as
much thinking as a complex math step.

Here's the catch with loop count: more isn't better. Performance plateaus at 4 loops (what it was
trained for) and degrades beyond 5. You can't get free performance by cranking up the loops at
inference time.

Three Ways to Build a More Efficient Model

Ouro represents a third approach to the same problem every model builder faces: how do you
get more capability without proportionally more VRAM?

Active

Approach How It Works Example Params VRAM Impact
Compute
Standard L unique layers, one All params
Qwen3-8B 8B 8B
Transformer pass loaded
Mixture of Many experts, few All params
. Qwen3.5-397B  397B 17B
Experts active per token loaded (large)
Shared layers, 2.6Bx 4 Only 2.6B
Looped (Ouro) ) Ouro-2.6B 2.6B i
multiple passes passes loaded (tiny)

MoE models like Mixtral and Qwen3.5 reduce compute per token by activating only a fraction of
their parameters. But you still load all the weights into memory — a 397B MoE model needs
397B parameters worth of VRAM.
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Ouro reduces memory by reusing the same weights. You load 2.6B parameters, then spend more
compute time looping through them. The tradeoff is latency (more forward passes) instead of
memory (more parameters). For hardware-constrained setups — 4GB VRAM, phones, Raspberry
Pis — that'’s the right tradeoff.

The Benchmarks

Base Model: Ouro-2.6B vs 3B—8B Models

Benchmark Ouro-2.6B Qwen3-4B Qwen3-8B Llama 3.1 8B Gemma3 12B
MMLU 74.60 73.19 76.63 73.02 72.14
MMLU-Pro 55.73 51.40 53.72 43.24 49.21
BBH 80.46 71.14 77.65 71.56 78.41
GSM8K 81.58 72.86 83.09 78.17 77.18
MATH-500 90.85 59.60 62.30 52.90 83.20
HumanEval 78.70 77.70 84.80 38.40 46.30
MBPP 80.40 78.80 79.00 62.40 73.50
HellaSwag 79.69 75.66 79.60 81.97 83.68

Bold = best in row. Ouro-2.6B dominates reasoning (MATH-500, BBH, MMLU-Pro) and coding
(MBPP). It trails on knowledge-heavy benchmarks (MMLU, HellaSwag) — consistent with the
paper’s finding that looping improves knowledge manipulation, not knowledge capacity.

Thinking Variant: Ouro-2.6B-Thinking vs Reasoning Models

Benchmark Ouro-2.6B-Thinking Qwen3-4B Qwen3-8B DeepSeek-Distill-Qwen-7B
AIME24 pass@1 64.70 61.30 73.00 57.30
AIME25 pass@1 50.30 51.30 66.70 36.00
OlympiadBench 76.44 73.20 75.30 72.00
SuperGPQA 53.68 51.90 48.00 46.60

GPQA 52.70 54.50 59.10 51.00
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The Thinking variant is competitive with models 3x its size on math olympiad problems. It beats
DeepSeek-Distill-Qwen-7B — a 7B model — on almost every benchmark despite being 2.6B.
Against Qwen3-8B, it wins on OlympiadBench and SuperGPQA but falls short on the harder AIME
benchmarks.

The 1.4B variant is equally striking: Ouro-1.4B-Thinking scores 65.0 on AIME24 pass@1 vs
DeepSeek-Distill-Qwen-7B’s 57.3. A 1.4B model beating a 7B on competition math.

Hardware Requirements

This is where Ouro gets interesting for local builders:

Model Params Est. VRAM (Q4) Est. VRAM (FP16) Runs On

Ouro-1.4B 1.4B ~1GB ~2.8 GB Phones, Pi 5, any GPU
Ouro-2.6B 2.6B ~1.6 GB ~5.2 GB Any GPU, most iGPUs
Qwen3-4B (comparable perf) 4B ~2.5GB ~8 GB 4GB+ VRAM
Qwen3-8B (comparable perf) 8B ~5GB ~16 GB 8GB+ VRAM

Under 2GB at Q4 for 8B-class reasoning performance. That's PaddleOCR-VL territory — a model
small enough to run on hardware that most people would write off as too weak for Al.

The tradeoff is compute time. Four passes through the transformer stack means roughly 4x the
latency of a single-pass model at the same parameter count. A 2.6B model looping 4 times won't
be 4x slower than a 2.6B standard model (there are optimizations), but it won't be as fast either.
No published tok/s benchmarks exist yet.

How to Run Ouro Today

Ouro only runs through Python transformers right now. No Ollama, no llama.cpp, no GGUF.

pip install transformers==4.54.1 torch
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from transformers import AutoModelForCausallLM, AutoTokenizer

model = AutoModelForCausalLM.from_pretrained(
"ByteDance/Ouro-2.6B-Thinking",
device_map="auto",
torch_dtype="auto"

)

tokenizer = AutoTokenizer.from_pretrained(
"ByteDance/Ouro-2.6B-Thinking"

prompt = "Solve: What is the sum of all prime numbers less than 207"
inputs = tokenizer(prompt, return_tensors="pt").to(model.device)
outputs = model.generate(**inputs, max_new_tokens=2048)
print(tokenizer.decode(outputs[0], skip_special_tokens=True))

To adjust loop count (trade quality for speed):

from transformers import AutoConfig

config = AutoConfig.from_pretrained("ByteDance/Ouro-2.6B-Thinking")
config.total_ut_steps = 3 # fewer loops = faster, slightly less capable
model = AutoModelForCausalLM.from_pretrained(

"ByteDance/Ouro-2.6B-Thinking",

config=config,

device_map="auto"

Critical: Use transformers==4.54.1 or earlier. Version 4.56+ breaks the KV cache handling
because the looped architecture needs 4x the cache slots that standard models use. A
community fix exists ( scpalmetto/Ouro-2.6B-Thinking-Fixed on HuggingFace) for newer
transformers versions.

Why GGUF Doesn't Work

llama.cpp’s conversion script expects each layer to have unique weight tensors. Ouro reuses the
same weights across 4 passes — the converter doesn't know what to do with that. The adaptive
early exit mechanism has no equivalent in GGUF's static computation graph. There’s an open
discussion on the llama.cpp repo, but no implementation work has started.
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Until lama.cpp adds native support for looped architectures, Ouro stays in Python-only territory.
VLLM can run it but doesn’t support the adaptive exit — it always executes all 4 loops.

Honest Limitations

Before you get too excited:

* No Ollama/llama.cpp support. For most local Al users, if it doesn’t run in Ollama, it doesn't
exist yet. Python-only inference is a dealbreaker for daily use.

« Can't scale loops at inference. You're stuck with the loop count the model was trained for.
Cranking total_ut_steps to 8 makes performance worse, not better — AIME24 drops from
64.7 to 39.0.

+ Knowledge benchmarks lag. Ouro wins on reasoning but trails on knowledge-heavy tasks
like MMLU and HellaSwag. A 2.6B model simply stores less factual knowledge than an 8B,
regardless of how many loops it runs.

* No speed benchmarks published. We don’t know the actual tok/s compared to standard
models at equivalent quality.
+ Tiny community. ~6,700 downloads/month on HuggingFace. Compare that to millions for

Qwen and Llama models. Finding help when something breaks will be hard.

« Early research. One paper, one model family, one team. The results are promising but
unvalidated at scale.

Why This Architecture Matters Anyway

Even if you never run Ouro, the ideas behind it could reshape local Al.

Model scaling has historically had two axes: make the model bigger (more parameters) or train it
longer (more data). MoE added a twist — load more parameters but activate fewer. Ouro
establishes a third axis: recurrent depth. Same parameters, more compute passes.

If looping scales to larger models — say a 7B looped model matching a 30B dense model — that
changes the math for consumer hardware. A model that fits in 8GB VRAM performing like one
that needs 24GB? That's not incremental improvement. That's a category shift.

ByteDance has already published a follow-up paper (RLTT) showing that better RL training on
looped models can push MATH-500 scores up another 14.4% and GSM8K up 34.3%. The
architecture is still being optimized — these aren'’t final numbers.
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Keep Ouro on your radar. Not as a model to use today, but as the architecture that might make
your current GPU twice as capable next year.

=] Go deeper: Best Models Under 3B - What Can You Run on 4GB VRAM? - Model Formats
Explained - Beyond Transformers

Source: https://insiderllm.com/guides/ouro-2b-thinking-looped-language-model-local/
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