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ABSTRACT

Diffusion large language models (dLLMs) are trained to denoise randomly
masked sequences, yet in practice, they are commonly decoded by progres-
sively unmasking tokens in order of model confidence. Consequently, the mask-
ing patterns used in supervised fine-tuning (SFT) often diverge from those en-
countered during inference, resulting in suboptimal training signals. We pro-
pose Context-sensitivity Aware Trajectory Sampling (CATS), which constructs
inference-aligned training trajectories directly from ground-truth targets. We use
an initial model to iteratively categorize ground-truth tokens into groups based on
how much context the model needs to confidently predict each one. By training
on trajectories sampled in this order, the model learns masking patterns closer to
what it would actually produce during inference. Across Sudoku, Countdown, and
Trip Planning, our approach outperforms standard SFT, yielding accuracy gains
across diverse settings. These findings demonstrate that aligning training trajecto-
ries with inference-time unmasking enables more reliable SFT of dLLMs.

1 INTRODUCTION
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Figure 1: Main results. Accuracy of SFT and SFT with CATS (ours) on Sudoku, Countdown, and
Trip Planning. SFT with CATS outperforms SFT on average across all tasks.

In contrast to autoregressive (AR) large language models (LLMs) that generate tokens sequentially
from left to right, diffusion LLMs (dLLMs) (Nie et al., 2025; Ye et al., 2025b) begin with a fully
masked sequence and incrementally unmask tokens in non-AR order. Because each revealed token
serves as context for subsequent predictions, the unmasking order directly affects the difficulty of the
remaining predictions. Most dLLMs employ confidence-guided decoding, prioritizing the unmask-
ing of high-confidence tokens. Recent studies (Kang et al., 2025; Gong et al., 2025) demonstrate
that this unmasking order substantially affects reasoning and planning performance.

However, supervised fine-tuning (SFT) of dLLMs is typically performed using a random forward
process that uniformly masks token positions (Nie et al., 2025; Ye et al., 2025b). As a result, many
masking patterns encountered during SFT may be misaligned with those arising at inference-time
under confidence-guided decoding (Kim et al., 2025a), leading to suboptimal training signals. For
instance, trivially predictable tokens can often be recovered with minimal context, whereas task-
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Figure 2: Overview. (Left) We categorize tokens into groups by context-sensitivity, which measures
how much context each token requires for prediction. (Right) During training, we sample unmasking
trajectories that reveal tokens in group order, ranging from context-insensitive to context-sensitive.

critical tokens in reasoning and planning may remain uncertain until the surrounding structure is
restored. Thus, training should prioritize masked sequences that mimic inference-time behavior:
resolving trivial tokens early and progressively revealing more difficult ones.

Previous research has looked at token-level noise scheduling and loss reweighting to address this gap
(see Appendix A for more details). However, none of these approaches change the forward masking
process itself to match inference-time trajectories. A common solution is to obtain inference-aligned
trajectories via model rollouts (He et al., 2025; Kim et al., 2025b). Since these rollouts often diverge
from ground-truth targets, they are incompatible with standard SFT and require reward-based meth-
ods like rejection fine-tuning (Yuan et al., 2023) or reinforcement learning (RL). Most prior work on
training-inference mismatch in dLLMs has focused on RL-based solutions (He et al., 2025), while
inference-aligned SFT with ground-truth supervision remains largely underexplored.

To address this, we introduce Context-sensitivity Aware Trajectory Sampling (CATS), a method that
constructs inference-aligned training trajectories from ground-truth SFT targets without requiring
expensive rollouts. The key idea is to iteratively categorize ground-truth tokens into ordered groups
based on how much context the initial model needs to confidently predict each one. Training trajec-
tories are then sampled in this order, so the model learns masking patterns closer to inference-time
behavior while retaining ground-truth supervision (Figure 2). We mix these trajectories with stan-
dard random masking to maintain robustness.

In Sudoku (Zhao et al., 2025), Countdown (Ye et al., 2025a), and Trip Planning (Zheng et al., 2024),
this mixed training approach outperforms standard SFT across diverse settings. Specifically, em-
ploying a 50:50 random-to-ordered mix increases average accuracy from 56.1% to 57.6% (+1.5%p)
as summarized in Figure 1.

We make the following contributions:

• We identify a misalignment between training and inference in SFT for dLLMs.
• We propose Context-sensitivity Aware Trajectory Sampling (CATS), a lightweight method for

inference-aligned SFT (Section 2).
• We show consistent gains over standard SFT on reasoning and planning benchmarks (Section 3).

2 METHOD

2.1 GROUPING BY CONTEXT-SENSITIVITY

Let (x, y) denote an input–output pair, where y = (y1, . . . , yL) is the target token sequence of length
L over vocabulary V . We consider masked dLLMs that operate on sequences containing a special
[MASK] token. Given a partially masked state z ∈ (V ∪ {[MASK]})L, the model produces token
distributions pθ(· | x, z, j) over vocabulary items for each masked position j.
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Confidence-gated correctness We build groups using a fixed initial model Minitial with parameters
θinitial. For each masked position j in the current state z, define the model’s top-1 prediction ŷj and
its confidence cj :

ŷj = argmax
v∈V

pθinitial(v | x, z, j)

cj = pθinitial(ŷj | x, z, j)

A masked position j is deemed solvable if

ŷj = yj and cj ≥ γ. (1)

The group threshold γ ∈ [0, 1] controls the granularity of the resulting groups: a permissive setting
(low γ) yields fewer but larger groups, while a conservative setting (high γ) restricts groups to only
the most confident predictions, resulting in finer-grained groups and more frequent fallback steps.

Iterative group construction We construct an ordered list of disjoint groups G0, G1, . . . , GK−1

such that
⋃

k Gk = {1, . . . , L}, where lower-indexed groups contain more context-insensitive tokens
and higher-indexed groups contain more context-sensitive ones. We initialize z(0) by masking all
target positions. At iteration k, let M(k) be the set of currently masked positions in z(k). We
compute the solvable set

S(k)(γ) = {j ∈M(k) : j satisfies Equation 1}.

If S(k)(γ) is non-empty, we set Gk = S(k)(γ) and unmask these positions to the ground truth:
z
(k+1)
j ← yj for all j ∈ Gk. See Algorithm 1 for the complete group construction procedure.

If S(k)(γ) is empty, no position is both correct and confident under the current context. To guarantee
progress, we take a fallback step and select the single position whose ground-truth token receives
the highest probability:

j⋆ = argmax
j∈M(k)

pθinitial(yj | x, z(k), j). (2)

We then set Gk = {j⋆} and unmask that position to yj⋆ . This fallback rule yields a well-defined
partition even when the initial model cannot confidently solve any remaining token.

2.2 TRAINING

Group-ordered forward process Given ordered groups (G0, G1, . . . , GK−1) from Section 2.1,
we define a forward process that corrupts the target y into a masked state z(t) by masking tokens
in reverse group order. Context-sensitive tokens are masked first and context-insensitive tokens last,
so the noised states mirror what the model encounters at inference-time using confidence-guided
unmasking. Let mt be the number of positions to mask at noise level t. We mask every token in
GK−1, then GK−2, and so on until the cumulative count reaches mt. The last group partially or
fully affected by this process is the boundary group, denoted by the index k∗. All groups G>k∗

are fully masked and the remaining rt = mt −
∑

i>k∗ |Gi| positions are sampled uniformly from
Gk∗ without replacement. Groups below the boundary stay unmasked. See Algorithm 2 for the
pseudocode.

Mixing Group-based and Random Forward Processes At inference-time, the model’s unmask-
ing trajectory will not exactly follow the group trajectories, and errors can accumulate through de-
coding steps. For robustness, we mix the group-based forward process with a random forward
process. Each training sample uses the group-based process with probability α (group selection
ratio), and the random forward process otherwise.

The model is trained with the standard masked-token cross-entropy loss over positions inM(z) (see
Appendix D.1 for the full objective). We construct groups using Minitial and a fixed γ for the training
dataset. During SFT, masked states z are drawn by reusing these groups and sampling intra-group
permutations on the fly.
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Table 1: Evaluation results on Sudoku, Countdown, and Trip Planning. For CATS, γ=0.0 and
α=0.5 are used.

Sudoku Countdown Trip Plan. Average

Few Shots 1.0 17.6 30.3 16.3
SFT 89.0 27.7 51.7 56.1
GIFT 84.8 25.8 44.0 51.5
CATS 89.4 28.5 54.8 57.6
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Figure 3: Effect of trajectory mixing α and group granularity γ. Performance of CATS relative
to standard SFT (dotted horizontal line at α = 0) across all group selection ratio α and group
threshold γ configurations. Mixing trajectories consistently improves robustness, with intermediate
γ values yielding the greatest stability.

3 EXPERIMENTS

Setup We compare against three baselines: few-shot prompting of the initial model without
any fine-tuning, standard SFT with uniform random masking, and GIFT (Xu et al., 2025), which
reweights the loss based on per-token entropy. We include GIFT as the closest prior work target-
ing the training-inference gap in dLLM SFT, albeit through loss reweighting rather than trajectory
restructuring. GIFT was originally evaluated on instruction-tuning data; we apply it to downstream
tasks under the same optimization setup. We evaluate on Sudoku, Countdown, and Trip Planning,
which require global constraint satisfaction, strong token interdependence, and sensitivity to gen-
eration order (Ye et al., 2025b; Zhao et al., 2025; Ye et al., 2025a; Kang et al., 2025) 1. Unless
otherwise stated, models decode by unmasking the single most confident token per step (b=1). We
report the highest accuracy for each configuration after sweeping over learning rates and training
steps. Details on dataset characteristics and hyperparameters are provided in Appendix E.

Results Figure 1 and Table 1 show that CATS improves over standard SFT, particularly on Trip
Planning. At α=0.5 and γ=0.0, the average accuracy improves from 56.1% to 57.6% (+1.5%p).
This advantage stems from directly aligning training with the model’s inference-time decoding be-
havior, rather than relying on static token-level reweighting. The gains are also preserved under
parallel decoding (b=2, 4; see Appendix F). Full results across γ values and sub-tasks are provided
in Tables 5 to 8.

Figure 3 summarizes the performance across all γ and α configurations. Relying solely on group-
ordered trajectories (α=1.0) degrades accuracy across nearly all γ values, so mixing in random
masking remains necessary. Meanwhile, intermediate γ gives the most stable gains.

4 CONCLUSION

We propose CATS, a method that constructs inference-aligned training trajectories for dLLM SFT
from ground-truth targets. By grouping tokens based on the initial model’s context-sensitivity, our
approach bridges the training-inference gap without the need for rollouts or reward-based methods.
Across a range of benchmarks, CATS improves average accuracy over standard SFT by 1.5%p.

1Math/code benchmarks are excluded because small-scale SFT can degrade performance in domains already
well covered during pretraining.
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A RELATED WORK

Masked diffusion language models (Sahoo et al., 2024; Shi et al., 2024) are typically trained us-
ing a random forward masking schedule, where token positions are uniformly masked, and the
model is optimized to recover the original sequence from the masked input. However, such random
schedules may not provide optimal supervision for learning the backward unmasking process. Dif-
fusionBERT (He et al., 2023) and InfoDiffusion (Wang et al., 2023) introduce token-aware forward
diffusion processes that adjust each token’s noise level based on corpus-level statistics (e.g., infor-
mation entropy). While such token-level metrics may suffice for pre-training, they are ill-suited for
SFT, particularly when the model must acquire specific reasoning or planning capabilities, because
they do not account for trajectory-level dependencies during progressive unmasking. GIFT (Xu
et al., 2025) introduces an importance-aware SFT strategy that assigns entropy-based token impor-
tance weights, so that high-uncertainty tokens receive stronger training signals during SFT. Although
GIFT also aims to bridge the training-inference gap, it operates at the loss-weighting level without
restructuring the forward masking process itself. In contrast, our approach directly aligns the train-
ing trajectory with the model’s intrinsic decoding behavior by reordering which tokens are masked
and revealed during training.

Concurrent work Seed Diffusion (Song et al., 2025) is an early attempt at trajectory-aware post-
training for diffusion LLMs, but its algorithmic details are not publicly available. Meanwhile,
d3LLM (Qian et al., 2026) proposes pseudo-trajectory distillation based on the teacher model’s
own decoding trajectories, which are not aligned with ground-truth generation paths. In contrast, we
construct ground-truth-aligned trajectories for SFT. Moreover, while d3LLM primarily targets faster
inference, our focus is on improving accuracy.

B LIMITATIONS

CATS constructs groups from the initial model once before training, so the context-sensitivity es-
timates remain static and may become stale as the model improves. Additionally, group-ordered
trajectories alone (α=1.0) degrade accuracy, requiring mixing with random masking and tuning of
the additional hyperparameter α. Finally, we evaluate on three reasoning and planning benchmarks;
generalization to other domains remains to be verified.

C FUTURE WORK

Our current approach constructs groups from the initial model only once before training begins.
A natural extension is to re-collect groups at intermediate checkpoints so that context-sensitivity
estimates can evolve with the model during training.

Although we focus on SFT, CATS is also applicable to pre-training. One possible direction is to
begin with random masking and gradually increase the group selection ratio during training, while
iteratively constructing groups from the current checkpoint so that the forward process adapts with
the model’s predictions.

D DETAILS OF CATS

D.1 TRAINING OBJECTIVE

Given a sampled masked state z and the corresponding ground-truth tokens at masked positions, we
apply the standard token-level denoising loss used in discrete diffusion SFT:

L(θ) = E(x,y)∼D,z∼qmix(·|x,y)

 ∑
j∈M(z)

− log pθ(yj | x, z, j)

 , (3)

where qmix denotes the mixture of random and group-ordered forward processes andM(z) is the set
of masked positions in state z.
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D.2 INTERPRETATION OF GROUP CONSTRUCTION

By construction, groups are ordered from context-insensitive to context-sensitive positions: G0 con-
tains tokens solvable with minimal context, and later groups contain tokens that become solvable
only after earlier groups are revealed. In practice, trivial suffix regions (e.g., [PAD]) tend to appear
in early groups, while content-bearing and constraint-critical tokens are deferred.

D.3 ALGORITHMS

The detailed procedures for group construction and trajectory sampling are provided in Algorithm 1
and Algorithm 2, respectively.

Algorithm 1: Group Collection via Confidence-Gated Correctness
Input: Input x, target sequence y = (y1, . . . , yL), initial model Minitial with θinitial, group

threshold γ
Output: Ordered disjoint groups (G0, . . . , GK−1) such that

⋃
k Gk = {1, . . . , L}

Initialize z(0) ← ([MASK], . . . ,[MASK]);
k ← 0;
while ∃ j ∈ {1, . . . , L} : z(k)j = [MASK] do
M(k) ← {j ∈ {1, . . . , L} : z(k)j = [MASK]};
foreach j ∈M(k) do

ŷj ← argmaxv∈V pθinitial(v | x, z(k), j);
cj ← pθinitial(ŷj | x, z(k), j);

S(k)(γ)← {j ∈M(k) : ŷj = yj ∧ cj ≥ γ} ; // Eq. 1

if S(k)(γ) ̸= ∅ then
Gk ← S(k)(γ);

else
j⋆ ← argmaxj∈M(k) pθinitial(yj | x, z(k), j) ; // Eq. 2
Gk ← {j⋆};

foreach j ∈ Gk do
z
(k+1)
j ← yj ; // teacher-forced unmasking

k ← k + 1;
return (G0, . . . , Gk−1);

E DETAILS OF EXPERIMENTS

E.1 TRAINING SETUP

Tasks We evaluate on three representative benchmarks for discrete diffusion reasoning and plan-
ning: (i) Sudoku (4×4) (Zhao et al., 2025), which requires filling a partially specified grid under
row/column/subgrid constraints; (ii) Countdown (N3–N5) (Ye et al., 2025a), which requires com-
posing arithmetic operations over given operands to reach a target; and (iii) Trip Planning (TP3–
TP5) (Zheng et al., 2024; Ye et al., 2025b), which requires constructing a feasible multi-day itinerary
under flight connectivity and duration constraints. We follow the standard evaluation protocols pro-
vided by prior work and report task accuracy (exact-match correctness). Correctness is deterministic
in all cases, and these benchmarks are standard in prior works (Ye et al., 2025b; Kang et al., 2025).

Models and training We use the same initial diffusion language model, Dream 7B Instruct (Ye
et al., 2025b), for all methods and benchmarks. SFT (α = 0.0) denotes standard supervised fine-
tuning using only the random forward noising process. CATS fine-tunes the same initial model using
a mixture of random and group-ordered forward processes; we denote the group selection ratio by
α (e.g., CATS with α = 0.25). Groups are collected once using Minitial with a group threshold γ,

8
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Algorithm 2: Forward Process with Context-sensitivity Aware Trajectory Sampling
Input: Input x, target sequence y = (y1, . . . , yL), timestep t, # tokens to mask mt, ordered

disjoint groups (G0, . . . , GK−1)
Output: Noised target sequence z for timestep t
Initialize z ← (y1, . . . , yL);

for k ← 0 to K − 1 do
sk ←

∑K−1
i=k+1 |Gi| ; // # tokens in strictly-later groups

// Find boundary group k s.t. sk ≤ mt < sk + |Gk|;
k ← 0;
while k < K − 1 and sk > mt do

k ← k + 1;

// Sample additional mask positions inside Gk;
n← mt − sk;
if n > 0 then

P ← UNIFORMSAMPLE(Gk, n) ; // sample n distinct indices from Gk

else
P ← ∅;

// Mask selected positions: all later groups + sampled subset in Gk;

foreach i ∈
(⋃K−1

j=k+1 Gj

)
∪ P do

zi ← [MASK];
return z;

and are then used to sample trajectories during SFT. GIFT (Xu et al., 2025) is trained with the same
optimization setup described above (learning rate sweep, training steps).

Optimization For each setting, we train for 1000 steps and consider learning rates in
{1e−5, 2e−5, 5e−5}. We evaluate every 200 steps and report the best-performing checkpoint for
each method and benchmark. Table 2 summarizes the common training hyperparameters.

Table 2: Common training hyperparameters used across all experiments.

Hyperparameter Value

Effective batch size 64
Batch size per GPU 8
Number of GPUs 8

LoRA rank 32
LoRA α 32
LoRA target modules q, k, v, o, up, down, gate

β (Adam) 0.9, 0.95
Weight decay 0.01
Warmup ratio 0.1
Learning rate scheduler Constant

Computing infrastructure All experiments are conducted on a single node equipped with eight
NVIDIA A100 80GB GPUs. Each 1000-step training run takes approximately one hour, and eval-
uating five checkpoints requires a similar duration. Group construction takes 30–60 minutes per
dataset. Including all hyperparameter sweeps, the total compute budget across 100+ runs is approx-
imately 800 A100 GPU-hours.

Software and licenses We build on the official Dream codebase (Ye et al., 2025b) with Hugging-
Face Transformers (Wolf et al., 2020) and PEFT (Mangrulkar et al., 2022) for LoRA fine-tuning, and
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Table 3: Evaluation results with b = 2, 4. For CATS, γ = 0.0 and α = 0.5 are used.

b Sudoku Countdown Trip Plan. Average

SFT 2 86.2 30.9 51.5 56.2
CATS 2 88.4 27.3 57.3 57.4

SFT 4 78.8 28.8 48.3 52.0
CATS 4 79.2 26.3 55.0 53.5

evaluate with a customized fork of lm-eval (Gao et al., 2024). Dream 7B Instruct and all datasets
(Sudoku (Zhao et al., 2025), Countdown (Ye et al., 2025a), Trip Planning (Ye et al., 2025b)) are
released under the Apache-2.0 license.

Group threshold When constructing groups, we mark a masked position as solvable only if the
initial model’s top-1 prediction matches the ground truth and its confidence is at least γ ∈ [0, 1];
otherwise, it is treated as unsolved. We sweep γ ∈ {0.0, 0.3, 0.5, 0.7, 0.9} to study how γ affects
downstream training.

E.2 EVALUATION SETUP

Generation length For each benchmark, we choose the generation length to exceed the maximum
ground-truth completion length while minimizing padding for shorter samples. Concretely, we set
the generation length to 32 for Sudoku, 64 for Countdown N3/4/5, 128 for Trip Planning N3, and
192 for Trip Planning N4/5.

Decoding strategy At each decoding step, the b most confident masked tokens are unmasked
simultaneously. Our default setting is b=1 (one-by-one decoding), which keeps evaluation deter-
ministic and keeps the decoding cost identical across methods. We additionally evaluate b=2, 4 to
measure robustness under parallel decoding (Table 3).

Few-shot evaluation For few-shot evaluation on initial models, we use 8-shot prompting for Su-
doku and all Countdown tasks, and 3-shot prompting for all Trip Planning tasks.

F PARALLEL DECODING RESULTS

We evaluate parallel decoding with b = 2, 4 tokens unmasked per step. The gains from CATS
are largely preserved under parallel decoding, with consistent improvements on Sudoku and Trip
Planning.

G COMPLETE EVALUATION RESULTS

We report the evaluation results for all sub-tasks in Sudoku, Countdown, and Trip Planning, across
all γ and α values. Bold and underline indicate the best and the second-best results, respectively.

Table 4: Evaluation results on Sudoku, Countdown, and Trip Planning with γ = 0.0.

α Sudoku CD3 CD4 CD5 TP3 TP4 TP5

Few Shots N/A 1.0 43.6 8.4 0.9 55.5 23.5 12.0
SFT 0.0 89.0 65.5 15.2 2.5 80.0 47.5 27.5
GIFT N/A 84.8 68.2 7.7 1.5 74.0 37.5 20.5
CATS 0.25 88.4 69.8 12.3 2.3 83.5 47.5 28.5
CATS 0.5 89.4 71.9 11.6 1.9 82.5 54.0 28.0
CATS 0.75 89.0 73.6 14.0 2.3 78.0 49.5 25.0
CATS 1.0 88.6 76.0 11.2 0.6 78.0 48.0 21.5
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Table 5: Evaluation results on Sudoku, Countdown, and Trip Planning with γ = 0.3.

α Sudoku CD3 CD4 CD5 TP3 TP4 TP5

Few Shots N/A 1.0 43.6 8.4 0.9 55.5 23.5 12.0
SFT 0.0 89.0 65.5 15.2 2.5 80.0 47.5 27.5
GIFT N/A 84.8 68.2 7.7 1.5 74.0 37.5 20.5
CATS 0.25 91.0 71.0 13.0 2.3 82.0 47.0 26.5
CATS 0.5 88.8 73.7 12.4 2.6 81.0 45.5 27.5
CATS 0.75 90.0 76.0 11.4 1.6 78.0 41.5 23.5
CATS 1.0 88.6 67.6 9.2 1.0 70.5 31.0 20.0

Table 6: Evaluation results on Sudoku, Countdown, and Trip Planning with γ = 0.5.

α Sudoku CD3 CD4 CD5 TP3 TP4 TP5

Few Shots N/A 1.0 43.6 8.4 0.9 55.5 23.5 12.0
SFT 0.0 89.0 65.5 15.2 2.5 80.0 47.5 27.5
GIFT N/A 84.8 68.2 7.7 1.5 74.0 37.5 20.5
CATS 0.25 89.8 71.7 13.8 2.2 80.5 49.0 27.5
CATS 0.5 89.8 74.2 12.3 2.3 82.0 43.0 29.0
CATS 0.75 89.6 75.5 14.2 1.9 79.5 45.0 25.0
CATS 1.0 88.6 63.9 6.8 2.1 75.5 37.0 20.0

Table 7: Evaluation results on Sudoku, Countdown, and Trip Planning with γ = 0.7.

α Sudoku CD3 CD4 CD5 TP3 TP4 TP5

Few Shots N/A 1.0 43.6 8.4 0.9 55.5 23.5 12.0
SFT 0.0 89.0 65.5 15.2 2.5 80.0 47.5 27.5
GIFT N/A 84.8 68.2 7.7 1.5 74.0 37.5 20.5
CATS 0.25 89.6 70.5 13.3 2.5 80.5 49.5 29.5
CATS 0.5 88.8 77.5 12.0 2.7 77.5 45.5 27.0
CATS 0.75 89.6 76.2 14.2 2.4 76.5 42.5 24.5
CATS 1.0 89.0 71.4 10.1 1.7 76.0 36.5 19.0

Table 8: Evaluation results on Sudoku, Countdown, and Trip Planning with γ = 0.9.

α Sudoku CD3 CD4 CD5 TP3 TP4 TP5

Few Shots N/A 1.0 43.6 8.4 0.9 55.5 23.5 12.0
SFT 0.0 89.0 65.5 15.2 2.5 80.0 47.5 27.5
GIFT N/A 84.8 68.2 7.7 1.5 74.0 37.5 20.5
CATS 0.25 89.2 71.9 12.9 2.5 79.5 49.0 28.5
CATS 0.5 89.2 74.9 14.9 2.7 76.5 43.5 24.5
CATS 0.75 89.6 74.1 12.3 2.6 76.5 44.0 24.0
CATS 1.0 88.0 59.7 9.3 2.2 74.0 36.0 22.0

H BENCHMARK EXAMPLES

Table 9: A sample question and response pair for Sudoku

Question Fill the positions where the values are 0 in a 4x4 grid with digits 1-4 so that
each column, each row, and each of the four 2x2 subgrids that compose the
grid contains all of the digits from 1 to 4.
Puzzle: 0321003004002100

Response 4321123434122143

Table 10: A sample question and response pair for Countdown N3

Question Given 4 numbers, use +-*/ to operate over the first 3 numbers to achieve the
last number.
Numbers: 44,2,54,64

Response 2*54=108,108-44=64
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Table 11: A sample question and response pair for Trip Planning N3

Question You plan to visit 3 European cities for 14 days in total. You only take direct
flights to commute between cities. You would like to visit Florence for 6 days.
You want to meet a friend in Florence between day 9 and day 14. You would
like to visit Barcelona for 5 days. You would like to visit Helsinki for 5 days.
Here are the cities that have direct flights: Barcelona and Florence, Helsinki
and Barcelona.
Find a trip plan of visiting the cities for 14 days by taking direct flights to
commute between them.

Response Here is the trip plan for visiting the 3 European cities for 14 days:
**Day 1-5:** Arriving in Helsinki and visit Helsinki for 5 days.
**Day 5:** Fly from Helsinki to Barcelona.
**Day 5-9:** Visit Barcelona for 5 days.
**Day 9:** Fly from Barcelona to Florence.
**Day 9-14:** Visit Florence for 6 days.
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