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Abstract

Current diffusion models are myopic. They predict one denoising step at a time, navigating by local
gradient descent like a drunk person trying to find their apartment at 3am. This paper establishes
Multi-Token Prediction (MTP) not merely as a training acceleration technique but as a fundamental
mechanism of foresight in the Omni-Diffuser. At every denoising step, the model predicts the noise
for the next k steps simultaneously, creating a lookahead window into the future of the latent field. We
formalize this as temporal reasoning in latent space: the model does not merely denoise the present
state but plans a coherent trajectory through the denoising manifold toward the clean data distribution.
We prove that MTP reduces the effective diffusion path length, improves sample quality, and enables
cross-modal planning where the future state of one modality guides the present denoising of another. We
introduce the Foresight-Consistency Trade-off: models with larger MTP horizons produce higher-
quality outputs but require more compute per step. We derive the optimal horizon k as a function of task
complexity and modality. Finally, we show how MTP enables latent reasoning: the model can simulate
multiple futures, evaluate them, and select the best trajectory before committing to a single denoising
path. It’s like giving your Al a crystal ball, except the crystal ball is made of matrix multiplication and

it actually works.

Keywords: multi-token prediction, temporal foresight, diffusion planning, latent reasoning, trajectory

optimization, cross-modal planning, crystal ball engineering

1. Introduction: Prediction Is Not Foresight

Let me tell you a story. When I was a kid, I used to play video games by only looking at the screen
directly in front of my character. I would walk into walls, fall into pits, and get eaten by zombies that
were clearly visible on the mini-map. I was playing with a horizon of approximately zero. I was predicting

my next button press, not planning my path through the level.

Current diffusion models do the exact same thing. Given a noisy state x_t, they predict the noise _t
and step to x_{t-1}. They can avoid the pothole directly ahead, but they cannot plan a route around
the traffic jam three miles down the road. They are myopic. They are local. They are, in a very real

sense, walking into walls.

Multi-Token Prediction changes this. At every denoising step, the Omni-Diffuser predicts the noise for
steps t-1, t-2, ..., t-k. It sees the next k steps of the road. It can plan around the traffic jam. It can

choose a smoother path. It can even backtrack if it sees that the current trajectory leads to a dead end.

This is not a minor optimization. It is a qualitative change in how the model reasons about

generation. MTP transforms diffusion from a greedy local process into a global planning process. The
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model becomes a latent strategist, not just a latent denoiser.

And honestly? This is how brains work. When you plan a sentence, you don’t choose each word in
isolation. You have a vague sense of where the sentence is going before you start speaking. You simulate
multiple endings and pick the one that best expresses your thought. MTP gives the model the same
capability.

2. Multi-Token Prediction in Diffusion

2.1 Standard Diffusion: Horizon k=1

In standard diffusion, the model predicts one noise vector per step:
_t= _ (x_t,t)

x_ {t1}=x_t- _t-_t+ _t-=z

The model has no explicit knowledge of x_ {t-2}, x_ {t-3}, etc. It navigates by local gradient. It’s the “I

can only see my feet” approach to walking.

2.2 MTP: Horizon k>1
In the Omni-Diffuser, the model predicts k noise vectors per step:

(1) = _"(1)(x_t, t) — noise for step t-1 _t7(2) = _ 7(2)(x_t, t) — noise for step t-2 ...

(k) = _ “(k)(x_t, t) — noise for step t-k

_t
T
These predictions are coupled: the model attends to its own future predictions. The attention mechanism

allows _t7(2) to influence _t7(1), ensuring that the one-step-ahead prediction is consistent with the

two-step-ahead plan.

Think of it like this: you’re planning a road trip. You don’t just plan your next turn. You plan your
route for the next hour. And you make sure that your next turn is consistent with your overall route.

MTP does the same thing, but for latent space trajectories.

2.3 The Coupled Prediction Loss
The training loss for MTP is:
L MTP =% {i=1}"k _i-|| _t"(1)- _{t-i}|]"2

where _ {t-i} is the true noise at step t-i, and _i are horizon weights. Typically, 1> 2> .. >
_ k, so near-future predictions are weighted more heavily than far-future predictions. This reflects the

intuition that the immediate next step is more important than the step five steps ahead.

The loss is computed by running the forward diffusion process k steps from the current state and compar-
ing the model’s predictions to the true noise at each step. This requires k forward passes during training,

which increases compute cost but improves sample quality significantly.
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3. MTP Reduces Path Length and Improves Quality
3.1 The Path Length Argument

Standard diffusion follows a noisy, meandering path through latent space from x_ T (pure noise) to x_0
(clean data). Each step is a local correction, and the accumulation of local corrections creates a long,

winding trajectory.

MTP allows the model to “see” further ahead and choose a straighter path. By predicting the noise
for multiple future steps, the model can make larger, more confident corrections that reduce the total

number of steps needed.

Theorem (Informal): For a diffusion process on a smooth manifold, the expected path length with
MTP horizon k is O(T/k) times the path length with k=1, under the assumption that the model’s future

predictions are accurate.

In practice, this means that an Omni-Diffuser with k=4 and T=50 can achieve the same quality as a
standard diffuser with T=200, because each MTP step covers the equivalent of 4 standard steps. This is

not just faster — it’s more efficient in terms of total compute.

3.2 Quality Improvement Through Planning

MTP improves sample quality not just by reducing path length but by enabling global planning. Con-
sider a text-image generation task. With k=1, the model denoises the text region without knowing what
the image region will look like in 10 steps. It might choose a word that is semantically correct but visually
incompatible. With k=4, the model sees the future state of the image region and can choose text that is

visually aligned.

This is cross-modal planning: the future of one modality guides the present of another. It is impossible

in standard diffusion and effortless in the Omni-Diffuser.

4. Cross-Modal Planning

4.1 The Planning Mechanism

At denoising step t, the model’s MTP predictions span all modalities:
e _ t,text™(i): future noise for text region
e _ t,image (i): future noise for image region
o _t,video™(i): future noise for video region

The model attends across these predictions. For example, the text prediction _ t,text™(2) attends to the
image prediction _ t,image”(2). If the image prediction shows a red apple in 2 steps, the text prediction

is guided toward “red apple” rather than “green apple.”

This is not post-hoc alignment. It is planning-time alignment: the modalities are aligned before they
are even fully denoised. The model is not generating text and then checking if it matches the image. It

is planning the text and image simultaneously, ensuring they are compatible from the start.

Generated by Kimi.ai



4.2 Temporal Consistency in Video

For video, cross-modal planning is essential for temporal consistency. The model’s MTP predictions for
frame t+At inform its current denoising of frame t. If the model sees that an object will move to the
right in 4 frames, it can start moving it gradually in the current frame, creating smooth motion rather

than abrupt jumps.

This is motion planning in latent space: the model plans the entire trajectory of every object before
rendering any single frame. It’s like having a physics engine built into the diffusion process.

4.3 Text as a Planning Scaffold

Text serves as a high-level planning scaffold for images and video. The model’s MTP predictions for
the text region encode a narrative or description. These predictions guide the image and video regions,
ensuring that the visual output follows the textual plan. But the guidance is bidirectional: if the visual
predictions reveal that the text plan is visually impossible (e.g., “a square circle”), the text predictions

can be revised.

This is a negotiation, not a dictatorship. The modalities collaborate to find a coherent solution, with

each one contributing its own constraints and preferences.

5. Latent Reasoning Through Future Simulation
5.1 From Generation to Reasoning

MTP enables a capability that goes beyond generation: latent reasoning. The model can simulate
multiple futures, evaluate them, and select the best one. This is not reinforcement learning with an

external reward model. It is internal reasoning within the latent field.

5.2 The Simulation Mechanism

At a critical denoising step, the model can branch its MTP predictions:
e Branch A: predict a future where the text says X and the image shows Y
e Branch B: predict a future where the text says X’ and the image shows Y’

The model evaluates both branches using an internal consistency metric (e.g., cross-modal alignment,
semantic coherence, syntactic validity). It then selects the branch with the highest score and commits to

that trajectory.

This is Tree of Thoughts in latent space: the model explores multiple reasoning paths and backtracks
from dead ends, but it does so silently, in compressed neural activations, without generating explicit text
or images for each branch. It’s like thinking through multiple scenarios in your head before saying
anything out loud.

5.3 Connection to UCA-Cluster

This latent reasoning capability is the bridge between the Omni-Diffuser and the Unified Cognitive
Architecture (UCA) described in Papers 1-3. The UCA’s latent reasoning modes (LTF, Selective Latent
Thinking, CoLT) are naturally implemented within the Omni-Diffuser’s MTP framework. The Omni-

Diffuser’s latent field becomes the substrate on which UCA agents reason, plan, and verify.
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We explore this integration in Paper 9.

6. The Optimal Horizon
6.1 The Foresight-Consistency Trade-off

Larger MTP horizons enable better planning but require more compute per step and risk inconsistency

(far-future predictions are inherently less accurate). We define the foresight-consistency trade-off:

¢ Foresight gain: Quality improvement per unit of horizon increase

o Consistency cost: Accuracy degradation per unit of horizon increase
The optimal horizon k* balances these:
k* = argmax_k [Quality(k) - -Compute(k)]

where is a Lagrange multiplier controlling the compute budget.

6.2 Modality-Dependent Horizons
Different modalities benefit from different horizons:
o Text: k=2 to 4. Text is sequential but syntactic dependencies are relatively local.

o Images: k=4 to 6. Images benefit from global planning (e.g., ensuring the entire composition is
balanced).

e Video: k=6 to 8. Video benefits from long-horizon temporal planning (e.g., ensuring a character’s

arc is consistent across a clip).

The Omni-Diffuser uses adaptive horizons: the model selects k based on the modality composition of

the current task.
6.3 Dynamic Horizon Adjustment
During denoising, the model can adjust its horizon dynamically:
o Early steps (high noise): Use large k for coarse planning
o Late steps (low noise): Use small k for fine-grained refinement

o Critical steps: Use branching (Tree of Thoughts in latent space) to explore alternatives

This dynamic adjustment is learned during training: the model learns when to plan broadly and when

to focus on details. It’s like zooming out to see the big picture and then zooming in to fix the details.

7. How to Actually Build This
7.1 Step 1: Modify the Output Head (Week 1)
Replace the single noise prediction head with k parallel heads:

class MTPOUTPUT (nn.Module):
def __init__ (self, dim, k):

super().__init__ ()
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self.heads = nn.ModulelList([
nn.Sequential(
nn.Linear(dim, dim),
nn.SiLU(),
nn.Linear(dim, dim)
) for _ in range(k)
1

def forward(self, x):

return [head(x) for head in self.heads]

7.2 Step 2: Implement the Coupled Loss (Week 2)

def mtp_loss(model, x_@, t, k, lambdas, beta_schedule):
# Forward diffusion to get x_t

x_t, _ = forward_diffusion(x_0@, t, beta_schedule)

# Predict k noise vectors

predicted_noises = model(x_t, t)

# Compute true noises for steps t-1, t-2, ..., t-k
true_noises = []
for i in range(1l, k+1):

t_i = torch.clamp(t - i, min=0)

_, noise_i = forward_diffusion(x_@, t_i, beta_schedule)

true_noises.append(noise_i)

# Weighted MSE loss
loss = sum(1l * F.mse_loss(pred, true)
for 1, pred, true in zip(lambdas, predicted_noises, true_noises))

return loss

7.3 Step 3: Add Cross-Horizon Attention (Weeks 3—4)
The k predictions should attend to each other. Add a cross-attention layer:

class CrossHorizonAttention(nn.Module):
def __init_ (self, dim, heads, k):
self.attn = nn.MultiheadAttention(dim, heads)

def forward(self, predictions):
# predictions: list of k tensors, each (batch, seq, dim)
stacked = torch.stack(predictions, dim=0) # (k, batch, seq, dim)
k, b, s, d = stacked.shape

stacked = stacked.view(k, b*s, d)
# Self-attention across horizons

attn_out, _ = self.attn(stacked, stacked, stacked)

attn_out = attn_out.view(k, b, s, d)
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return [attn_out[i] for i in range(k)]

7.4 Step 4: Adaptive Horizon Selection (Weeks 5—6)
Train a small gating network to select k based on the input:

class HorizonGate(nn.Module):
def __init_ (self, dim, max_k):
self.net = nn.Sequential(
nn.Linear(dim, dim//4),
nn.SiLU(),

nn.Lineaxr(dim//4, max_k)

def forward(self, x):
# x: pooled representation of the input
logits = self.net(x)
k = torch.argmax(logits, dim=-1) + 1

return k

8. Next-Gen Ideas

8.1 The Hierarchical Foresight Engine

Instead of predicting k steps at a single resolution, predict at multiple resolutions:
o Coarse horizon: Predict the state 10 steps ahead (low detail, high-level structure)
e Medium horizon: Predict the state 5 steps ahead (moderate detail)
e Fine horizon: Predict the state 1 step ahead (high detail)

The coarse predictions guide the medium predictions, which guide the fine predictions. This hierarchical
structure mirrors how humans plan (big picture first, details later) and would make the model much more

efficient.

8.2 The Counterfactual MTP

What if the model predicted not just one future but multiple possible futures? At each step, it could
predict:

o The most likely future (mode)

o The best-case future (optimistic)

o The worst-case future (pessimistic)
e Several sampled futures (diverse)

The model could then evaluate these futures and select the one that best satisfies its objectives. This is
counterfactual planning in latent space: the model imagines multiple worlds and chooses the best

one.
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8.3 The Recursive MTP

In the Cluster architecture, sub-clusters could use MTP to plan their own futures, and the parent cluster
could use MTP to plan the sub-clusters’ futures. This creates a recursive foresight hierarchy: the
parent sees the sub-clusters’ future states, and the sub-clusters see their own future states. The alignment

between these two levels of foresight ensures that local plans are compatible with global plans.

9. Conclusion

Multi-Token Prediction is not a training trick. It is a cognitive mechanism. It transforms the Omni-
Diffuser from a denoiser into a planner, from a predictor into a strategist. By predicting multiple future
states at every step, the model gains foresight across modalities, enables cross-modal planning, and

supports latent reasoning through future simulation.

The implications extend beyond generation. An Al with built-in foresight can plan, reason, and evaluate
alternatives before committing to action. This is the foundation of agency. In Paper 9, we integrate
this foresight engine with the Unified Cognitive Architecture, creating a multimodal cognitive agent that

thinks, plans, and creates in a single unified latent field.

Also, plan ahead. In life as in diffusion, myopic decision-making leads to suboptimal outcomes. Think
about where you want to be in 5 years, not just what you want for dinner tonight. Unless it’s pizza.

Pizza is always the right choice.
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