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Inception Labs Launches Mercury AI at
700+ Tokens/Second—Matches GPT-4.1
Nano Performance While Outpacing
Commercial LLMs

A diffusion-based language model just hit 700+ tokens per second while matching GPT-4.1
Nano on benchmarks. The speed gap between diffusion and transformer architectures is
now a business problem, not a research curiosity.

The News: Inception Labs Ships Mercury

Inception Labs, a US-based AI startup, launched Mercury in late June 2025—the first
commercial-scale diffusion large language model to achieve performance parity with
leading compact models while operating at speeds that make current transformer
deployments look sluggish.

https://www.linkedin.com/pulse/ai-news-funding-updates-from-last-24-hours27th-june-2025-anshuman-jha-drfyc
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The numbers demand attention: Mercury processes over 700 tokens per second. For
context, most production LLM deployments measure their throughput in tens of tokens per
second, sometimes low hundreds at best. Mercury isn’t incrementally faster—it’s operating
in a different performance class entirely.

On quality benchmarks, Mercury matches both GPT-4.1 Nano and Claude 3.5 Haiku. These
aren’t cherry-picked metrics on narrow tasks. Inception Labs positioned Mercury directly
against the compact models that enterprises actually deploy for cost-sensitive, latency-
critical applications.

The model went publicly accessible via the company website and third-party platforms
immediately at launch. No waitlist, no enterprise-only preview period. This is a commercial
product shipping now, not a research preview with asterisks.

Why This Matters: The Economics of Inference Speed

Most technical discussions about LLM improvements focus on capability—can the model
reason better, write better code, handle longer contexts? Mercury forces a different
conversation: what happens when speed becomes the competitive moat?

The cost calculus shifts dramatically at 700+ tokens per second. Inference compute is
the dominant cost driver for production AI applications. A model that processes 10x more
tokens per second on equivalent hardware doesn’t just improve user experience—it drops
per-query costs by roughly an order of magnitude. For applications making millions of API
calls daily, this translates directly to margin.

User experience thresholds matter here. Research consistently shows that response
latency above 200 milliseconds degrades user perception of AI assistant quality,
independent of actual output quality. At 700 tokens per second, Mercury can generate a
200-token response in under 300 milliseconds. That’s approaching the latency profile
users expect from traditional software, not the “thinking” delays that characterize current
AI interactions.

The competitive landscape just compressed. OpenAI, Anthropic, and Google have built
their inference infrastructure around transformer architectures. They’ve invested billions in

https://www.crescendo.ai/news/latest-ai-news-and-developments-sept-to-dec-2025
https://www.crescendo.ai/news/latest-ai-news-and-developments-sept-to-dec-2025
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custom silicon, optimized serving frameworks, and distributed systems designed for the
specific computational patterns of attention-based models. Mercury’s diffusion
architecture suggests this infrastructure may be optimized for the wrong paradigm.

Who Wins

Real-time applications: Voice assistants, live coding tools, interactive agents, and
any use case where perceived latency kills engagement. These applications have
been bottlenecked by inference speed, not model quality.
High-volume API consumers: Companies making millions of LLM calls daily suddenly
have a path to dramatically lower unit economics without sacrificing quality.
Edge deployment scenarios: Faster inference often correlates with lower memory
bandwidth requirements. Diffusion models may prove more tractable for mobile and
embedded deployments.

Who Loses

Pure accuracy optimizers: Teams that spent 2024 chasing the last percentage
points on benchmark scores may find the market cares more about speed-quality
tradeoffs than absolute capability.
Custom transformer infrastructure: Organizations that built bespoke serving stacks
optimized for transformer attention patterns face potential stranded investment.
Premium pricing models: If speed becomes the differentiator and diffusion models
are inherently cheaper to serve, the current pricing structure for LLM APIs faces
pressure.

Technical Depth: How Diffusion LLMs Work

Understanding Mercury’s performance requires unpacking why diffusion architectures
behave differently from transformers at inference time.

Transformer Inference: The Sequential Bottleneck

Standard transformer LLMs generate text autoregressively—one token at a time, with each
token depending on all previous tokens. This creates a fundamental sequential
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dependency. Even with aggressive KV-cache optimization and speculative decoding tricks,
you cannot escape the O(n) forward passes required to generate n tokens.

The attention mechanism compounds this problem. Self-attention has quadratic
complexity in sequence length. Modern architectures mitigate this through various
optimizations (FlashAttention, sliding window attention, sparse attention patterns), but the
underlying computational structure remains expensive.

Hardware utilization suffers as a result. GPUs excel at parallel computation, but
autoregressive generation forces them into largely serial operation during inference. Typical
transformer serving achieves 20-40% GPU utilization during generation—an expensive
waste of silicon.

Diffusion Architecture: Parallel Generation

Diffusion models operate on a fundamentally different principle. Instead of generating
tokens sequentially, they generate entire sequences in parallel through iterative denoising.

The process works roughly as follows: start with pure noise in the sequence space, then
iteratively refine that noise toward coherent text. Each denoising step updates all positions
simultaneously. The number of denoising steps is fixed and independent of sequence
length.

The key insight: diffusion models pay a constant computational cost regardless
of output length, while transformers pay linear cost.

This architectural difference explains Mercury’s speed advantage. At 700 tokens per
second, Mercury likely uses 10-20 denoising steps to generate complete sequences in
parallel, rather than the 700 sequential forward passes a transformer would require.

Why Diffusion LLMs Were Previously Dismissed

Diffusion models achieved remarkable success in image generation (Stable Diffusion, DALL-
E, Midjourney), but early attempts at diffusion language models produced inferior results
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compared to transformers. The discrete nature of text—unlike the continuous pixel space
of images—created challenges for the smooth denoising process that diffusion relies upon.

Several research advances enabled Mercury’s parity with transformer models:

Discrete diffusion formulations: New mathematical frameworks for handling categorical
distributions in diffusion processes, rather than forcing text into continuous
representations.

Improved noise schedules: The denoising schedule—how quickly noise is removed at
each step—proved crucial for text quality. Recent work identified schedules that preserve
semantic coherence better than earlier approaches.

Conditional generation architectures: Integrating prompt conditioning into diffusion
models required different approaches than simple concatenation. Attention-based
conditioning mechanisms adapted from image diffusion improved controllability.

Training at scale: Like transformers, diffusion LLMs benefit from scale. Mercury appears to
be the first diffusion LLM trained at sufficient scale to achieve competitive quality, not just
proof-of-concept results.

Benchmark Reality Check

Mercury’s claimed parity with GPT-4.1 Nano and Claude 3.5 Haiku deserves scrutiny. These
are capable models, but they’re not frontier models. They’re the compact, cost-optimized
variants that enterprises deploy when they need cheap, fast, good-enough performance.

This positioning is strategically smart. Mercury isn’t trying to beat Claude 3.5 Opus or
GPT-4.5 on complex reasoning tasks. It’s targeting the high-volume, latency-sensitive
workloads where compact models already dominate—but doing so at dramatically higher
speeds.

The benchmark comparisons reported at launch focus on standard evaluation suites:
MMLU, HumanEval, GSM8K, and similar. These measure breadth of knowledge, coding
ability, and mathematical reasoning. Mercury reportedly matches or closely approaches
GPT-4.1 Nano and Claude 3.5 Haiku across these benchmarks.

https://www.youtube.com/watch?v=POBZjWyrYPg&vl=en-US


Inception Labs Launches Mercury AI at 700+
Tokens/Second—Matches GPT-4.1 Nano Performance While

Outpacing Commercial LLMs

www.arturmarkus.com | 6

What’s missing from the public reporting: long-context performance, instruction-following
on complex multi-step tasks, and adversarial robustness. Diffusion models may have
different failure modes than transformers, and the current benchmark suite may not
expose them.

The Contrarian Take: What the Coverage Gets Wrong

Most coverage of Mercury frames it as “diffusion vs. transformer”—a paradigm war where
one architecture will definitively win. This framing misses the more likely outcome: hybrid
systems that use different architectures for different stages of the generation pipeline.

The Overhyped Narrative

“Diffusion will replace transformers everywhere.” Unlikely. Transformers excel at certain
tasks that may prove difficult for diffusion architectures: precise instruction following,
structured output generation, and tasks requiring explicit step-by-step reasoning. The
autoregressive nature of transformers, while slow, provides a natural mechanism for
maintaining coherence across long chains of reasoning.

Mercury’s benchmarks focus on tasks where output quality can be evaluated
holistically—the entire response is judged, not the reasoning process. Tasks requiring
verifiable intermediate steps may favor transformer approaches.

“Speed automatically means better products.” Only for applications currently
bottlenecked by latency. Many LLM applications are bottlenecked by context limits,
reasoning depth, or integration complexity. For these applications, 700 tokens per second
delivers no marginal value over 100 tokens per second.

The Underhyped Angle

Diffusion models enable new application categories that were previously impossible.
Interactive fiction with genuine real-time response. Voice assistants that can participate in
natural conversation rhythm. Multiplayer AI experiences where latency would destroy
immersion.
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These applications weren’t just expensive before—they were architecturally infeasible. The
latency floor of transformer inference made them non-viable regardless of hardware
budget. Mercury doesn’t make these applications cheaper; it makes them possible for the
first time.

The training efficiency implications are significant. If diffusion models can achieve
comparable quality with different computational tradeoffs, training costs may also differ.
Inception Labs hasn’t disclosed training compute requirements, but diffusion architectures
have historically shown different scaling properties than transformers. There’s a plausible
path to cheaper model development, not just cheaper inference.

Hardware implications deserve attention. The optimal accelerator architecture for
diffusion inference differs from transformer inference. Diffusion models benefit more from
raw FLOPS and less from memory bandwidth optimization. This may advantage different
hardware configurations—potentially making inference viable on a broader range of
accelerators.

Practical Implications: What to Actually Do

For technical leaders evaluating Mercury and the broader implications of fast diffusion
models, here’s a concrete framework.

Immediate Actions (Next 30 Days)

Benchmark Mercury against your actual workloads. The model is publicly accessible
now. Don’t rely on published benchmarks—test on your specific use cases. Focus on: (1)
output quality on your prompt distribution, (2) latency under your expected load patterns,
(3) cost per query at your volume.

Create a simple A/B test harness that routes identical prompts to Mercury and your
current model (GPT-4.1 Nano, Claude 3.5 Haiku, or similar). Measure response quality
through automated evaluation and blind human assessment.

Audit your latency sensitivity. Not all applications benefit equally from faster inference.
Map your AI features against user latency expectations:
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Background processing (email drafting, document summarization): Latency
insensitive. Speed improvements matter only for cost.
Interactive chat: Moderately sensitive. First-token latency matters more than
generation speed.
Real-time assistance (code completion, voice): Highly sensitive. Total round-trip
under 200ms is the target.

Focus Mercury evaluation on your highest latency sensitivity applications.

Calculate the economics. If Mercury is 10x faster at equivalent quality, your inference cost
per query drops roughly 10x (assuming compute-dominated costs). Model that against
your current API spend. For organizations spending $50K+ monthly on LLM APIs, the savings
justify significant integration effort.

Medium-Term Positioning (60-180 Days)

Build abstraction layers that support model swapping. The LLM landscape is
fragmenting, not consolidating. Today it’s Mercury vs. GPT-4.1 Nano. In six months, there will
be more options. Architect your systems to swap underlying models without rewriting
application logic.

Key abstractions to implement:

Unified prompt formatting layer that handles model-specific templating
Response normalization that accounts for different output distributions
Fallback routing that gracefully handles model unavailability
Cost tracking that attributes spend to specific models and use cases

Invest in evaluation infrastructure. If you’re going to make model selection decisions
regularly, you need automated quality assessment. Build evaluation pipelines that can
score model outputs against your criteria within hours, not weeks.

This infrastructure pays dividends beyond Mercury evaluation. Every model update, every
new provider, every prompt engineering change—all require quality assessment. Build it
once, use it repeatedly.
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Reconsider applications you’ve shelved for latency reasons. Pull out the product ideas
that died because “inference is too slow.” Real-time AI collaboration features. Voice-first
interfaces. Interactive experiences that require genuine responsiveness. With 700+
token/second inference available, revisit feasibility assessments.

Architectures to Consider

Hybrid routing by task type. Use Mercury for speed-critical, quality-tolerant tasks. Use
frontier transformer models for complex reasoning tasks. Implement intelligent routing that
selects the appropriate model based on prompt characteristics.

Example implementation: A coding assistant that uses Mercury for autocomplete
suggestions (latency critical, short outputs) but routes to Claude 3.5 Sonnet for explain-
this-code requests (reasoning intensive, latency tolerant).

Speculative generation with verification. Use Mercury to generate candidate responses
rapidly, then use a slower, more capable model to verify or refine. This hybrid approach
may achieve better quality-latency tradeoffs than either model alone.

The pattern: Mercury generates multiple candidate completions in parallel (cheap and fast).
A transformer model scores or refines the best candidate (expensive but higher quality).
Total latency is dominated by the scoring step, but quality benefits from transformer
reasoning.

Streaming with parallel prefetch. For applications that display responses progressively,
generate the first tokens immediately for UI responsiveness, while prefetching likely
continuations in parallel. Mercury’s speed makes aggressive prefetching economically
viable.

Vendors to Watch

Inception Labs: Obviously. Their roadmap matters. If Mercury is a proof-of-concept for a
family of diffusion LLMs, expect larger and more capable variants. Watch for: enterprise API
availability, fine-tuning support, and on-premises deployment options.

Stability AI: Their expertise in diffusion models for images may translate to language. They
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have distribution channels and community adoption that Inception Labs lacks. A Stability-
backed diffusion LLM would immediately compete for market share.

Hardware vendors: NVIDIA’s dominance rests partly on transformer-optimized
architectures. If diffusion models change the optimal hardware configuration, AMD and Intel
have opportunities to capture share. Watch for benchmark comparisons across hardware
platforms.

The major labs: OpenAI, Anthropic, and Google have all published research on non-
autoregressive generation. They’re not blind to diffusion approaches. Expect competitive
responses—either hybrid architectures that incorporate diffusion elements, or aggressive
cost/speed optimization of transformer inference to close the gap.

Forward Look: The Next 6-12 Months

Mercury’s launch marks the beginning of a competitive cycle, not an endpoint. Here’s what
to expect.

Immediate Response (1-3 Months)

The major labs will accelerate their own fast inference initiatives. Expect announcements of
improved speculative decoding, better KV-cache optimization, and possibly hybrid
architectures that incorporate non-autoregressive elements.

OpenAI in particular has telegraph their interest in inference efficiency. GPT-4.1 Nano was
explicitly positioned for cost-sensitive applications. Mercury directly threatens that market
segment. A response is likely.

Market Segmentation (3-6 Months)

The LLM market will segment more explicitly by speed-quality tradeoff. Currently, models
are marketed primarily on capability benchmarks. Expect a new axis of competition: explicit
speed tiers with corresponding quality tradeoffs.

Pricing models will adapt. Per-token pricing makes less sense when token generation speed
varies by 10x across models. Expect experimentation with per-second pricing, quality-
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adjusted pricing, or outcome-based pricing models.

Architecture Convergence (6-12 Months)

The “diffusion vs. transformer” framing will give way to hybrid approaches. The most
capable systems will likely combine transformer-based reasoning with diffusion-based
generation, using each architecture where it excels.

Research on bridging the two paradigms will accelerate. Expect papers on: initializing
diffusion models from transformer outputs, using transformers to condition diffusion
generation, and unified architectures that can operate in either mode.

Hardware Evolution

If diffusion models capture significant market share, hardware roadmaps will adapt. The
next generation of AI accelerators may optimize for both inference patterns, or specialized
accelerators for each paradigm may emerge.

Cloud providers will need to offer diffusion-optimized instance types. The current GPU
instances are configured for transformer workloads. Diffusion models may prefer different
memory configurations, different interconnects, different batch sizes.

The Capability Question

The open question: can diffusion architectures scale to frontier capability levels, or is
Mercury’s positioning at the GPT-4.1 Nano tier an intrinsic limitation?

If diffusion models have a capability ceiling below transformer models, the market
segments cleanly: diffusion for speed-sensitive, good-enough applications; transformers
for complex reasoning. If diffusion models can scale to frontier capability, the competitive
dynamics become more existential for transformer-focused organizations.

Inception Labs’ next model release—likely in the 6-12 month window—will provide
significant evidence on this question. Watch the benchmarks carefully, particularly on tasks
requiring multi-step reasoning and long-context coherence.
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The Takeaway

Mercury represents the first serious commercial challenge to transformer dominance in
language models. The 700+ token/second speed at GPT-4.1 Nano quality isn’t a marginal
improvement—it’s a step-function change that enables new application categories and
threatens the unit economics of existing deployments.

The smart response isn’t to abandon transformers or go all-in on diffusion. It’s to build
systems that can leverage both paradigms, route intelligently based on task requirements,
and swap underlying models as the competitive landscape evolves.

The organizations that win the next phase of AI deployment will be those that treat
model selection as a continuous optimization problem, not a one-time architectural
decision.
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