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The Educated Guess
DeepSeek's new "DSpark" system makes its AI answer up to 85% faster on the
exact same chips — by teaching it to guess several words ahead and only
double-check the guesses that matter.

By Ashok Murthy · IPNS Inc.

THE SETUP

Two ways to write an answer, one word at a time vs. several at once

WRITING ONE WORD AT A TIME

The quick brown fox jumps

over

Every single word requires a full, careful pass
through the entire model before the next word
can even be guessed at. Reliable, but slow —
and every word costs the same amount of
GPU time.

GUESS AHEAD, THEN CHECK

The quick brown fox jump

under

✓ ✓ ✓ ✓ ✗ jumps

✗ over

A fast, cheap "drafter" guesses six words at
once. One careful check confirms four are
exactly right, catches two mistakes, and fixes
them — all in roughly the time it used to take
to write one or two words.

DSpark is built on this second idea, called speculative decoding — but with two new tricks that make

the guesses better and the checking smarter.

Every time you ask an AI a question, it doesn't write the whole answer at once. It writes one

word, thinks, writes the next word, thinks again, and so on — hundreds or thousands of times

per answer. Each of those "thinks" means running the entire model again. That's a lot of

repeated, expensive work for something a person can type in a few seconds.

In late June 2026, DeepSeek released a system called DSpark — short for the paper

"Confidence-Scheduled Speculative Decoding with Semi-Autoregressive Generation" — that



attacks exactly this waste. It doesn't change how smart the AI is. It changes how efficiently the

AI's existing brainpower gets used to type out the answer. On DeepSeek's production model,

V4, it made answers appear 60–85% faster for each user, on the same hardware, with no

drop in answer quality. No new chips. No bigger model. Just a smarter way of generating text.

The old way: one careful word at a time

AI models like DeepSeek-V4 generate text the way a very careful writer might, if that writer

had to stop, think hard, and get a second opinion before committing to literally every single

word. This word-by-word approach is called autoregressive generation, and it's reliable —

but each word takes a full trip through a massive model, even short, obvious words like "the"

or "and." Multiply that by every word in every answer, for millions of users, and you get a

huge, ongoing GPU bill just to type words out one at a time.

The industry's existing fix for this is called speculative decoding: use a small, cheap

"drafter" model to guess several words ahead, then use the big, expensive model to check all

those guesses in one pass instead of one word at a time. If the guesses were good, you just got

several words for the price of one check. DeepSeek's prior system for this, called MTP-1,

already did a basic version of this. DSpark is a significantly better version of the same idea.

What DSpark actually adds

THE MECHANISM

Three upgrades over ordinary speculative decoding

1 A drafter that doesn't get worse the further it guesses

Most "guess ahead" drafters get less accurate the further out they guess — word six is a much shakier
guess than word two. DSpark's drafter combines a fast parallel guesser with a tiny, lightweight second
pass that adjusts each guess based on the word right before it. That small fix — noticing what was just
"said" — stops the guesses from decaying as the draft gets longer, so it's worth guessing further
ahead.



2 A "confidence score" for every guessed word

Instead of treating all guessed words the same, DSpark scores each one with how likely it is to survive
the real model's check. Well-calibrated confidence means the system knows, in advance, roughly how
many of its guesses will actually hold up — turning "hope this is right" into an actual, trustworthy
number.

3 A scheduler that reads the room

When the servers are quiet, DSpark double-checks more guessed words at once, because there's
spare capacity to spend. When traffic is heavy and every GPU cycle is precious, it checks fewer words
at a time, so no user gets stuck waiting behind an overly ambitious guess. The system adjusts itself
automatically to how busy the servers are right now.

None of this changes what the AI knows or how it reasons. It only changes how efficiently that reasoning gets

turned into typed-out words.

Does it actually work? The numbers

REPORTED RESULTS

Speed and accuracy gains DeepSeek reports for DSpark

V4-Flash, per-user speed 60–85%

V4-Pro, per-user speed 57–78%

Guess-accuracy, chat 46%→96%

Guess-accuracy, math 77%→93%

"Per-user speed" is how much faster an individual person's answer appears. "Guess-accuracy" is how often

DSpark's drafted words survive the real model's check, before vs. after DSpark's improvements — the "chat"

figure went from under half its guesses surviving to nearly all of them.



EXTRA COST TO THE MODEL

0%
Answer quality is unchanged — DSpark double-
checks every guess against the real model, so

nothing "fake" ever reaches the user.

RETRAINING REQUIRED

None
DSpark bolts a small draft module onto the existing

model. The big model itself doesn't need to be
retrained.

The important guardrail here is that DSpark is lossless: every guessed word is checked

against the real, full model before it's shown to anyone, using a statistical technique called

rejection sampling. If a guess is wrong, it's thrown out and replaced with what the real model

actually would have said. So the speedup is "free" in the sense that matters most — it doesn't

trade away accuracy to get faster.

So what does this actually say about "more compute
= more intelligence"?

It's worth being precise here, because DSpark answers a different question than the one

Silicon Valley usually argues about. The big "does compute equal intelligence" debate is

mostly about training: do you need more GPUs and more data to make a model smarter?

DSpark doesn't touch that question at all. It's a serving-time trick — it doesn't make

DeepSeek-V4 smarter, and it doesn't change how much compute was needed to train it.

"DSpark doesn't argue you need less compute to build a smart model. It argues you
need less compute to use one — and that's a quieter, but still very real, crack in the
'just buy more chips' logic."

What it does argue, convincingly, is a narrower and more defensible point: a chunk of the
GPU capacity the industry is racing to build is being wasted on an inefficient way

of typing out answers. If a clever scheduling and drafting system can pull 60–85% more

useful output out of the exact same chips, then some of the "we need more data centers"

pressure is really "we need to use our current data centers better." That's a real, if narrower,

challenge to the assumption that the only lever for serving more AI to more people is buying

more hardware.



WHERE THIS CONNECTS TO THE TRAINING-TIME DEBATE

DSpark sits alongside things like DeepSeek's earlier sparse-attention work (DSA) as part of a

pattern: DeepSeek has repeatedly found that a meaningful slice of AI's cost isn't fundamental

— it's a design choice in how the software runs on the hardware, and design choices can be

optimized. None of these tricks individually prove that scaling laws are wrong or that bigger

training runs stop mattering for pushing capability higher. But stacked together, they chip

away at the idea that spending is the only variable that matters — cost-per-answer is just as

real a competitive axis as capability-per-parameter.

And the same caution applies here as with any efficiency story: cheaper, faster answers tend to

increase how much people use an AI service, not decrease the total hardware the world needs.

A serving speedup like this is more likely to expand who can afford to deploy AI at scale than

to shrink total chip demand.

Closer to home: IPNS already bet on this shape

You don't have to look all the way to a Chinese AI lab to find this pattern. IPNS's own

AnticiPro — an agentic AI system built to help government caseworkers get faster answers

out of a large body of regulations and case records — runs on the same underlying idea as

DSpark. It just points the guess at a different target.

Where DSpark predicts the next few words in an answer, AnticiPro predicts the next question
a caseworker is likely to ask — before they ask it. Under the hood, the shape of the two

systems lines up almost component-for-component.

SAME SHAPE,  DIFFERENT TARGET

DSpark's word-guessing vs. AnticiPro's question-guessing

DSPARK (DEEPSEEK-V4) ANTICIPRO (IPNS)

Drafts several likely next words before the real
model is asked

Drafts several likely next questions before the
caseworker asks them

Two blended guessers: a fast parallel backbone +
a small sequential correction head

Two blended guessers: pattern-mining from past
sessions + an LLM reasoning about likely intent

Each drafted word gets a confidence score from a
dedicated confidence head

Each predicted question gets a confidence score,
filtered below a 0.5 threshold



Verifies drafted words against the real model in
one batched pass

Merges near-duplicate predicted questions using
embedding similarity, averaging their confidence

Load-aware scheduler: verifies more guesses
when the GPU is idle, fewer when busy

Load-aware queue: only spends compute on
speculative pre-fetching when system resources
allow, capped per cycle

Two teams, two different problems, no shared code — and they converged on the same "guess ahead, budget-

aware, then reconcile" shape anyway.

The one place they genuinely part ways matters more than the similarities, and it's worth

being upfront about it. DSpark's guesses have a ground truth to check against: the real model

verifies every drafted word before a user ever sees it, so a wrong guess costs nothing — it's

simply discarded and replaced. AnticiPro's guesses are about human intent, which has no

ground truth to check against. A confidence score there is an estimate, not a verified fact. If

AnticiPro pre-fetches for a question a caseworker never actually asks, that work isn't corrected

— it's just quietly wasted. Same shape, different stakes: DSpark's speculation buys a

guaranteed speedup; AnticiPro's speculation buys a probable one.

That distinction aside, it's a small but telling data point. IPNS arrived at the "speculate now,

verify or reconcile later, throttled by available capacity" pattern independently, for a

completely different domain and a completely different reason — not to save GPU-seconds on

a chatbot, but to save a caseworker's time. When two teams solving unrelated problems land

on the same structural answer without copying each other, that's usually a sign the pattern is

more fundamental than any one company's implementation of it.

What this means for you

If you're paying for AI inference at scale — running a chatbot, an agent, or any product

with real user traffic — the lesson is to ask your provider or your engineering team a specific

question: how much of our serving cost is model size, and how much is just an inefficient

decoding strategy? DSpark shows that gap can be worth 60–85%.

If you're evaluating AI infrastructure investments, treat "we need N more GPUs to

serve our users" claims with a little skepticism until someone has ruled out software-side

efficiency gains first. The honest version of that claim is "we need N more GPUs, given our

current decoding efficiency" — a number that keeps shrinking as techniques like this spread.



If you build AI products, this is a reminder that serving speed is itself a feature users

notice and reward, and it's one that a smaller team can meaningfully improve without needing

a bigger training budget or a bigger GPU order.

The real question

DSpark won't make headlines the way a smarter model does, because it doesn't make

DeepSeek-V4 answer harder questions — it just makes it answer faster, on the same

hardware, for less. That's a modest-sounding claim, but modest efficiency gains compound. If

a meaningful share of the world's projected AI chip demand turns out to be inefficient

decoding rather than a real need for more capability, the honest question for anyone planning

multi-billion-dollar infrastructure isn't just "how much compute will we need" — it's "how

much compute will we need if the software keeps getting smarter about how it spends what
we already have?"
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